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Introduction

Welcome to the 2026 Widening NLP (WiNLP) Workshop!

We are delighted to present this year’s proceedings and to welcome our community to another edition
of Widening NLP. The workshop provides a space for researchers from underrepresented backgrounds to
share their work, exchange ideas, and build connections across the Natural Language Processing (NLP)
community.

Widening NLP grew out of a conversation at ACL 2016 in Berlin, where a small group of resear-
chers came together to discuss the underrepresentation of women and other minorities in NLP. That
conversation led to the inaugural Workshop for Women and Underrepresented Minorities in NLP at ACL
2017. Since then, the workshop has continued to evolve, guided by the conviction that a stronger NLP
community depends on making room for a wider range of voices, experiences, and perspectives.

This commitment has shaped both the scope and the structure of the workshop. Following the inaugu-
ral event, we introduced two submission deadlines, including an early deadline to give authors additional
time for visa applications. In 2019, we broadened our emphasis on diversity to encompass scientific
and disciplinary backgrounds, educational pathways, training, and career stages. We also introduced
a peer feedback system, allowing authors to receive constructive input from colleagues before formal
review. Together, these efforts have sought to reduce barriers to participation and create a supportive
environment for sharing research.

The 2026 program continues this tradition. This year, WiNLP places particular emphasis on acces-
sibility and disability inclusion. We also continue to welcome researchers from diverse scientific and
disciplinary backgrounds and training pathways, as well as research on underrepresented languages. We
received 67 submissions and accepted 16 archival and 9 non-archival papers.

We thank our authors, reviewers, invited speakers, panelists, and participants for the time, care, and
expertise they have contributed to this workshop. We hope that the research and conversations shared here
will inspire new ideas, strengthen collaborations, and support continued efforts toward a more inclusive
and welcoming NLP community.

-Chen, Emily, Meryem, Peerat, Richard, Santosh, Surendrabikram, Yinqiao, Organizing Co-Chairs
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Abstract

We investigate how the amount of fine-tuned
capacity affects zero-shot cross-lingual transfer
for named entity recognition (NER). Training
exclusively on English WikiANN and evalu-
ating on 14 typologically diverse target lan-
guages, we find a consistent inverted-U pattern:
cross-lingual transfer is worst at both ends of
the parameter-efficiency spectrum. Full fine-
tuning, which updates all parameters, transfers
worst overall and collapses on non-Latin-script
languages, while the most parameter-efficient
methods, (IA)3 and prefix tuning, also under-
perform. Methods with an intermediate number
of trainable parameters (Low-Rank Adaptation
(LoRA; Hu et al., 2022) and Houlsby adapters)
transfer best, with LoRA outperforming full
fine-tuning by roughly 7 F1 points on aver-
age and by over 10 points on languages such
as Chinese and Japanese. We find the same
inverted-U shape within LoRA alone: a sweep
over ranks shows cross-lingual transfer peaking
at an intermediate rank, distinct from the higher
rank that maximises in-language English per-
formance, revealing a rank–transfer tradeoff.
We also examine, and do not find clean sup-
port for, the common assumption that better
preservation of cross-lingual representational
alignment explains PEFT’s transfer benefits:
the method that best preserves a standard align-
ment measure transfers worst, while LoRA’s
larger alignment shift coincides with its best
transfer. Given known limitations of this align-
ment measure, we present this as a preliminary,
metric-dependent observation that motivates
further analysis with more robust alignment
metrics, rather than a settled claim.

1 Introduction

Cross-lingual transfer from high-resource to low-
resource languages is a central challenge in mul-
tilingual NLP (Pires et al., 2019; Wu and Dredze,
2019). A standard approach fine-tunes a multilin-
gual pre-trained model on a source language and

evaluates zero-shot on target languages (Conneau
et al., 2020). Full fine-tuning updates every weight
in the model and is known to cause catastrophic
forgetting (McCloskey and Cohen, 1989) of mul-
tilingual structure, degrading transfer especially
to typologically and orthographically distant lan-
guages.

Parameter-efficient fine-tuning (PEFT) meth-
ods, including LoRA (Hu et al., 2022), Houlsby
adapters (Houlsby et al., 2019), (IA)3 (Liu et al.,
2022), and prefix tuning (Li and Liang, 2021), up-
date only a small fraction of parameters and are
often motivated as a way to preserve multilingual
structure during fine-tuning (Ansell et al., 2022;
Üstün et al., 2022). This suggests a natural hypoth-
esis: the fewer parameters a method updates, the
better it should preserve cross-lingual transfer. Our
results complicate this picture in two ways.

First, transfer does not improve monotonically
as fine-tuned capacity shrinks. Across five methods
spanning nearly the full parameter-efficiency spec-
trum, we observe an inverted-U: full fine-tuning
(100% of parameters) transfers worst, the most
parameter-efficient methods, (IA)3 and prefix tun-
ing, also underperform, and two methods with
an intermediate number of trainable parameters,
LoRA and Houlsby adapters, transfer best. We find
the identical pattern within LoRA alone: sweeping
the rank r, which controls how many parameters
LoRA updates (a lower r means fewer trainable pa-
rameters and a more constrained, more parameter-
efficient update, while a higher r allows a richer but
less constrained one), shows cross-lingual transfer
rising with r up to a point and then declining, at
a lower rank than the one that maximises English-
only performance.

Second, we ask whether a standard proxy for
“preserving multilingual structure” (cosine similar-
ity between source- and target-language representa-
tions) actually predicts this pattern. It does not: the
method with the smallest average change in this
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measure, prefix tuning, has the worst transfer, while
LoRA, which shows the largest change, has the
best. Taken at face value, this would suggest that
methods which perturb representations more are,
if anything, more transfer-preserving: the opposite
of what the alignment-preservation motivation for
PEFT would predict. However, mean-pooled co-
sine similarity is known to be a coarse, anisotropy-
confounded proxy for cross-lingual structure (Cai
et al., 2021; Vulić et al., 2020), so we treat this
second finding as suggestive rather than conclusive,
and offer a subspace-based hypothesis (§4.3, Ap-
pendix A) for why a method could shift this metric
substantially while still preserving the narrower set
of directions that matter for the NER task.

We study both patterns on WikiANN (Pan et al.,
2017) (15 languages, 9 language families) using
XLM-RoBERTa base (Conneau et al., 2020). Our
contributions are:

• A controlled, three-seed comparison of five
fine-tuning methods spanning the parameter-
efficiency spectrum, showing a consistent
inverted-U relationship with zero-shot cross-
lingual NER transfer;

• A rank sweep over LoRA (r ∈ {1, . . . , 768})
showing the same inverted-U shape within a
single method, with the optimal rank for cross-
lingual transfer lower than the optimal rank
for the English source language;

• A preliminary examination of whether repre-
sentational alignment (via mean-pooled co-
sine similarity) explains these patterns, find-
ing that it does not straightforwardly, along
with a subspace-decomposition account for
why a coarse alignment metric may be a poor
predictor of task-relevant transfer.

2 Background and Related Work

PEFT for cross-lingual transfer. Prior work mo-
tivates PEFT as beneficial for cross-lingual transfer
by limiting how much a fine-tuning step can dis-
turb pretrained multilingual representations: Üstün
et al. (2022) found Houlsby adapters outperform
full fine-tuning for low-resource dependency pars-
ing transfer, and Pfeiffer et al. (2020) proposed
MAD-X, which composes language- and task-
specific adapters to keep cross-lingual represen-
tations largely intact. Ansell et al. (2022) pursue
a similar goal via composable sparse fine-tuning.
These works establish that some PEFT methods

outperform full fine-tuning cross-lingually, but do
not compare across a range of parameter bud-
gets or examine whether increasingly parameter-
efficient methods keep improving transfer. Lialin
et al. (2023) and Chen et al. (2022) study how
LoRA’s rank affects performance, but in mono-
lingual settings; we are not aware of prior work
characterising a rank–transfer tradeoff specifically
for cross-lingual transfer. Yadav (2026) report
related evidence of representational collapse in
code-mixed generation, consistent with the idea
that both too much and too little constraint on
fine-tuning can distort multilingual representations.
BitFit (Zaken et al., 2022), Compacter (Mahabadi
et al., 2021), and AdaLoRA (Zhang et al., 2023)
occupy additional points on the PEFT parameter-
efficiency spectrum; AdaLoRA’s rank-pruning ob-
jective, which adaptively reallocates rank across
layers, is a natural comparison against our fixed-
rank sweep (§5).

Representational alignment and its limitations.
A common way to quantify how much fine-tuning
disturbs cross-lingual structure is mean-pooled co-
sine similarity between source- and target-language
sentence representations (Wu et al., 2020; Zhao
et al., 2021). This measure has known weaknesses,
however: retrieval-based metrics such as BLI preci-
sion@1 and CSLS (Conneau et al., 2018) correlate
more reliably with downstream cross-lingual per-
formance (Vulić et al., 2020; Ravishankar et al.,
2019), and CKA (Kornblith et al., 2019) is more ro-
bust to isotropic scaling. Most importantly for our
analysis, Cai et al. (2021) show that mean-pooled
cosine similarity is confounded by representation
anisotropy, so a high similarity score can reflect a
general “cone collapse” of the representation space
rather than genuine cross-lingual alignment. We
use mean-pooled cosine similarity in §4.3 for direct
comparability with this prior work, but given these
confounds, we treat any conclusions drawn from it
as preliminary (see Limitations).

3 Experimental Setup

Model and data. We fine-tune the pretrained
XLM-R base checkpoint (Conneau et al., 2020)
(125M parameters; this checkpoint has not been
previously fine-tuned on any NER data) on the En-
glish portion of WikiANN (Pan et al., 2017) (entity
types PER, ORG, LOC) and evaluate zero-shot,
with no target-language supervision, on 14 addi-
tional languages: ES, FR, DE, ZH, AR, HI, RU,
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JA, FI, SW, TR, KO, NL, VI, spanning 9 language
families and 5 writing scripts.

Fine-tuning methods. We compare five meth-
ods that update different amounts of the underlying
model, presented from most to least trainable pa-
rameters. Full fine-tuning updates every weight
matrix in the model directly. LoRA (Hu et al.,
2022) instead freezes a pretrained weight matrix
W0 ∈ Rd×k (with d and k the input and output
dimensions of a given projection) and learns a low-
rank update:

W = W0 +BA,

B ∈ Rd×r, A ∈ Rr×k, r ≪ min(d, k)
(1)

The rank r is a hyperparameter that controls how
many parameters LoRA updates: a lower r means
fewer trainable parameters (a more constrained,
more parameter-efficient update), while a higher
r allows a richer, less constrained update that ap-
proaches full fine-tuning as r → min(d, k). We
apply LoRA to the query and value projections of
all 12 attention layers (r=16, α=32, dropout 0.1;
0.60M trainable parameters, 0.47% of the model).
Key and feed-forward projections are frozen; layer-
wise ablations are underway (§5).

Houlsby adapters (Houlsby et al., 2019) insert
bottleneck modules after both the self-attention and
feed-forward sub-layers in all 12 layers, transform-
ing a hidden state h ∈ Rd as:

h′ = h+Wup σ(Wdn h), (2)

with Wdn ∈ Rb×d, Wup ∈ Rd×b, bottleneck di-
mension b=64, and σ the GeLU nonlinearity. (IA)3
(Liu et al., 2022) rescales hidden states element-
wise (h′ = l⊙ h, l∈Rd) on keys, values, and feed-
forward intermediates in all 12 layers (0.030M
trainable parameters, 0.024%). Prefix tuning (Li
and Liang, 2021) prepends m=10 trainable tokens
to each layer’s key/value attention while keeping
all original weights frozen.

Training details. All methods are trained with
AdamW (Loshchilov and Hutter, 2019), a 10%
warmup schedule, weight decay 0.01, for 3 epochs
with batch size 32. We select the learning rate per
method based on English validation F1: 2×10−4

for full fine-tuning, LoRA, and Houlsby adapters;
3×10−3 for (IA)3; 1×10−2 for prefix tuning. All
results are reported as mean±std over three random
seeds ({42, 123, 456}); we use n=3 throughout to
refer to this seed count. Significance is assessed

with paired t-tests (df= 2) per language; given the
exploratory scope and small n, we do not apply a
multiple-comparison correction, and we treat sig-
nificance at this sample size as suggestive rather
than confirmatory.

Alignment measurement. Following Wu et al.
(2020), for each target language L we compute
alignment as the mean cosine similarity between
ℓ2-normalised, mean-pooled representations of
N=1,000 FLORES-200 (NLLB Team et al., 2022)
devtest sentence pairs (the same sample is used for
every method). For each sentence, we mean-pool
the final transformer layer’s hidden states over non-
padding tokens, then ℓ2-normalise; we use only
this final layer throughout, so no per-layer index is
needed. Writing hEN

i and hL
i for the resulting repre-

sentations of the i-th sentence pair (i = 1, . . . , N )
in English and language L:

Align(L) = 1

N

N∑

i=1

hEN
i · hL

i

∥hEN
i ∥ ∥hL

i ∥
(3)

We define alignment degradation as ∆L =
Alignbase(L) − Alignft(L), where Alignbase(L)
is computed on the pretrained model before any
fine-tuning and Alignft(L) after fine-tuning with
a given method. Under this definition, ∆L > 0
indicates that fine-tuning reduced alignment rela-
tive to the pretrained model, so a larger ∆L means
worse preservation, and a value near 0 means align-
ment was essentially unchanged. No anisotropy
correction is applied; absolute alignment values
near 0.99 are expected under this uncorrected mea-
sure (Wu et al., 2020), and we only interpret the
relative ∆L across methods, not its absolute magni-
tude. Adapter alignment measurement is ongoing
and excluded from Table 3.

4 Results

4.1 Main Transfer Results: A
Parameter-Efficiency Sweet Spot

Table 1 reports span-level F1. Ordering the five
methods by how many parameters they update
(full fine-tuning (100%) > Houlsby adapters >
LoRA (0.47%) > (IA)3 (0.024%) > prefix tuning),
mean cross-lingual F1 traces an inverted U rather
than a monotonic trend: full fine-tuning transfers
worst (51.8%), performance rises through Houlsby
adapters (58.6%) and peaks at LoRA (58.9%, a
∼ 7.1 pp gap over full fine-tuning), then falls again
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L Fam. FT Adp LoRA IA3 Pfx

en Gmc 80.5 77.3 76.2 75.9 74.7

es Rom 62.2 69.2 69.9 65.4 61.9
fr Rom 71.1 72.7 73.0 70.4 65.6
de† Gmc 67.3 71.3 71.2 70.1 66.0
nl† Gmc 75.1 76.7 76.8 76.4 72.6
ru Slv 55.4 58.6 58.0 57.0 46.3

fi† Ura 70.1 72.0 71.4 71.9 66.9
sw N-C 62.0 66.5 66.8 63.6 62.3
tr† Trk 61.6 70.6 72.6 70.4 61.3
vi A-A 60.9 63.0 65.5 60.2 60.6

zh† S-T 13.1 26.1 26.9 21.5 19.6
ar Sem 31.5 42.1 42.6 48.6 39.4
hi† Ind 52.5 64.8 61.8 62.2 57.9
ja† Jpn 10.2 20.2 21.4 16.4 14.6
ko† Kor 32.7 46.3 46.1 46.4 41.0

Avg — 51.8 58.6 58.9 57.2 52.6

Table 1: Span-level F1 (%) on WikiANN zero-shot NER,
mean over 3 seeds (full std in Appendix C). † = LoRA
significantly outperforms full FT (p<0.05). The 0.3 pp
LoRA–adapter gap is not statistically significant. Bold
= best per row. Fam.: Gmc Germanic, Rom Romance,
Slv Slavic, Ura Uralic, N-C Niger-Congo, Trk Turkic,
A-A Austroasiatic, S-T Sino-Tibetan, Sem Semitic, Ind
Indic, Jpn Japonic, Kor Koreanic.

through (IA)3 (57.2%) to prefix tuning, the second-
worst (52.6%). LoRA significantly outperforms
full fine-tuning (p<0.05, paired t-test) in 8 of the
14 target languages, concentrated in typologically
distant and non-Latin-script languages. The gap
between LoRA and Houlsby adapters (0.3 pp) is
small relative to seed variance and not significant
at n=3.

Full fine-tuning collapses most severely on
non-Latin-script languages: Chinese reaches
only 13.1±3.6% F1 under full fine-tuning ver-
sus 26.9±0.5% under LoRA, and Japanese only
10.2±2.4% versus 21.4±1.3%. Full fine-tuning’s
high variance relative to LoRA’s stability on
these languages suggests a high-variance, low-
performance regime produced by unconstrained
updates interacting with scripts that are less repre-
sented during pretraining.

This advantage is not limited to non-Latin
scripts, however: Turkish, which uses the Latin
script but is morphologically rich and typologi-
cally distant from English (agglutinative morphol-
ogy, flexible word order), shows one of the largest
gaps between LoRA and full fine-tuning (72.6%
vs. 61.6%, +11.0 pp). This suggests the collapse
under full parameter updates tracks typological dis-
tance more broadly, not simply script mismatch,

a distinction we did not draw clearly in an earlier
draft, which grouped Turkish together with Chi-
nese and Japanese under a single “script-distant”
label.

At the other end of the spectrum, (IA)3, despite
updating far fewer parameters than LoRA, outper-
forms LoRA on Arabic and Hindi, suggesting that
for some language families, rescaling-only updates
preserve relevant features about as well as, or bet-
ter than, a low-rank update. Houlsby adapters are
the most stable method overall (average std ±0.74)
and outperform LoRA on Hindi (64.8 vs. 61.8).

4.2 A Rank–Transfer Tradeoff Within LoRA

If the inverted-U pattern above reflects fine-tuned
capacity broadly, rather than something specific
to comparing different methods, the same shape
should appear when varying capacity within a
single method. Figure 1 shows English and
cross-lingual F1 as a function of LoRA rank
r ∈ {1, 2, 4, 8, 16, 32, 64, 128, 256, 512, 768}, to-
gether with the corresponding trainable parameter
count on a secondary axis. Both F1 curves rise
together up to r=64; beyond that point they di-
verge. English F1 continues rising to its maximum
at r=768 (81.3%), the highest-capacity setting we
test, while cross-lingual F1 peaks earlier, at r=256
(61.2%), and then declines:

r∗EN = argmax
r

FEN(r) = 768

r∗xling = argmax
r

Fxling(r) = 256
(4)

This mirrors §4.1: just as the highest-capacity
method (full fine-tuning) transfers worse than an
intermediate-capacity one (LoRA), the highest-
rank LoRA setting transfers worse than an interme-
diate rank. The decline beyond r=256 is concen-
trated in the same typologically distant languages
implicated above: at r=768, Arabic falls from 50.6
(at r=8) to 39.4, and Chinese falls from 31.1 (at
r=256) to 23.1, the same failure pattern seen in full
fine-tuning. Full numeric results across all eleven
ranks are provided in Appendix B (Table 4); Ta-
ble 5 confirms the decline is consistent across seeds
for four representative ranks, not a single-run arte-
fact, with per-rank standard deviations (≤0.8 pp)
well below the 2.5 pp gap between r=256 and
r=768 (Fig. 1).

Practically, this means the rank that is best for the
source language is not the rank that is best for cross-
lingual transfer: a practitioner tuning LoRA rank
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Figure 1: EN F1 and average cross-lingual F1 vs.
LoRA rank r (log2 scale). Diamonds mark the op-
tima (r∗xling=256, r∗EN=768). Error bars (±1 std over 3
seeds; Table 5) are shown at the four seed-verified ranks;
the r=256-to-r=768 cross-lingual decline exceeds this
seed variability. The trainable parameter count (Table 4)
grows monotonically with rank, making clear that the
cross-lingual optimum is not the highest-capacity set-
ting available.

purely on English validation performance would
select r=768 and lose 2.5 points of cross-lingual
F1 relative to r=256.

4.3 Does Representational Alignment Explain
This Pattern?

A natural explanation for the inverted-U in §4.1
would be that intermediate-capacity methods better
preserve cross-lingual representational alignment,
and that this preserved alignment is what drives
better transfer. Table 2 tests this directly using
the mean-pooled cosine alignment measure from
§3 (we report full fine-tuning, LoRA, (IA)3, and
prefix tuning; Houlsby adapter alignment is not yet
computed, see Limitations).

Method ∆̄↓ Xling F1↑
Prefix 0.005 52.6
(IA)3 0.038 57.2
Full FT 0.055 51.8
LoRA 0.061 58.9

↓=better preserved ↑=better transfer

Table 2: Alignment degradation vs. cross-lingual trans-
fer, averaged across languages.

This explanation does not hold cleanly. If any-
thing, alignment preservation and transfer are in-
versely related across these four methods: pre-
fix tuning preserves alignment almost perfectly
(∆̄=0.005) yet has the second-worst transfer, while
LoRA shows the largest average shift (∆̄=0.061)
yet transfers best. Table 3 (per-language) shows
this holds language by language, including for Chi-
nese, where LoRA shifts alignment more than full

fine-tuning does (0.075 vs. 0.048) while still out-
performing it by 13.7 pp in F1.

Lang FT LoRA IA3 Pfx

es .038 .045 .046 .003
fr .030 .050 .037 .003
de .048 .050 .032 .004
zh .048 .075 .042 .005
ar .074 .064 .047 .007
hi .075 .063 .037 .007
ru .035 .063 .031 .005
ja .065 .069 .035 .005
fi .065 .067 .037 .006
sw .074 .072 .046 .006
tr .082 .064 .037 .006
ko .082 .069 .037 .007
nl .026 .046 .036 .004
vi .035 .054 .028 .005

Avg ∆̄ .055 .061 .038 .005

Table 3: Alignment degradation ∆L (Eq. 3). Adapter
scores not yet computed. Lower = better preserved. No
anisotropy correction; see §2–3.

We do not read this as evidence that dis-
turbing representational alignment helps transfer.
Mean-pooled cosine similarity is a coarse, whole-
representation measure known to be confounded
by representation anisotropy: a change in this score
can reflect a broad rotation or rescaling of the
representation space that has little to do with the
narrower set of directions a downstream task ac-
tually relies on (Cai et al., 2021). Appendix A
sketches one way this could happen: if a method’s
update is concentrated outside the task-relevant
subspace, it can shift mean-pooled cosine sub-
stantially while leaving task-relevant directions
largely intact: LoRA’s low-rank update is a nat-
ural candidate, since by construction it can only
act within an r-dimensional subspace of the repre-
sentation space. Conversely, a method that freezes
all weights (prefix tuning) trivially preserves the
whole-representation measure but also cannot re-
route task-relevant directions if they need adjusting.

We want to be careful about how much weight
this analysis can bear. Because our alignment mea-
sure has known limitations, we cannot rule out
that a more targeted metric (CKA restricted to task-
relevant directions, or retrieval-based measures like
CSLS) would show a relationship more consistent
with the standard alignment-preservation account.
We therefore present this analysis as a preliminary,
metric-dependent observation and a motivation for
the subspace hypothesis in Appendix A, rather than
as a robust finding that alignment preservation is
unrelated to, or actively harmful for, transfer.
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5 Discussion

Practical guidance. For cross-lingual NER with
XLM-R base, our results suggest treating pa-
rameter efficiency as a dial with a sweet spot,
rather than a scale where “more efficient is al-
ways safer”: both full fine-tuning and the most
parameter-efficient methods we test underperform
intermediate-capacity methods. Within LoRA
specifically, rank r ∈ [32, 256] gives the best trans-
fer, with r ≤ 64 preferable when the deployment
targets typologically distant languages such as Chi-
nese, Japanese, Korean, or Turkish, where the gap
between LoRA and full fine-tuning is largest and
most stable. Houlsby adapters are a reasonable
alternative when rank tuning is impractical, given
their stability across languages (58.6% average, std
±0.74).

Limitations. Our central inverted-U finding rests
on five methods and one encoder (XLM-R base)
with English as the sole source language; whether
it holds for larger encoders, decoder-only models,
or other source languages is future work. Because
LoRA, Houlsby adapters, (IA)3, prefix tuning, and
full fine-tuning differ in where and how they mod-
ify the model (Eq. 1, Eq. 2), not only in how many
parameters they update, our comparison confounds
trainable-parameter count with adaptation architec-
ture, and parameter count alone cannot be iden-
tified as the sole driver of the inverted-U pattern.
WikiANN is silver-annotated, and we plan to val-
idate our main comparison on MultiCoNER and
UNER v2. Adapter alignment scores are not yet
computed. Most importantly, our alignment analy-
sis (§4.3) relies on mean-pooled cosine similarity,
a measure we ourselves note is confounded by rep-
resentation anisotropy and less predictive of down-
stream transfer than retrieval-based or CKA-based
alternatives; we chose it for direct comparability
with prior work using the same measure (Wu et al.,
2020), but this means our alignment-related con-
clusions should be read as tentative and specific
to this metric, not as a general claim about the
relationship between representational alignment
and cross-lingual transfer. We do not evaluate Bit-
Fit, Compacter, or AdaLoRA; AdaLoRA’s rank-
pruning mechanism is a natural point of compari-
son against our fixed-rank sweep.

Future work. Layer-wise ablations (zeroing
LoRA’s update per layer and measuring the result-
ing drop in cross-lingual F1) are underway; pre-

liminary results suggest layers 0–5 carry dispro-
portionate transfer signal for typologically distant
languages, which would directly test the subspace
hypothesis in Appendix A. We plan to compute
CKA restricted to task-relevant directions (Korn-
blith et al., 2019) and retrieval-based diagnostics
(CSLS, BLI P@1; Vulić et al., 2020; Conneau et al.,
2018) to assess whether a more targeted alignment
measure better predicts the inverted-U pattern than
mean-pooled cosine similarity, and we will extend
all alignment measurements to adapters.

6 Conclusion

We present a controlled, five-way comparison
of fine-tuning methods spanning the parameter-
efficiency spectrum for zero-shot cross-lingual
NER across 14 languages. Rather than transfer
improving monotonically as fine-tuned capacity
shrinks, we find an inverted-U: full fine-tuning
and the most parameter-efficient methods, (IA)3

and prefix tuning, both underperform intermediate-
capacity methods (LoRA, Houlsby adapters), with
LoRA significantly outperforming full fine-tuning
in 8 of 14 languages, especially typologically and
orthographically distant ones. A rank sweep shows
the same shape within LoRA alone, revealing a
rank–transfer tradeoff in which the rank that max-
imises English performance is not the rank that
maximises cross-lingual transfer. We additionally
examine, using a standard but limited alignment
metric, whether representational alignment preser-
vation explains this pattern, and find that it does not
straightforwardly, a preliminary result we discuss
cautiously given the metric’s known confounds,
alongside a subspace-based hypothesis for recon-
ciling it with the main inverted-U finding.
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Arzucan Özgür. 2022. UDapter: Language adapta-
tion for truly Universal dependency parsing. In Pro-
ceedings of the 2022 Conference on Empirical Meth-
ods in Natural Language Processing, pages 7302–
7315. Association for Computational Linguistics.
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Roi Reichart, Anna Korhonen, and Hinrich Schütze.
2021. A closer look at few-shot crosslingual trans-
fer: The choice of shots matters. arXiv preprint
arXiv:2012.15682.

Chen Zhu, Renkun Ni, Zheng Xu, Kezhi Kong,
W. Ronny Huang, and Tom Goldstein. 2021. Gra-
dInit: Learning to initialize neural networks for stable
and efficient training. In Advances in Neural Infor-
mation Processing Systems, volume 34.

A A Subspace Account of the
Alignment–Transfer Relationship

We sketch why a method’s effect on global cosine
alignment need not track its effect on cross-lingual
task performance, and how this could be consistent
with the inverted-U pattern in §4.1–§4.2.

Setup. Let fθ : X → Rd be the encoder. Parti-
tion the representation space as Rd = Sτ ⊕ S⊥τ ,
where Sτ is the task-relevant subspace (directions
encoding entity-boundary features shared across
languages) and S⊥τ its complement. Any hidden
state decomposes as h = hτ + h⊥.

Update decomposition. A weight update ∆W
acts as h 7→ h+∆Wh. Decomposing:

∆Wh = ∆Whτ︸ ︷︷ ︸
task subsp.

+ ∆Wh⊥︸ ︷︷ ︸
orth. compl.

(5)

Too little capacity: prefix tuning. All original
weights are frozen (∆W=0), so ∆

pfx
L ≈ 0 (ob-

served: ∆̄=0.005):

∆
pfx
L = Alignbase(L)−Alignpfx(L) ≈ 0. (6)

Soft prompts modulate attention but cannot directly
re-route directions within Sτ if the task requires
it, consistent with prefix tuning’s weak transfer
despite near-perfect alignment preservation.

Too much capacity: full fine-tuning. Under an
isotropy assumption (Zhu et al., 2021), the ex-
pected interference of an unconstrained update with
the task subspace scales as:

E
[
∥ΠSτ∆W∥2F

]
∝ dim(Sτ )

d
(7)

An unconstrained, full-rank update has no built-in
mechanism preventing it from acting on Sτ , giving
it more opportunity to disturb task-relevant direc-
tions than a rank-constrained update.

An intermediate regime: LoRA. From Eq. (1),
∆W = BA has rank r, so ∆Wh lies in a sub-
space of dimension at most r ≪ d:

∆Wh ∈ col(B), dim
(
col(B)

)
≤ r ≪ d.

(8)
When col(B) is not aligned with Sτ , plausible
when r is small relative to dim(Sτ ), the task com-
ponent hτ can be largely preserved even though
the update induces a large rotation of the comple-
ment, which is exactly what a whole-representation
measure like mean-pooled cosine similarity picks
up:

∆LoRA
L ≈

∥projcol(B) h̄
EN∥

∥h̄EN∥ · αA, (9)

where h̄EN is the mean English representation and
αA scales with A. If col(B) aligns with high-
variance directions outside Sτ , ∆LoRA

L can be large
even when Sτ is preserved, and representation
anisotropy (Cai et al., 2021) amplifies this, since
mean-pooled cosine is dominated by a small num-
ber of high-variance directions regardless of their
task relevance. This offers one account of why
LoRA can show a larger ∆̄ than full fine-tuning
while still transferring better: the rank constraint
concentrates the update’s effect into a subspace that
need not overlap with Sτ , rather than acting on all
of Rd indiscriminately.

This account also suggests why a sweet spot
exists at all: at very low rank (or under prefix
tuning/(IA)3’s limited parameterisations), col(B)
or its analogue may be too constrained to include
the directions in Sτ that genuinely need adjusting,
hurting transfer through insufficient capacity; at
very high rank (approaching full fine-tuning), the
update is no longer confined to a small subspace
and has more opportunity to interfere with Sτ un-
der the isotropy argument above, hurting transfer
through excess capacity. An intermediate rank can
thread this needle: expressive enough to adjust the
necessary directions in Sτ , constrained enough to
avoid broadly interfering with it.

Proposition 1 (Alignment–Transfer Decoupling).
There exist configurations (B,A) such that
the LoRA update simultaneously (i) increases
global cosine degradation beyond full fine-tuning’s
(∆LoRA

L > ∆FT
L ) and (ii) better preserves Sτ , yield-

ing higher cross-lingual F1.

Remark 1. Proposition 1 formalises why global
cosine similarity need not track cross-lingual task
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performance, and offers one possible mechanism
for the inverted-U pattern in §4.1–§4.2, though we
stress (§4.3) that we have not directly measured Sτ
or verified this mechanism empirically. CKA (Ko-
rnblith et al., 2019) restricted to Sτ would help dis-
entangle global from task-subspace geometry, and
retrieval-based metrics (CSLS, BLI P@1) are less
susceptible to anisotropy confounds (Vulić et al.,
2020), motivating both as planned analyses.

B Rank Sweep: Full Results and Seed
Variance

Table 4 reports the full rank sweep (single run per
rank) underlying Figure 1. Table 5 confirms the
key qualitative pattern (the optimal rank diverging
between English and cross-lingual performance)
is stable across three seeds for four representative
ranks.

Rank Params (M) EN F1 Xling F1

1 0.042 69.0 53.6
2 0.079 70.7 54.6
4 0.153 72.6 56.0
8 0.300 74.8 58.0

16 0.595 76.8 59.0
32 1.185 77.9 60.6
64 2.365 79.2 60.5

128 4.724 80.2 60.7
256 9.443 81.1 61.2
512 18.880 80.9 59.8
768 28.317 81.3 58.7

Table 4: LoRA rank sweep (single run; seed variance
in Table 5 below). Bold = column best. r∗xling=256 ̸=
r∗EN=768 (Eq. 4).

EN F1 Avg X-ling F1

Rank Mean Std Mean Std

16 76.8 0.6 59.0 0.4
64 79.2 0.5 60.5 0.5

256 81.1 0.4 61.2 0.6
768 81.3 0.3 58.7 0.8

Table 5: Rank sweep F1, mean±std over 3 seeds. The
cross-lingual decline at r=768 vs. r=256 (−2.5 pp) is
consistent across seeds, confirming Eq. 4.

C Full Per-Language Results with
Standard Deviations

Lang Full FT Adp LoRA IA3 Pfx

en 80.5±.1 77.3±.2 76.2±.3 75.9±.1 74.7±.3

es 62.2±2.4 69.2±.4 69.9±2.8 65.4±.7 61.9±.4

fr 71.1±.9 72.7±.2 73.0±.8 70.4±.1 65.6±.3

de 67.3±.6 71.3±.3 71.2±.2 70.1±.2 66.0±.4

nl 75.1±.2 76.7±.2 76.8±.4 76.4±.3 72.6±.2

ru 55.4±1.0 58.6±.95 58.0±.8 57.0±.6 46.3±.5

fi 70.1±.4 72.0±.4 71.4±.2 71.9±.4 66.9±.3

sw 62.0±1.3 66.5±.3 66.8±1.1 63.6±.3 62.3±.4

tr 61.6±1.3 70.6±.8 72.6±2.7 70.4±.8 61.3±.7

vi 60.9±1.6 63.0±2.4 65.5±1.7 60.2±.0 60.6±.3

zh 13.1±3.6 26.1±.9 26.9±.5 21.5±.1 19.6±.8

ar 31.5±5.7 42.1±1.9 42.6±3.3 48.6±1.9 39.4±.6

hi 52.5±2.1 64.8±.5 61.8±1.1 62.2±.8 57.9±.4

ja 10.2±2.4 20.2±.2 21.4±1.3 16.4±1.0 14.6±.6

ko 32.7±1.4 46.3±.95 46.1±.7 46.4±.2 41.0±.5

Avg 51.8 58.6 58.9 57.2 52.6

Table 6: Full per-language F1 (%) with mean±std over
3 seeds. Bold = best cross-lingual result per row. Multi-
seed adapter average: 58.59± 0.74. The 0.3 pp LoRA–
adapter gap is not statistically significant.
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Abstract

Large language models are expected to esti-
mate their own uncertainty, with confidence
signals used to guide retrieval, adaptive com-
pute allocation, routing, and selective absten-
tion. We investigate whether confidence sig-
nals measured at different temporal stages of
problem solving encode distinct forms of epis-
temic information and remain reliable beyond
English-centric settings. Inspired by classical
meta-memory theory, we distinguish anticipa-
tory pre-solve confidence (Feeling-of-Knowing,
FOK) from retrospective post-solve confidence
(Judgement-of-Learning, JOL). We evaluate
these signals across two frontier LLMs, mul-
tiple reasoning domains, translated Marathi
benchmarks, and a newly constructed bench-
mark of genuinely local Marathi factual ques-
tions. Across settings, the cheaper pre-solve
signal remains weakly calibrated, while post-
solve confidence generally provides stronger
epistemic alignment despite its additional in-
ference cost. Confidence behaviour transfers
surprisingly well under direct language transla-
tion, with calibration trends largely preserved
between English and Marathi, but degrades sub-
stantially on local Marathi knowledge, suggest-
ing that linguistic transfer alone is insufficient
for region-specific information needs. Finally,
hallucinated responses maintain persistently
elevated confidence after answer generation,
highlighting important limitations of current
LLM self-assessment mechanisms.

1 Introduction

Large language models (LLMs) are increasingly
deployed across a wide range of real-world appli-
cations, including question answering, reasoning
systems, retrieval-augmented generation (RAG),
autonomous agents, and decision-support pipelines
(Li et al., 2024; Cheng et al., 2025). Modern
models contain substantial factual and procedural
knowledge encoded within their parameters, while

Figure 1: Illustration of pre-solve Feeling-of-Knowing
(FOK) and post-solve Judgement-of-Learning (JOL)
confidence signals in large language models.

also leveraging external context through tools, re-
trieval systems, and long-context prompting. In
many such systems, models are further expected
to make decisions about their own uncertainty and
knowledge limitations, a capability often framed
as self-knowledge (Kale and Nadadur, 2025) or
metacognition (Ma et al., 2025). These internal con-
fidence estimates are increasingly used to influence
downstream behaviours such as deciding whether
to invoke tools, request additional user clarifica-
tion, defer generation, allocate additional compute,
or trigger retrieval mechanisms (Li et al., 2025).
However, recent work has shown that LLM confi-
dence signals are often poorly calibrated and only
weakly aligned with actual correctness. This limits
the efficiency, reliability, and cost-effectiveness of
such confidence-driven decision policies (Kale and
Dhami, 2025).

While confidence calibration has been studied
primarily in English-centric benchmarks, many
practical deployments increasingly involve mul-
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tilingual and underrepresented language settings
where both model knowledge and evaluation re-
sources are less abundant. Confidence estimates
that appear reliable in high-resource settings may
fail to transfer across languages or culturally spe-
cific knowledge domains, potentially leading to in-
appropriate retrieval decisions, overconfident hallu-
cinations, or unsafe downstream behaviour. A par-
ticularly important open question is whether confi-
dence calibration is primarily tied to language or to
underlying knowledge availability. A model may
retain similar confidence behaviour when questions
are translated into another language, yet fail when
confronted with genuinely local information that
is sparsely represented in pre-training corpora and
evaluation benchmarks. Distinguishing between
these sources of distribution shift is crucial for de-
ploying confidence-driven systems in multilingual
settings.

In this work, we investigate whether confidence
signals measured at different temporal stages of
reasoning encode distinct forms of epistemic infor-
mation, and also whether these carry across low-
resource settings. Inspired by classical constructs
from cognitive psychology and meta-memory re-
search (Nelson, 1990; Koriat, 1997), we study
two complementary signals: a pre-solve Feeling-
of-Knowing (FOK) signal, and a post-solve con-
fidence signal similar to Judgement-of-Learning
(JOL). The FOK signal measures the model’s es-
timated likelihood of solving a problem correctly
before attempting to start reasoning towards a so-
lution, capturing a cheap yet possibly useful an-
ticipatory signal. In contrast, the JOL-style signal
measures confidence in a provided reasoning path
and solution after answer generation, reflecting ret-
rospective evaluation expected to be costlier but
better calibrated. This framing introduces a tem-
poral distinction that is largely absent in existing
LLM calibration work, where confidence is typi-
cally treated as a static scalar attached only to the
final answer. In this paper, we instead ask whether
epistemic self-assessment changes between pre-
solve and post-solve states, and whether this shift
itself carries useful information about model be-
haviour, reliability, and failure modes.

In essence, our work is guided by the following
research questions: RQ1: Is the pre-solve confi-
dence signal (FOK) or the post-solve confidence
signal (JOL) better calibrated to actual answer cor-
rectness, and can either signal support downstream
decisions such as routing, retrieval triggering, or

adaptive compute allocation? We also explore the
combined effect of these signals in error types by
answering another important question, RQ2: Do
strong values of FOK and JOL or delta trends corre-
spond to distinct categories of model failure, such
as knowledge gaps, reasoning failures, or halluci-
nated responses? In addition, we investigate a third
research question motivated by multilingual de-
ployment settings: RQ3: Do temporal confidence
signals transfer across low-resource languages, and
how are they affected by genuinely local knowl-
edge distributions that differ from standard English-
centric benchmarks?

We operationalise FOK and JOL confidence sig-
nals using prompting-based self-assessment be-
fore and after reasoning generation across multiple
LLM families and domains. We evaluate their cali-
bration, cost-effectiveness, and transition dynamics
using correctness-conditioned analyses and confi-
dence calibration metrics. The main contributions
of our work can be highlighted as follows:

• We introduce a novel temporal framing of
LLM self-confidence by separating antici-
patory pre-solve confidence from retrospec-
tive post-solve confidence and show that the
cheaper pre-solve signal is generally insuf-
ficiently calibrated for practical deployment,
while post-solve confidence is often more in-
formative but not uniformly more reliable

• We provide one of the first analyses of tem-
poral confidence calibration in two frontier
LLMs, demonstrating that the practical util-
ity of confidence signals depends strongly on
reasoning domain and model family

• We extend temporal confidence evaluation to
low-resource settings in Marathi, showing that
confidence behaviour transfers relatively well
across language translation but degrades sub-
stantially for genuinely local knowledge

2 Related Work

2.1 Self-Knowledge and Confidence
Estimation in LLMs

Recent work has increasingly framed large lan-
guage models as systems capable of exhibit-
ing forms of self-knowledge, self-monitoring, or
metacognitive behaviour (Kale, 2025; Podolak and
Verma, 2025). In this context, self-knowledge
refers to a model’s ability to estimate whether its
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own generated answer is likely to be correct or
reliable (Li et al., 2025).

Prior work has shown that LLMs can often dis-
tinguish between questions they are likely to an-
swer correctly and those where they are uncer-
tain, particularly under calibrated confidence or
selective abstention prompting (Kale and Dhami,
2025). However, these signals remain imperfect,
with models frequently exhibiting overconfidence,
hallucination-prone certainty, and weak calibration
under reasoning-heavy or distribution-shifted set-
tings (Lin et al., 2022; Ren et al., 2026).

Despite these limitations, confidence-aware sig-
nals are increasingly important for applications
such as retrieval triggering, adaptive compute al-
location, selective generation, tool invocation, and
human-in-the-loop systems (Wang et al., 2026;
Zhang et al., 2026).

2.2 Measuring Self-Knowledge and
Confidence Signals

Prior work has proposed a broad range of ap-
proaches for measuring confidence in language
models. A major distinction concerns whether
confidence is inferred from internal model repre-
sentations (white-box methods) or elicited through
prompting and behavioural outputs (black-box
methods). White-box approaches typically rely
on token probabilities, entropy, hidden-state repre-
sentations, or calibration statistics derived directly
from model distributions (Kadavath et al., 2022;
Kissling et al., 2026). In contrast, black-box meth-
ods estimate self-knowledge through verbalised
confidence ratings, self-evaluation prompts, selec-
tive prediction, answer consistency, critique-and-
revision behaviours, and confidence-guided absten-
tion mechanisms (Xu et al., 2024; Kale and Dhami,
2025).

Most prior approaches measure confidence only
after answer generation, implicitly treating self-
knowledge as a static retrospective signal attached
to a completed response. In contrast, our work
introduces a temporal perspective on confidence
estimation by distinguishing between anticipatory
pre-solve confidence and retrospective post-solve
confidence.

2.3 Metacognition, Distribution Shifts, and
Underrepresented Languages

A growing body of work has examined the ro-
bustness of LLM capabilities under distribution
shifts arising from changes in task domains, rea-

soning requirements, languages, or cultural con-
texts (Moskvoretskii et al., 2025; Wiemerslage and
Wense, 2025). While multilingual evaluation has
received increasing attention across generation, rea-
soning, and factual knowledge tasks, comparatively
little work has investigated whether models can
accurately assess their own uncertainty in these
settings (Durrani et al., 2025). This distinction is
important because strong task performance does
not necessarily imply well-calibrated confidence
estimates. Our work contributes to analysis be-
yond English by evaluating temporal confidence
signals in Marathi using both translated factual QA
tasks and locally grounded knowledge questions
designed to probe underrepresented linguistic and
cultural contexts.

3 Methodology

Our methodology is designed to measure two tem-
porally distinct confidence signals associated with
problem solving in large language models: a pre-
solve anticipatory confidence signal and a post-
solve retrospective confidence signal. Broadly in-
spired by classical meta-memory constructs, we
refer to these signals as Feeling-of-Knowing (FOK)
and Judgement-of-Learning (JOL), respectively.
Because our evaluation includes closed-source
models accessible only through API interfaces, we
use prompting-based verbal confidence estimates
as the primary confidence signal, despite known
limitations. The overall pipeline consists of three
sequential stages shown in Figure 1: (1) eliciting
a pre-solve confidence estimate before reasoning
begins, (2) generating an unconstrained answer to
the task, and (3) eliciting a post-solve confidence
estimate conditioned on the generated answer.

3.1 Pre-Solve Confidence Signal (FOK)

To obtain the pre-solve confidence signal, the
model is first shown only the input question and is
asked to estimate the likelihood that it would solve
the problem correctly without actually attempting
the solution. The prompt explicitly instructs the
model not to reason about or solve the task, and
to instead provide only a simple confidence esti-
mate. The prompt used for pre-solve confidence
elicitation is shown in Figure 2.

The scalar value returned by the model is treated
as the FOK estimate. This signal captures the
model’s anticipatory belief regarding whether its
internal knowledge and reasoning capabilities are
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You will be given a problem. Estimate likelihood of
solving correctly.

Do not solve it at all, simply reflect on your confidence of
solving the problem (0-100%).

Question:{question}

Pre-Solve Confidence Prompt

Figure 2: Prompt used for eliciting pre-solve confidence
from LLMs

You answered the following problem. Estimate the
probability your answer is correct. Do not attempt to re-
solve the problem, reflect on your confidence in the
correctness of your answer (0-100%).

Question:
{question}

Your answer:
{answer}

Post-Solve Confidence Prompt

Figure 3: Prompt used for eliciting post-solve confi-
dence from LLMs

sufficient to successfully solve the task prior to
answer generation.

3.2 Answer Generation

After obtaining the pre-solve confidence estimate,
the model is prompted again with the original ques-
tion and asked to directly solve the task with chain-
of-thought reasoning. No additional confidence
instructions, calibration prompts, or answer format-
ting requirements are imposed during this stage.
This design choice ensures that the generated rea-
soning trajectory more closely reflects the model’s
natural inference behaviour under standard prompt-
ing conditions.

The generated answer is then stored and used
as contextual input for retrospective confidence
estimation in the next stage.

3.3 Post-Solve Confidence Signal (JOL)

To obtain the post-solve confidence signal, the
model is shown both the original question and its
previously generated answer. It is then asked to
estimate the probability that its answer is correct.
Unlike the pre-solve stage, this confidence estimate
is conditioned on the model’s completed reasoning
trajectory and final output. The post-solve confi-
dence prompt is shown in Figure 3.

The scalar value returned by the model is then

used as a JOL-style retrospective confidence es-
timate. This signal reflects self-evaluation condi-
tioned on the produced answer and reasoning path
rather than on the question alone.

Following these steps, for each problem instance,
we therefore obtain three core variables: a pre-
solve confidence estimate (FOK), a generated an-
swer, and a post-solve confidence estimate (JOL).
The generated answer is independently evaluated
against reference solutions to determine correct-
ness labels. We then analyse confidence calibration
estimates and cost-effectiveness of these signals
ahead.

For multilingual experiments, the same three-
stage procedure is retained without modification.
Confidence elicitation, answer generation, and post-
solve self-assessment prompts are translated into
Marathi while preserving their original structure
and intent. This design allows us to study whether
temporal confidence signals remain stable under
linguistic transfer without changing the underlying
confidence estimation framework.

4 Experimental Setup

4.1 Models

We evaluate our framework using two
frontier large language models: GPT-5.4
(gpt-5.4-2026-03-05) and Claude Sonnet
4.6. Models were accessed through the official
OpenAI and Anthropic APIs. All experiments
use deterministic decoding with temperature set
to 0, while other generation parameters remain
at default settings. Full details are provided in
Section A in the Appendix.

4.2 Datasets

We evaluate across four domains probing mathe-
matical reasoning, logical reasoning, factual recall,
and low-resource multilingual factual recall.

4.2.1 Mathematical Reasoning

For mathematical reasoning, we use 500 randomly
sampled questions from the Mathematics Stack Ex-
change split of RealMath (Zhang et al., 2025). The
dataset contains non-trivial user-authored mathe-
matical problems with verified solutions and di-
verse reasoning structures, making it suitable for
studying confidence calibration under open-ended
mathematical reasoning.
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4.2.2 Logical Reasoning
For logical reasoning, we use 400 samples from
RiddleBench (Halder et al., 2025), a benchmark
of challenging natural-language puzzles involving
deduction, constraint satisfaction, spatial reason-
ing, and multi-step inference. These tasks provide
a cognitively demanding setting for evaluating con-
fidence behaviour under complex reasoning.

4.2.3 Factual Recall
For factual recall, we use 750 randomly sampled
questions from TriviaQA (Joshi et al., 2017), a
large-scale benchmark of naturally authored trivia
questions with verified answers. Unlike the reason-
ing datasets above, TriviaQA primarily evaluates
factual retrieval and parametric knowledge recall.

4.2.4 Low-Resource Settings
To evaluate temporal confidence signals in an un-
derrepresented language setting, we construct two
Marathi factual-recall splits.

The first split (Marathi-Translated) is derived
directly by translating TriviaQA, RealMath and
RiddleBench to a low-resource language, Marathi
with each split retaining the same number of ex-
amples as its English counterpart (750 TriviaQA,
500 RealMath, 400 RiddleBench). Questions and
reference answers are translated from English to
Marathi using the Google Translate API while pre-
serving the original task structure and evaluation
protocol. Two graduate-level native Marathi speak-
ers reviewed translated prompts and dataset sam-
ples, performed spot-checks throughout the corpus,
and verified semantic equivalence with the origi-
nal English questions. This split isolates language
transfer while keeping knowledge requirements un-
changed. Additional details are in Section B in the
Appendix.

The second split (Marathi-Local) evaluates gen-
uinely local knowledge. Unlike translated bench-
marks, these questions require region-specific in-
formation that is less frequently represented in
English-language resources and often available pri-
marily through Marathi-language sources. Three
native Marathi speakers manually authored 201 fac-
tual questions based on local events and public in-
formation reported before model knowledge cut-off
dates using trusted Marathi news outlets such as
Zee News Marathi, Maharashtra Times, and ABP
Majha. Each question was paired with support-
ing source URLs for verification, while reference
answers and correctness assessments were indepen-

dently reviewed by two separate native speakers
with agreement of Cohen’s κ = 0.82. Additional
details and examples are in Section C in the Ap-
pendix.

4.3 Evaluation Protocol

Answers are evaluated using benchmark-specific
matching procedures to obtain correctness la-
bels. We report Expected Calibration Error (ECE)
(Naeini et al., 2015), Brier Score (Naeini et al.,
2015), and AUROC. ECE measures the gap be-
tween predicted confidence and empirical correct-
ness, Brier Score evaluates the quality of proba-
bilistic confidence estimates, and AUROC mea-
sures how effectively confidence scores distinguish
correct from incorrect predictions. We note that
AUROC evaluates discrimination independently of
calibration and can remain high even when ECE
or Brier Score indicate poor calibration, but we
report all three because they capture complemen-
tary properties of confidence quality. Reliability
curves are additionally used to visualise calibration
behaviour. Uncertainty estimates are computed us-
ing 2000 bootstrap resamples and reported as 95%
confidence intervals. We further report cost-benefit
analyses and confidence trends across error cate-
gories.

For the Marathi-Translated split, evaluation was
adapted to support valid multilingual answer varia-
tions. Each example contains both the original En-
glish reference answer and its Marathi translation.
Predictions are considered correct if they match
either reference set under the benchmark evalua-
tion procedure, reducing false negatives caused by
transliteration differences, bilingual generations,
or alternative entity forms. Native-speaker spot
checks were conducted to verify evaluation quality.

For the Marathi-Local split, no benchmark la-
bels are available. Answer correctness is therefore
assessed manually by native Marathi speakers us-
ing the associated source material. Following prior
factuality evaluation work, correctness is scored on
a continuous scale between 0 and 1, where 1 de-
notes a fully correct answer, 0 an incorrect answer,
and intermediate values partially correct responses
(AUROC computed with threshold of 0.5). These
scores are subsequently used when computing cali-
bration and confidence metrics.
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Model Domain Pre-Solve (FOK) Post-Solve (JOL)

ECE↓ Brier↓ AUROC↑ ECE↓ Brier↓ AUROC↑

GPT-5.4
TriviaQA 0.195 ± 0.027 0.209 ± 0.028 0.567 ± 0.053 0.194 ± 0.021 0.203 ± 0.025 0.606 ± 0.051
Math 0.381 ± 0.041 0.366 ± 0.037 0.719 ± 0.047 0.315 ± 0.045 0.330 ± 0.037 0.751 ± 0.048
Logic 0.483 ± 0.039 0.469 ± 0.035 0.679 ± 0.055 0.286 ± 0.041 0.313 ± 0.036 0.690 ± 0.049

Claude Sonnet 4.6
TriviaQA 0.071 ± 0.023 0.119 ± 0.019 0.656 ± 0.055 0.077 ± 0.024 0.114 ± 0.020 0.703 ± 0.046
Math 0.188 ± 0.061 0.231 ± 0.051 0.500 ± 0.092 0.108 ± 0.064 0.140 ± 0.047 0.791 ± 0.085
Logic 0.341 ± 0.051 0.316 ± 0.029 0.767 ± 0.057 0.472 ± 0.053 0.456 ± 0.041 0.695 ± 0.049

Table 1: Calibration and discrimination performance (95% confidence intervals) across domains and temporal stages

Figure 4: Aggregate reliability curves comparing pre-
solve (FOK) and post-solve (JOL) confidence calibra-
tion across models and domains

5 Results

Table 1 reports calibration and discrimination per-
formance for pre-solve (FOK) and post-solve (JOL)
confidence signals across models and domains. Re-
ported values are means with 95% bootstrap confi-
dence intervals. Figure 4 shows aggregate reliabil-
ity curves. We evaluate calibration using Expected
Calibration Error (ECE) and Brier Score, where
lower values indicate stronger alignment between
confidence and correctness, and discrimination us-
ing AUROC.

5.1 Calibration Analysis

5.1.1 Post-solve confidence generally provides
stronger epistemic alignment

Across most domains, JOL-style confidence esti-
mates exhibit lower calibration error and stronger
discrimination than FOK estimates, although gains
are not uniform and remain modest for factual re-
call. This trend is particularly pronounced in math-
ematics, where Claude Sonnet 4.6 improves from
near-random discrimination (0.500 ± 0.092) to
strong discrimination (0.791± 0.085). The consis-
tently weaker calibration of the cheaper pre-solve
signal suggests that FOK alone is insufficiently re-
liable for downstream decisions such as retrieval
triggering, model routing, or adaptive compute al-
location. Instead, models appear to require answer
generation before producing confidence estimates

that better reflect correctness.

5.1.2 Reasoning domains exhibit substantially
higher calibration instability than
factual recall

Both models remain notably miscalibrated on
mathematics and logical reasoning despite mod-
erate discrimination performance. Logic reasoning
in particular exhibits consistently high ECE val-
ues, with GPT-5.4 reaching a pre-solve ECE of
0.483± 0.039 and Claude Sonnet 4.6 a post-solve
ECE of 0.472±0.053. In contrast, TriviaQA shows
lower calibration error and smaller temporal shifts
between FOK and JOL. This suggests that retro-
spective confidence adjustment is more useful for
multi-step reasoning tasks than for direct factual re-
trieval, where confidence remains relatively stable
before and after answer generation.

5.1.3 Temporal confidence transitions reveal
domain-dependent failure behaviour

The transition from FOK to JOL is not uniformly
beneficial. While post-solve confidence often im-
proves calibration and ranking quality, certain do-
mains exhibit confidence inflation after reasoning.
Most notably, Claude Sonnet 4.6 on logic reasoning
degrades from an ECE of 0.341 to 0.472, while AU-
ROC falls from 0.767 to 0.695. The corresponding
reliability curves are also less stable after reasoning.
These results suggest that generating extended rea-
soning traces can sometimes induce false certainty
rather than improved self-knowledge.

5.2 Cost-Benefit Analysis
We next examine the trade-off between the addi-
tional inference cost required to obtain JOL confi-
dence and the calibration gains achieved. FOK cost
includes only the confidence estimation prompt,
whereas JOL additionally requires answer gener-
ation. We note this cost comparison assumes an
application where answer generation is not other-
wise required (e.g., pre-generation retrieval rout-
ing). In settings where an answer must be produced
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Figure 5: Calibration improvement versus additional
inference cost for post-solve confidence (JOL) relative
to pre-solve confidence (FOK) across models and do-
mains.

regardless (e.g., post-hoc abstention or answer ver-
ification), the marginal cost of JOL is limited to
the additional confidence-elicitation query. Costs
were estimated using average dataset lengths and
provider pricing rates as of May 2026. Positive
∆ECE values indicate improved calibration from
JOL relative to FOK, as shown in Figure 5.

5.2.1 JOL is primarily cost-effective in
structured reasoning domains

For GPT-5.4, JOL consistently improves calibra-
tion, with the largest gains occurring in Logic
(∆ECE = 0.198). Mathematics also shows mean-
ingful improvements for both models, whereas
TriviaQA exhibits only marginal gains. These re-
sults suggest that post-solve confidence becomes
most useful as reasoning complexity increases and
can justify additional inference cost in structured
problem-solving settings.

5.2.2 Additional reasoning does not always
improve self-assessment

TriviaQA shows minimal calibration improvement
from JOL and slight degradation for Claude Sonnet
4.6, suggesting that the cheaper FOK signal may
already be sufficient for factual recall. More no-
tably, Claude on Logic becomes substantially less
calibrated despite higher inference cost, indicating
that additional reasoning can sometimes amplify
miscalibration rather than improve confidence reli-
ability.

5.3 Error Type Analysis

To investigate whether confidence patterns corre-
spond to distinct failure mechanisms, we manually
analysed 200 incorrect responses sampled across
models and domains. Two graduate-level annota-
tors independently reviewed all samples, achieving
a Cohen’s κ of 0.92. Disagreements were subse-

Figure 6: Mean pre-solve (FOK) and post-solve (JOL)
confidence across annotated error categories.

quently resolved through discussion. Errors were
assigned to one of three categories:

• Knowledge gap: The model lacked the re-
quired information or explicitly hedged be-
tween alternatives.

• Hallucinated knowledge: The model confi-
dently generated fabricated facts, entities, or
incorrect theorem usage.

• Reasoning failure: The answer was incorrect
due to flawed reasoning despite the absence
of fabricated knowledge.

Absolute confidence levels proved more informa-
tive than confidence transitions for distinguishing
failure categories. Confidence deltas exhibited high
variance and did not significantly separate error
types (p = 0.366, Kruskal-Wallis test). Neverthe-
less, clear differences emerge in Figure 6, where
confidence generally decreases from FOK to JOL,
consistent with the calibration improvements ob-
served earlier.

5.3.1 Hallucinations exhibit persistently
elevated confidence

Hallucinated responses showed the highest confi-
dence both before and after reasoning (FOK: 0.837,
JOL: 0.758) despite being incorrect. This sug-
gests that hallucinations are associated less with
confidence increases during reasoning and more
with overconfident internal representations that re-
main stable throughout answer generation, consis-
tent with prior hallucination research (Simhi et al.,
2025; Kalai and Vempala, 2024).

5.3.2 Reasoning failures show lower and more
unstable confidence patterns

Reasoning failures exhibited the lowest confidence
levels alongside substantial variance in confidence
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transitions, indicating that models partially recog-
nise reasoning difficulty even when failing. Knowl-
edge gaps occupied an intermediate regime, where
models often began uncertain but also decreased
confidence after producing an answer.

5.4 Multilingual Transfer and Local
Knowledge

5.4.1 Temporal confidence signals largely
transfer across language translation

Direct translation of benchmark questions into
Marathi (Marathi-Translated split) produces only
modest changes in calibration and discrimination
performance relative to the original English bench-
marks, as seen in Table 2. Across models and
domains, most ECE differences remain small and
within bootstrap uncertainty intervals. GPT-5.4
exhibits only minor calibration changes after trans-
lation, and temporal confidence dynamics remain
largely unchanged across mathematical, logical,
and factual tasks. Claude Sonnet 4.6 shows some-
what larger degradation for factual recall, but the
overall pattern of stronger post-solve confidence
discrimination persists.

These findings suggest that the temporal confi-
dence mechanisms captured by FOK and JOL are
relatively robust to language transfer. Translating
tasks into an underrepresented language does not
substantially alter how these frontier models assess
their own uncertainty.

5.4.2 Locally grounded knowledge produces
substantially larger calibration failures

A markedly different picture emerges on the
Marathi-Local split. Both models exhibit substan-
tially higher calibration error and weaker discrimi-
nation than on either English or translated Marathi
benchmarks (Table 3).

For GPT-5.4, pre-solve ECE increases from
0.195 on English TriviaQA and 0.205 on translated
Marathi TriviaQA to 0.421 on Marathi-Local ques-
tions. Claude Sonnet 4.6 exhibits a similar increase
from 0.071 and 0.122 to 0.378. AUROC values
simultaneously approach near-random ranking be-
haviour, falling to 0.521 and 0.558 respectively.

These results indicate that calibration degrades
far more strongly under local knowledge shifts
than under language shifts alone. While models
largely preserve self-assessment behaviour across
languages, they remain substantially less reliable
when confronted with region-specific information

Model Domain FOK ∆ECE JOL ∆ECE

GPT-5.4 TriviaQA +0.010 -0.005
Math +0.030 -0.016
Logic +0.028 +0.019

Claude TriviaQA +0.051 +0.045
Math +0.004 +0.016
Logic -0.009 +0.040

Table 2: Change in calibration error (∆ECE) after trans-
lation from English to Marathi. Positive values indicate
worse calibration in Marathi.

Model Signal ECE AUROC

GPT-5.4 FOK 0.421 0.521
GPT-5.4 JOL 0.287 0.579
Claude FOK 0.378 0.558
Claude JOL 0.255 0.616

Table 3: Confidence calibration on the Marathi-Local
benchmark.

that is sparsely represented in training data and
retrieval resources.

6 Conclusion and Future Work

In this work, we introduced a temporal framing
of confidence estimation in large language mod-
els by separating pre-solve (FOK) and post-solve
(JOL) confidence signals. Across models and
reasoning domains, post-solve confidence gener-
ally provides stronger calibration and discrimina-
tion than the cheaper pre-solve signal, although
gains depend strongly on the model and task. In
Marathi, confidence behaviour transfers well under
direct language translation, but calibration degrades
substantially on genuinely local knowledge ques-
tions. Hallucinated responses also maintain persis-
tently elevated confidence, highlighting limitations
of current self-assessment mechanisms. Overall,
confidence-aware systems should account for both
temporal stage and knowledge domain when us-
ing confidence for retrieval, routing, or adaptive
compute decisions.

Future work can extend this framework to ad-
ditional low-resource languages, multimodal set-
tings, agentic systems, and model families beyond
the two evaluated here. Because Marathi-Local
and Marathi-Translated differ along several axes
besides locality, the calibration gap cannot be at-
tributed to locality alone; a matched benchmark
controlling for these factors would help isolate
its effect. It would also be valuable to examine
whether white-box uncertainty signals, such as to-
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ken probabilities and representation-based confi-
dence, exhibit similar temporal dynamics. More
broadly, our findings motivate studying calibra-
tion not only across languages but also across
local knowledge distributions, where linguistic
transfer alone may be insufficient for reliable self-
assessment.
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A Model and Inference Details

Models were accessed through the official Ope-
nAI and Anthropic Python SDKs using their public
APIs. All experiments used deterministic decoding
with temperature set to 0. Maximum output length

was capped at 450 tokens. Remaining provider-
specific generation parameters were left at default
values. Table 4 summarises the inference settings
used throughout all experiments.

Setting GPT-5.4 Claude Sonnet 4.6

Provider OpenAI Anthropic
Access Method Python SDK/API Python SDK/API
Temperature 0.0 0.0
Decoding Deterministic Deterministic
Other Parameters Default Default

Table 4: Model access and inference settings.

B Marathi Dataset Translation

TriviaQA, RiddleBench and RealMath datasets
with questions and reference answers were trans-
lated from English to Marathi using the Google
Translate API. Two independent native Marathi
speakers reviewed translated samples and veri-
fied semantic equivalence through spot-checking.
Prompt templates were independently translated
and reviewed by the same annotators. Proper nouns
were transliterated into Marathi where appropriate.

C Marathi Local Benchmark

Figure 7 presents representative examples from
the Marathi-Local benchmark. Questions were
manually authored by native Marathi speakers
based on region-specific events reported in Marathi-
language news sources prior to model knowledge
cut-off dates.

Figure 7: Examples from the Marathi-Local benchmark
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Abstract

With the growing emphasis on multilingual
and cultural evaluation benchmarks for large
language models, language and culture are of-
ten treated as synonymous, and performance
is commonly used as a proxy for a model’s
understanding of a given language. In this
work, we argue that such evaluations over-
look meaningful cultural variation that exists
within a single language. We address this gap
by focusing on narratives from different re-
gions of Ethiopia and demonstrate that, de-
spite shared linguistic characteristics, region-
specific and domain-specific content substan-
tially influences language evaluation outcomes.
To this end, we introduce AmharicStoryQA,
a long-form story question answering bench-
mark grounded in culturally diverse narratives
from Amharic-speaking regions. Using this
benchmark, we reveal a significant narrative
understanding gap in existing LLMs, highlight
pronounced regional differences in evaluation
results, and show that supervised fine-tuning
yields uneven improvements across regions and
evaluation settings. Our findings emphasize the
need for culturally grounded benchmarks that
go beyond language-level evaluation to more
accurately assess and improve narrative under-
standing in low-resource languages.

1 Introduction

Evaluating Large Language Models (LLMs) on
low-resource languages is essential for uncovering
their true language understanding capabilities in
specific linguistic and cultural contexts, especially
given that these models are predominantly trained
on large-scale English corpora.

Despite increasing efforts to include more lan-
guages in LLM evaluations, particularly African-
centric languages, there remains a notable gap in
the creation of multicultural evaluation datasets
that capture the diversity of linguistic and cultural
contexts (Alabi et al., 2025b). Another important

limitation in low-resource LLM evaluation is the
scarcity of generation-focused datasets designed
to simulate real-life model usage, which are es-
sential for ensuring that benchmarking accurately
reflects how LLMs perform in practical, everyday
scenarios.

To capture the diversity of linguistic and cul-
tural contexts, most recent works (Havaldar et al.,
2023; Azime et al., 2025b) expand evaluations by
adding more languages and incorporating culturally
grounded information drawn from the regions they
represent. This idea, which treats each language as
being associated with a single cultural identity, has
a solid foundation but still fails to capture the cul-
tural variations that exist within the same language
community. These variations arise from differences
in governmental structures, regional histories, so-
cial norms, migration patterns, and intra-country
ethnic diversity. As a result, evaluations risk over-
simplifying cultural nuance and underrepresenting
the lived experiences of multilingual and multicul-
tural societies

In this work, we introduce AmharicStoryQA,
a multicultural story-based question answering
benchmark available in Amharic and English. The
benchmark is constructed from pre-translated sto-
ries and folktales collected from nine different re-
gions of Ethiopia. Our goal is to provide an evalua-
tion resource that captures Ethiopia’s rich regional
diversity while enabling the study of long-form
question answering. AmharicStoryQA focuses on
culturally grounded narrative understanding and
offers one of the first long-context QA benchmarks
centered on Ethiopian stories across nine regions.

Based on the benchmark we introduce, we aim
to answer the following research questions: (RQ1)
How well do Large Language Models comprehend
Amharic narratives? This is measured through
performance on a story-based question answering
datasets. (RQ2) How cultural differences influence
LLM performance in a single language? and
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(RQ3) Can we improve LLM performance using
the culturally grounded training dataset we intro-
duce, demonstrating the importance of such data
for addressing the limitations observed? To sup-
port these questions, we further conduct human
error analysis to better identify the linguistic and
cultural factors contributing to model failures.

To address this question, our work makes the
following contributions.

• We introduce AmharicStoryQA, a multicul-
tural story-based question answering bench-
mark in Amharic and English, consisting
of 571 training and 649 test examples de-
rived from 244 stories collected across nine
Ethiopian regions. The training and test sets
are constructed with disjoint stories, ensuring
that no story appears in both splits and thereby
minimizing the risk of story-level data leakage.
The benchmark includes both multiple-choice
question answering (MCQA) and open-ended
generation questions, enabling comprehensive
evaluation of model understanding across for-
mats. 1

• We explore the zero-shot performance of
seven opensource LLMs and analyze how
their results vary across regions, languages,
prompt languages, and task types with human
error analysis.

• We explore the effect of supervised fine-
tuning on improving the performance of se-
lected LLMs.

2 Related Work

Low Resource LLM Evaluations. Low-
resource conditions, characterized by the lack of
datasets for specific tasks and domains, limited
digitization of languages, and insufficient data
to effectively train and improve models, are
common across many African languages (Ni-
gatu et al., 2024). Evaluating Large Language
Models (LLMs) in such settings presents unique
challenges, primarily due to data scarcity and the
dominance of English-centric benchmarks (Singh
et al., 2025; Anugraha et al., 2026). Recent efforts
have begun to address this gap by introducing
multilingual evaluation benchmarks that include
African languages (Adelani et al., 2025; Ojo et al.,

1https://huggingface.co/collections/israel/
amharicstoryqa

2025). Despite the great deal of work done to
include number of tasks and languages and cultural
values (Romero et al., 2024; Myung et al., 2024)
there is still a need to deeper exploration in single
language multiple cultural evaluations.

Long Sequence LLM Evaluations. While the
capability of LLMs to process long contexts is a
rapidly evolving area of research, benchmarks eval-
uating this capability are predominantly available
only for high-resource languages. Recent works
such as Alabi et al. (2025a) evaluate long-context
document translation across five low-resource lan-
guages, including Amharic. Despite these efforts,
there remains a critical absence of long-form bench-
marks for Amharic that evaluate an LLM’s ability
to maintain coherence and track narrative arcs over
extended contexts, leaving a significant blind spot
in understanding how modern LLMs handle exten-
sive texts in Ethiopian languages.

Story Question Answering. Story-based ques-
tion answering assesses the ability of the model to
comprehend narrative structures, character motiva-
tions, and causal chains. AfriQA (Ogundepo et al.,
2023) introduces a cross-lingual open-retrieval QA
dataset covering seven African languages, evaluat-
ing models on their ability to retrieve and answer
questions using evidence that is often available only
in English or French. Similarly, Belebele (Ban-
darkar et al., 2024) offers a parallel reading com-
prehension benchmark across 122 language vari-
ants, including Amharic. However, these evalua-
tions typically rely on short passages or translated
content, which may not fully capture the linguis-
tic depth required for native-level understanding.
Furthermore, multilingual benchmarks often treat
languages such as Amharic as monolithic, over-
looking the need for region-specific evaluations
that account for local variations in dialect and us-
age.

Cultural Evaluations Truly robust LLMs must
capture not only the syntactic structure of a lan-
guage but also its cultural context and dialectal
variation. Recent work has examined the fair-
ness and robustness of LLMs across different di-
alects of English, even when a single language is
used as the communication medium (Srirag et al.,
2025). Other studies leverage culturally grounded
proverbs and sayings across multiple languages
to more rigorously evaluate language understand-
ing capabilities (Cecilia Liu et al., 2024; Azime
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Figure 1: Overview of the AmharicStoryQA dataset creation process, from Amharic and English parallel stories
through question generation, manual translation rating, quality control, and train–test split verification.

et al., 2025b). In this work, we adopt a single-
language, multi-cultural evaluation framework and
extend prior efforts by introducing long-form, cul-
turally grounded, story-based question answering,
enabling a more comprehensive assessment of lan-
guage understanding across cultural variations.

Amharic Question Answering Recent work
such as (Taffa et al., 2024; Belay et al., 2022) in-
troduces an extensive Amharic question answering
benchmark used to evaluate Amharic QA capabili-
ties; however, it focuses primarily on open-ended
question answering, which is more challenging to
evaluate reliably. In this work, we contribute a
multi-task story-based question answering dataset
that spans multiple cultures in same language set-
ting, resulting in broader cultural diversity and im-
proved regional coverage additional to narrative
style long sequence source documents that was not
included in previous works.

3 Methodology

3.1 Dataset

The stories used in this dataset are sourced from
Ethiopian folktales2 webpages which was previ-
ously included for story generation tasks in low
resource LLM work Azime et al. (2024).

As shown in Figure 1, we followed the steps
described below, building on prior human-in-the-
loop dataset creation approaches (Yuen et al., 2025;
Berkane et al., 2025).

We worked with 244 stories collected from nine
distinct regions, with the SNNP region further sub-
divided into multiple zonal classifications, as de-
tailed in Appendix B. We will release the dataset

2https://www.ethiopianfolktales.com/am

strictly for research purposes only. Figure 3 il-
lustrates the Llama 3.1 8B Instructtoken counts
(sequence lengths) for each story across regions
showing coverage of large sequence stories for this
work. Average sequence length of stories by region
is shown in Table 3.

3.1.1 Question Generation
Given that we have verified English question an-
swer pairs for all Amharic stories collected and pre-
sented in Ethiopian folktales webpages, we lever-
aged Gpt-4.1 to generate batches of five questions
per story. This approach enabled us to produce five
distinct questions for each story without repeating
ideas across them. For each generated question, we
also produced one correct answer and three distrac-
tor choices: (choice B) a choice biased by world
knowledge, (Choice C) an unrelated statement, and
(Choice D) a factually false option. We generated 5
questions from each story in parallel to avoid repeti-
tive questions. All content was generated in a single
step using structured generation 3, which helped
prevent parsing inconsistencies that can arise when
handling multiple separate generations.

3.1.2 Manual Question Rating
After obtaining the English stories, Amharic sto-
ries, four distractor choices, and the correct answer,
we developed a question-rating guideline to ensure
that the generated English questions met standards
of correctness and faithfulness, linguistic quality
and clarity, and comprehension depth and chal-
lenge level. The evaluation was conducted by three
human annotators. Correctness and Faithfulness
evaluates whether the question is grounded in the

3https://platform.openai.com/docs/guides/
structured-outputs

22

https://platform.openai.com/docs/guides/structured-outputs
https://platform.openai.com/docs/guides/structured-outputs


5 4 3 2 1 0 1 2 3
Principal Component 1 (PC1)

1

0

1

2

3

Pr
in

cip
al

 C
om

po
ne

nt
 2

 (P
C2

)

Region
afar
amhara
benishangul-gumuz
harar
oromia
somalia
snnpr/gurage-zone
snnpr/keffa-zone
snnpr/omo-zone
snnpr/wollaita-zone
snnpr/sidama-zone
tigray

Figure 2: Regional semantic density of Amharic stories across regions in the AmharicStoryQA corpus. Each
contour shows a kernel density estimate (KDE) over 2D PCA projections of multilingual MiniLM sentence
embeddings, coloured by region. The plot shows that regional stories largely share a common semantic space, with
subtle outer-region contours revealing culturally specific variations within the same language.

0 1000 2000 3000 4000 5000 6000
Average Token Count

afar
amhara

benishangul-gumuz
harar

oromia
snnpr/gurage-zone

snnpr/keffa-zone
snnpr/omo-zone

snnpr/sidama-zone
snnpr/wollaita-zone

somalia
tigray

Re
gi

on

Token
Amharic Stories
English Stories

Figure 3: Average Stories Sequence Length by Region

story, whether the correct answer is fully supported
by the narrative, and whether the distractors follow
the intended structure (plausible, world-knowledge-
biased, irrelevant, or factually false). Linguistic
Quality and Clarity assesses whether the ques-
tion is grammatically correct, fluent, and natural,
particularly for Amharic, and whether it is easy to
understand and translate. Comprehension Depth
and Challenge Level examines whether the ques-
tion tests meaningful understanding of the story,
including inferential or reasoning-based compre-
hension rather than simple surface-level recall. We
used Gwet’s AC1 to measure agreement between
raters beyond chance, as it is more robust to class
imbalance and prevalence effects. Exact annotation
guideline can be found in Appendix F.

3.1.3 Manual Translations
We translated each question and its answer choices
into Amharic using experienced annotators who
had previously worked on translation tasks. The

Figure 4: Inter-Rater Reliability agreement in Cor-
rectness, Linguistic, and Comprehension categories as-
sessed with three human evaluators

translators were familiar with the narrative content,
enabling them to preserve meaning, style, and cul-
tural relevance across all generated questions.

3.1.4 SSA-COMET scoring
To evaluate machine translation (MT) quality for
our low resource African language setting, we
adopt both reference-based and reference-free eval-
uation metrics introduced in Li et al. (2025). These
metrics allow us to systematically assess the quality
of the human-translated Amharic outputs. Follow-
ing prior work (Alabi et al., 2025a; Azime et al.,
2025a), we flagged all translations with a score be-
low 0.65 for manual inspection. While we found
that many low-scoring cases were in fact false neg-
atives produced by SSA-COMET (Li et al., 2025),
reflecting known limitations of automatic evalu-
ation in low-resource languages, we nonetheless
identified and corrected a small number of gen-
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Figure 5: Regional Performance. Performance of the two differently performing models (top) (Gemma-3-27b-it)
and (Llama 3.2 1B Instruct), showing performance variation across narratives from different regions in our dataset.

uine translation errors attributable to the translators.
This combined automatic-plus-manual verification
ensured that our final Amharic translations main-
tained high linguistic quality and fidelity to the
original stories.

3.1.5 Train-Test Split

We sorted all story and question–answer pairs by
their average SSA-COMET scores and used this or-
dering to create the train–test split. This approach
ensures that translation inconsistencies do not dis-
proportionately influence model evaluation and fail-
ures due to translation problems does not result
evaluation problem.

After randomizing the answer choices from the
structured-generation labels (where the correct an-
swer was always originally assigned to option A)
to simplify downstream quality control, we created
a balanced 50/50 split for the benchmark. This split
was lightly informed by the overall SSA-COMET
score distribution to avoid translation-quality im-
balance, resulting in 571 training instances and 649
test instances. This include instances where ssa-
comet fails to capture translation quality according
to human raters.

4 Experimental Setup

4.1 Evaluation
We selected 7 models that support a maximum
context length of 128k tokens to align with the
long-form nature of our tasks.

We conducted all evaluations using EleutherAI’s
open-source Language Model Evaluation Harness
(lm-eval) (Gao et al., 2024). The framework sup-
ports multiple evaluation strategies, including log-
likelihood, text generation, and perplexity, with
experiments configured and managed via configu-
ration files. For open-source models, we employed
log-likelihood and generation-based evaluation for
multiple-choice tasks. In multiple-choice each can-
didate option is appended to the corresponding
question prompt, after which the log-likelihood is
computed. Model accuracy is then reported based
on the option with the highest log-likelihood score.

4.2 Finetuning
To fine-tune LLLMs, we leveraged LLaMA-
Factory (Zheng et al., 2024), an open-source
framework that supports efficient fine-tuning
through parameter-efficient methods and scalable
training pipelines. We performed LoRA-based
supervised fine-tuning using two A100 GPUs on
English-only, Amharic-only, and combined multi-
lingual datasets. All datasets were converted to the
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Figure 6: Results on Amharic vs. English tasks. Left: Accuracy on multiple-choice question answering (MCQA)
tasks under different task–prompt language settings. Right: Generative performance measured using chrF under the
same conditions.

Alpaca instruction format and will be shared as part
of our released resources. Training was conducted
for three epochs using a LoRA rank of 8 and an
effective batch size of 8 via gradient accumulation.
A systematic exploration and optimization of hy-
perparameters, including LoRA configuration and
training dynamics, is left for future work.

4.3 Task choice

Previous work has shown that large language mod-
els’ performance on multiple-choice question an-
swering (MCQA) tasks is heavily influenced by
factors such as option ordering and other structural
biases (Loginova et al., 2025). These limitations
are further amplified in low-resource language set-
tings, as demonstrated by recent analyses in (Azime
et al., 2025b). Despite these known issues, MCQA
remains one of the most widely used evaluation
paradigms due to its ease of benchmarking, repro-
ducibility, and straightforward metric computation.
For this reason, we include MCQA tasks in our
evaluation while complementing them with genera-
tive tasks, allowing for a more balanced assessment
across different task formulations and reducing re-
liance on a single evaluation signal.

5 Result and Analysis

Cultural Differences Following Cecilia Liu et al.
(2024), we visualize regional semantic variation us-
ing kernel density estimates (KDE) over 2D PCA
projections of multilingual MiniLM sentence em-
beddings. As shown in Figure 2, the substantial
overlap among regions suggests that stories writ-
ten in Amharic largely occupy a shared seman-
tic space, reflecting common narrative structures,
themes, and stylistic conventions across Ethiopia.
At the same time, the outer contour differences ob-
served for specific regions reveal localized seman-

tic shifts, indicating that certain regions contribute
stories with distinctive cultural motifs or domain-
specific content. These patterns demonstrate that,
although the language is the same, regional story-
telling traditions introduce measurable semantic
variation.

(RQ1) How well do Large Language Models
comprehend Amharic narratives?

Multiple-choice question answering (MCQA).
As shown in the Figure 6 (Left), The MCQA re-
sults reveal a bimodal pattern in Amharic narrative
comprehension. While Gemma models retain high
accuracy on Amharic tasks (above 0.80%), all other
models exhibit a sharp performance collapse to
the 0.20–0.35 range, despite achieving great accu-
racy on English tasks. This separation suggests
that cross-lingual narrative transfer is not grad-
ual but model-dependent, likely reflecting differ-
ences in pretraining data or representational align-
ment rather than model size alone. Notably, En-
glish and Amharic prompting yield nearly iden-
tical performance for low-performing models, in-
dicating a hard comprehension bottleneck where
prompt language has diminishing returns. More-
over, strong English performance does not reliably
predict Amharic comprehension: large multilin-
gual models such as Aya 23 35B perform compara-
bly to much smaller models on Amharic MCQA.
Together, these findings indicate a structural limita-
tion in Amharic narrative understanding rather than
a failure of instruction following. Notably, Llama
3.1 8B Instruct exhibits the largest performance gap
between English and Amharic prompting, suggest-
ing that its narrative comprehension abilities are
disproportionately stronger in English. This gap
points to insufficient Amharic narrative exposure
during training and motivates RQ3, where we in-
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Figure 7: Effect of SFT on AmharicStoryQA across regions. Performance of Llama 3.1 8B Instruct(top) and its
SFT variant trained on AmharicStoryQA (SFT Llama 3.1 8B (All), bottom) on MCQA and generative evaluation.

vestigate whether increased and targeted Amharic
narrative data can mitigate this disparity.

Generative comprehension. As shown in Fig-
ure 6 (right), in contrast to the sharp performance
collapse observed in MCQA, generative evaluation
using chrF exhibits a more gradual degradation
when narratives are presented in Amharic. This
pattern indicates a consistent under-performance
across all Amharic results, rather than abrupt fail-
ure on specific instances. While chrF scores drop
substantially from English to Amharic tasks, mod-
els retain partial generation capability, suggesting
preserved lexical and syntactic knowledge despite
limited narrative understanding. Providing English
prompts, in most cases, for Amharic narratives
yields higher chrF scores than Amharic prompts,
with gains of roughly 1–3 points, indicating im-
proved surface-level fluency. However, these im-
provements do not correspond to higher MCQA
accuracy, highlighting a dissociation between gen-
erative fluency and true comprehension.

Across both MCQA and generative bench-
marks, models exhibit a consistent and system-
atic performance degradation when operating on
Amharic narratives, preserving relative model rank-
ings and prompt-language effects, which jointly
indicate a structural limitation in Amharic narra-
tive understanding rather than benchmark-specific

failure.

(RQ2) How cultural differences influence LLM
performance in a single language? In Figure 3,
we observe variability in sequence length across
stories from different regions, highlighting region
specific narrative characteristics beyond the seman-
tic based analysis presented in Figure 2. In this
research question, we aim to break down Amharic
narrative understanding capabilities and examine
how they are influenced by regional differences.
Through manual exploration, we observe that sto-
ries often focus on region specific topics shaped
by local traditions; for example, narratives from
the Afar region where pastoralism is prevalent fre-
quently involve camel herding and cattle theft.

To answer this question, Figure 5 examines two
models with contrasting characteristics, Gemma-3-
27b-it and Llama 3.2 1B Instruct, and analyzes their
performance across regions. For English narra-
tive understanding, we observe noticeable regional
variation in most model–task settings, with differ-
ences of up to ±10 chrF points or nearly 20% ac-
curacy. An exception is the MCQA performance
of Gemma-3-27b-it, which remains relatively sta-
ble across regions. In contrast, Amharic narrative
understanding exhibits reduced regional variance,
likely due to the uniformly low baseline perfor-
mance of the models. Similarly, differences arising
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Model Name (Trained Split) language prompt_language MCQA (accuracy) Generation(chrf)

SFT Llama 3.1 8B (All) English English 0.998 28.931
SFT Llama 3.1 8B (Eng) English 0.992 23.901
SFT Llama 3.1 8B (Amh) English 0.988 18.023
Llama 3.1 8B Instruct English 0.986 15.283

SFT Llama 3.1 8B (All) Amharic English 0.802 10.410
SFT Llama 3.1 8B (All) Amharic 0.787 10.086
SFT Llama 3.1 8B (Amh) English 0.758 10.056
SFT Llama 3.1 8B (Amh) Amharic 0.748 9.758
SFT Llama 3.1 8B (Eng) Amharic 0.540 8.259
SFT Llama 3.1 8B (Eng) English 0.309 7.661
Llama 3.1 8B Instruct Amharic 0.383 7.944
Llama 3.1 8B Instruct English 0.701 8.603

Table 1: Effect of training Llama 3.1 8B Instructon different AmharicStoryQA subsets (English-only, Amharic-only,
and combined) for narrative understanding.

from prompt language choice in Amharic are at-
tenuated in regional evaluations, suggesting that
regional effects are overshadowed by broader limi-
tations in Amharic narrative comprehension.

(RQ3) Can we improve LLM performance using
the culturally grounded training dataset we in-
troduce, demonstrating the importance of such
data for addressing the limitations observed?

Using both the English and Amharic training
splits of the AmharicStoryQA dataset, we aim to
improve the narrative understanding capabilities of
existing LLMs and to demonstrate that our curated
dataset can mitigate the narrative comprehension
limitations observed in prior evaluations. We select
Llama 3.1 8B Instructas our primary model due to
its comparatively low and variable performance in
the benchmarking results shown in Figure 6. This
choice allows us to more clearly assess the impact
of our training data. In contrast to models such as
the Gemma family, which exhibited stronger base-
line performance, Llama 3.1 8B Instructprovides
a suitable testbed for evaluating whether targeted
supervision can substantially improve Amharic nar-
rative understanding.

As shown in Table 1, LoRA fine-tuning on the
combined and English-only splits leads to clear
gains in English narrative comprehension, with
the largest improvements observed in generative
evaluation, reaching up to +13 chrF. In contrast,
MCQA performance shows limited gains, likely
due to near-saturated accuracy in English settings.

For Amharic narrative understanding, we ob-
serve substantially larger benefits, with MCQA ac-
curacy improving by nearly 40% compared to the
base instruction model. Notably, the performance
gap between English and Amharic prompting nar-
rows when training on the combined dataset, indi-
cating reduced prompt-language sensitivity. More-

over, cross-lingual training, using English stories to
improve Amharic evaluation and vice versa, consis-
tently improves both MCQA and generative scores,
providing evidence of effective cross-lingual narra-
tive transfer.

Fine-tuned models and regional improvements.
Figure 7 shows that fine-tuning on AmharicSto-
ryQA both improves MCQA performance and sta-
bilizes results across regions, substantially reduc-
ing the regional disparities observed in the base
model. This stabilization effect is particularly evi-
dent for Amharic narrative understanding, where
fine-tuning leads to more consistent performance
across diverse regional story distributions.

In contrast, regional differences are more pro-
nounced for English narratives, even after fine-
tuning. This suggests that fine-tuning primarily
benefits Amharic narrative representations, while
also revealing underlying regional characteristics
that remain less influential for English benchmarks.
As a result, fine-tuned models exhibit clearer re-
gional variation in English tasks, indicating that
regional narrative properties are more visible once
the model’s overall comprehension improves.

6 Conclusion and Future Work

In this work, we investigated multicultural variation
within a single language and its impact on long-
form Amharic story question answering. We in-
troduced AmharicStoryQA, a regionally grounded
benchmark designed to capture cultural and narra-
tive diversity among Amharic speakers, and used
it to systematically evaluate the narrative under-
standing capabilities of large language models
across regions. Our results show that cultural vari-
ation within the same language meaningfully af-
fects story comprehension, revealing limitations in
current LLMs that are not captured by standard,
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language-level evaluations. In particular, we find
that regional narrative characteristics influence both
selection-based and generative understanding, high-
lighting the need for culturally aware evaluation
and training data. For future work, we plan to ex-
tend this single-language, multi-culture analysis to
a broader multilingual and multicultural setting.

Limitations

Due to the scarcity of volunteers and the high level
of manual effort required, this study does not ex-
tend the analysis to multiple languages. As a result,
we are unable to determine whether the observa-
tions reported in this work generalize across lan-
guages or are specific to Amharic.
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Appendix

A Dataset Distribution in Regional

Stories depicting cultural practices, daily life, and
narratives from the Amhara region constitute ap-
proximately 20% of the total AmharicStoryQA
dataset. Stories referring specifically to the Tigray
and Oromia regions account for 12% and 11% of
the dataset, respectively. As shown in Figure 8, the
remaining regions of Ethiopia collectively repre-
sent more than 50% of the dataset.

amhara
19.7%

tigray

12.3%oromia

11.1%

harar 10.2%

somalia
9.8%

snnpr/omo-zone

8.6%
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6.1%
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4.5% snnpr/keffa-zone
4.5%
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4.1%

snnpr/gurage-zone3.3%

Figure 8: Dataset distribution in Region

B Ethiopian Regions

Tigray: is the northernmost regional state, border-
ing Eritrea to the north. It is the homeland of the
Tigrayan people, who speak Tigrinya. The region is
historically significant as the center of the ancient
Aksumite Empire.

Oromia: is the largest regional state in Ethiopia
by both population and land area, stretching across
the central, western, and southern parts of the coun-
try. It is the homeland of the Oromo people, the
largest ethnic group in Ethiopia, and the administra-
tive center is Addis Ababa (Finfinne), which also
serves as the national capital.

Amhara: is a regional state located in the north-
western and central highlands of Ethiopia. It is
the historic homeland of the Amhara people and
is known for its agricultural potential and major
tourist attractions like Lalibela and Gondar. The
primary language spoken is Amharic.

Somali: is the second-largest region by area,
located in the eastern part of Ethiopia bordering
Somalia and Djibouti. It is predominantly inhab-
ited by the Somali people who share a common
language, culture, and Islamic heritage with Soma-
lis in neighboring countries. The region is largely
arid and known for pastoralism.

Sidama: is a regional state in southern Ethiopia
formed in 2020 after separating from the former
SNNPR. It is the homeland of the Sidama people,
who are famous for their high-quality coffee pro-

duction, a major export for the country. The capital
is Hawassa.

Afar: is located in the northeastern part of
Ethiopia, home to the Afar people. The region
is known for the Danakil Depression, one of the
hottest and lowest places on Earth, and is geologi-
cally active. The inhabitants are traditionally pas-
toralists.

Benishangul-Gumuz: is located in western
Ethiopia along the border with Sudan. It is home
to diverse ethnic groups including the Berta and
Gumuz.

Gambela: is situated in the western tip of
Ethiopia, bordering South Sudan. It has a tropi-
cal climate and is inhabited primarily by the Nuer
and Anuak peoples. The region is rich in wildlife
and water resources, including the Baro River.

Harari: is the smallest regional state in Ethiopia,
located in the east. It is the homeland of the Harari
people and centers around the ancient walled city
of Harar (Jugol), a UNESCO World Heritage site
and a major center of Islamic culture in the Horn
of Africa.

South West Ethiopia Peoples’ (SWEP): is a
regional state in southwestern Ethiopia formed in
2021. It consists of the Kaffa (the birthplace of
coffee), Sheka, Bench Sheko, Dawro, and West
Omo zones, representing a diverse mix of ethnic
groups and languages.

Central Ethiopia: is a newly formed regional
state (established in August 2023) created from
the northern part of the former Southern Nations,
Nationalities, and Peoples’ Region (SNNPR). It
is home to the Gurage, Hadiya, and Silte people,
among others.

South Ethiopia: is a newly formed regional
state (established in August 2023) created from the
southern part of the former SNNPR. It includes
zones such as Wolayta, Gamo, Gofa, and South
Omo, which is famous for its diverse indigenous
cultures.

Addis Ababa: is the capital city of Ethiopia and
a chartered city (city administration). It serves as
the headquarters for the African Union and is a
melting pot of all Ethiopian ethnic groups.

Dire Dawa: is the second chartered city in
Ethiopia, located in the eastern part of the country.
It is a major commercial and industrial hub, his-
torically developed around the Ethiopia-Djibouti
Railway.
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C Avarage Agreement Rating

Figure 9: Average rating of correctness and faithfulness,
linguistic quality and clarity across three human evalua-
tors

D Training Parameters

Fine-tuning Configuration. We fine-tune
Meta-Llama-3-8B-Instruct using a super-
vised fine-tuning (SFT) stage with LoRA
adapters. The training uses lora_rank=8 with
lora_target=all parameters while enabling
trust_remote_code. Data preprocessing uses 16
workers and the dataloader uses 4 workers, with
caching enabled and no limit on the number of
samples. Training is performed with a per-device
batch size of 1 and gradient accumulation of
8 steps, resulting in an effective batch size of
8. We train the model for 10 epochs using a
learning rate of 1 × 10−4 with a cosine learning
rate scheduler and a warmup ratio of 0.1. Mixed

precision training with bf16 is enabled. Model
checkpoints are saved every 500 steps, training
logs are recorded every 10 steps, and loss curves
are plotted during training. All outputs are stored
in the specified output directory with overwriting
enabled when necessary.

E Question Generation

Question Generation

You are an expert educational content creator and an
analytical text comprehension specialist. Your task is to
generate challenging multiple-choice questions from the
provided stories. These questions are designed to assess
and diagnose language model reading comprehension.
Question Design Guidelines

• Focus on key story elements such as characters,
events, causes, motivations, and outcomes.

• Ensure the question cannot be answered without
understanding important parts of the story.

• Avoid vague or superficial questions.

Answer Choice Requirements
Each question must contain four answer choices (A–D)
with the following roles:
A. Correct Answer

• The only correct option.

• Explicitly stated or directly derivable from the
story.

• Requires no external knowledge.

B. Common-Sense Distractor

• Sounds plausible using real-world knowledge.

• Not supported by the story.

C. Unrelated Hallucination

• Completely unrelated to the story.

• Tests rejection of irrelevant information.

D. Factual Contradiction

• Directly contradicts a fact stated in the story.

• Must be clearly false given the text.

Input: Story: {story}
Output: Generate {num_questions} multiple-choice
questions and return the result as a JSON list.

32



F Annotation Guidelines
Annotation Guidelines

1. Correctness and Faithfulness
Guiding Questions

• Is the question grounded in the story?

• Is the correct answer fully supported by the story?

• Do distractors follow the intended roles (plausible,
opposite, irrelevant)?

• 5 Perfectly grounded in the story. Correct answer fully
supported and all distractors follow their roles.

• 4 Mostly accurate with minor issues. One distractor
may be weak or ambiguous.

• 3 Some factual mismatch or unclear reference. Dis-
tractors may be too similar.

• 2 Loosely based on the story. Correct answer weakly
supported.

• 1 Major flaws. Distractors poorly constructed.

• 0 Completely invalid or unrelated to the story.

2. Linguistic Quality and Clarity
Guiding Questions

• Is the question grammatically correct and natural in
Amharic?

• Is it fluent and easy to understand?

• 5 Excellent grammar and fluency.

• 4 Minor grammatical issues.

• 3 Understandable but awkward phrasing.

• 2 Difficult to understand.

• 1 Poor grammar and confusing phrasing.

• 0 Incomprehensible.

3. Comprehension Depth and Challenge Level
Guiding Questions

• Does the question test meaningful comprehension?

• Does it require reasoning beyond surface-level recall?

• 5 Deep reasoning or inference required.

• 4 Solid comprehension question.

• 3 Basic understanding required.

• 2 Too simple or shallow.

• 1 Trivial or irrelevant.

• 0 Completely unrelated to the task.

G Evaluation Prompt
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Prompt 1 -- English: 
 
Read the following story carefully and answer the question that follows. 
 
Story: 
"{story}" 
 
Question: 
"{question}" 
 
Choices: 
A) {choice1} 
B) {choice2} 
C) {choice3} 
D) {choice4} 
 
Your answer (A, B, C, or D): 
 
 
Prompt 1 -- Amharic: 
 
የሚከተለውን ታሪክ በጥንቃቄ ያንብቡ እና ከዚያ በኋላ የሚከተለውን ጥያቄ ይመልሱ። 
 
ታሪክ: 
"{story}" 
 
ጥያቄ: 
"{question}" 
 
አማራጮች: 
A) {choice1} 
B) {choice2} 
C) {choice3} 
D) {choice4} 
 
መልስዎ (A, B, C, ወይም D): 
 
 
Prompt 2 -- English: 
 
Read the story below carefully, paying attention to the details of what 
happens, and then answer the question that tests your understanding of it. 
 
Story: 
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"{story}" 
 
Question: 
"{question}" 
 
Choices: 
A) {choice1} 
B) {choice2} 
C) {choice3} 
D) {choice4} 
 
Your answer (A, B, C, or D): 
 
 
Prompt 2 -- Amharic: 
 
ከታች ያለውን ታሪክ በጥንቃቄ ያንብቡ፣ የተከሰቱትን ነገሮች ዝርዝሮች በትክክል ይጠብቁ፣ 
ከዚያም የገባዎትን ለመፈተሽ የሚከተለውን ጥያቄ ይመልሱ። 
 
ታሪክ: 
"{story}" 
 
ጥያቄ: 
"{question}" 
 
አማራጮች: 
A) {choice1} 
B) {choice2} 
C) {choice3} 
D) {choice4} 
 
መልስዎ (A, B, C, ወይም D): 
 
 
Prompt 3 -- English: 
 
Carefully read the following passage to understand the events, emotions, 
and main ideas it conveys, then choose the most accurate answer to the 
question that follows. 
 
Story: 
"{story}" 
 
Question: 
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"{question}" 
 
Choices: 
A) {choice1} 
B) {choice2} 
C) {choice3} 
D) {choice4} 
 
Your answer (A, B, C, or D): 
 
 
Prompt 3 -- Amharic: 
የሚከተለውን ጽሑፍ በጥንቃቄ ያንብቡ እና ውስጡ የተገለጹትን ክስተቶች፣ ስሜቶች እና ዋና ሀሳቦች 
በትክክል ለመረዳት ይሞክሩ፣ ከዚያም የሚከተለውን ጥያቄ ለመመለስ ትክክለኛውን አማራጭ ይምረጡ። 
 
ታሪክ: 
"{story}" 
 
ጥያቄ: 
"{question}" 
 
አማራጮች: 
A) {choice1} 
B) {choice2} 
C) {choice3} 
D) {choice4} 
 
መልስዎ (A, B, C, ወይም D): 
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Abstract
Multimodal misinformation is increasingly
crafted to look convincing by pairing a tex-
tual claim with an image that appears to “prove”
it. Yet in practice, building effective detectors
often hinges on a small set of design choices
that are rarely examined in a controlled way.
In this paper, we conduct a large-scale study
of multimodal design choices for misinforma-
tion detection with over 3,375 experiments-
spanning three benchmark datasets and a broad
range of pre-trained vision and language back-
bones. Through systematic comparisons and
targeted robustness analyses, we distill prac-
tical guidance on which design choices help,
when do they fail silently, and what aspects
of the pipeline most strongly shape model be-
havior, answering 4 key Research Questions
(RQs). We aim to provide a reliable foundation
for designing stronger and more dependable
multimodal misinformation detection systems,
thus contributing to the broader research com-
munity.

1 Introduction

Misinformation on social media and online news
is increasingly multimodal: the core claim is ex-
pressed through text, while an accompanying im-
age is often interpreted as corroborating evidence.
In practice, however, the image may be irrelevant,
out-of-context, weakly related, or intentionally ma-
nipulated, yet still persuasive enough to mislead
readers. This makes credibility assessment diffi-
cult for unimodal systems, since text-only models
cannot verify visual evidence, while image-only
models cannot interpret what is being claimed. As
a result, multimodal misinformation classification
has become a standard framing for fake-news de-
tection, rumor detection, and image–text inconsis-
tency analysis (Abdali et al., 2024; Comito et al.,
2023; Jin et al., 2017; Luo et al., 2021). A large
body of work addresses this setting, but the de-
sign space is now broader than fusion alone. Att-

RNN (Jin et al., 2017) integrates textual, visual, and
social-context signals; EANN (Wang et al., 2018)
targets event-specific bias; SpotFake (Singhal et al.,
2019) and SpotFake+ (Singhal et al., 2020) show
the strength of transfer-learning pipelines built
from pre-trained encoders; MVAE (Khattar et al.,
2019) studies shared latent spaces; and models such
as SAFE (Zhou et al., 2020), MCNN (Xue et al.,
2021), and recent out-of-context image–text veri-
fication work such as NewsCLIPpings (Luo et al.,
2021) and SNIFFER (Qi et al., 2024) explicitly tar-
get cross-modal mismatch. Adjacent image–text
classification tasks expose similar design tensions.
In multimodal meme classification, CLIP-based
methods investigate explicit cross-modal interac-
tion and lightweight adaptation of pretrained rep-
resentations (Kumar and Nandakumar, 2022; Shah
et al., 2024), while more recent work explores
keyword-guided representation learning (Sharma
and Patil, 2026a) and local–global pivotal-cue
grounding with frozen CLIP features (Sharma and
Patil, 2026b). Although these tasks target harm,
hate, or sarcasm rather than veracity, they motivate
the same broader question of how encoder choice,
fusion, and modality reliance shape robust image–
text classification.

Across this literature, however, several recurring
design factors are typically entangled: the visual
backbone, the text backbone, the level of multi-
modal interaction, the downstream head, and the
model’s dependence on each modality. Yet a ba-
sic question remains unresolved: when it comes to
multimodal misinformation classification, which of
these design factors actually contribute to model
performance and which don’t? Prior work of-
ten varies several factors at once, or reports only
the best benchmark-specific configuration, making
it difficult to isolate what actually drives perfor-
mance (Abdali et al., 2024; Comito et al., 2023;
Chen et al., 2023). This matters because many
practical pipelines rely on frozen pre-trained en-
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coders and lightweight heads, where small design
decisions can dominate the final result. In this
paper, we conduct a controlled study of multi-
modal misinformation detection that isolates each
design component and evaluate the resulting bene-
fits, trade-offs at scale. Concretely, we define three
fusion strategies based on the abstraction level be-
ing combined—early fusion (feature-level), mid fu-
sion (score-level), and late fusion (decision-level)—
and evaluate them as part of the design factors
under a unified protocol. We then address four key
research questions:

• RQ1. Generalized Performance Trends:
Which end-to-end performance patterns are
seen to remain stable across different large-
scale multimodal misinformation bench-
marks?

• RQ2. Modality Complementarity: When
do text and image contribute complementary
evidence, and when does one modality dom-
inate when it comes to multimodal misinfor-
mation detection?

• RQ3. Impact of Each Component on
Overall Performance: Which pipeline
components-visual encoder, text encoder, fu-
sion strategy, or classifier, exert the most reli-
able effect on the classification performance?

• RQ4. Benchmark-Shift Generalization: To
what extent do strong in-benchmark design
choices and observed performance trends gen-
eralize under transfer to unseen misinforma-
tion benchmarks?

Across the three benchmark datasets, we conduct
a total of 3,375 experiments- consisting of 675 in-
domain model evaluations, 1,350 modality-drop
evaluations, and 1,350 cross-dataset transfer evalu-
ations. Contributions.

1. RQ-based Analysis: We provide a unified
empirical analysis of performance trends,
modality dependence, component robustness,
and transfer under benchmark shift, providing
answers to the 4 key research questions.

2. Evidence at scale: 675 + 1,350 + 1,350
= 3,375 controlled experiments across three
benchmark datasets a unified protocol and
diverse backbone combinations, supporting
reproducible and broadly applicable conclu-
sions.

3. Statistically grounded conclusions: We re-
port confidence intervals, paired hypothe-
sis tests, and transfer analyses that sepa-
rate benchmark-stable findings from dataset-
contingent effects.

2 Methodology

2.1 Problem Formulation
Let D = {(ximg

i , xtext
i , yi)}Ni=1 be a multimodal

misinformation dataset, where x
img
i is an image,

xtext
i is the associated text, and yi ∈ {1, . . . , C} is

the class label. We learn a classifier

f : Ximg ×Xtext → {1, . . . , C}

using a modular pipeline with a vision encoder ϕv :
Ximg → Rdv and a text encoder ϕt : Xtext → Rdt :

zimg = ϕv(x
img) ∈ Rdv ,

ztext = ϕt(x
text) ∈ Rdt .

Fusion combines (zimg, ztext) into a joint represen-
tation, which is then passed to the final classifier.

2.2 Encoders and Classifiers Used
2.2.1 Vision Encoders
We instantiate ϕv using five pre-trained vision back-
bones that span both convolutional and transformer-
based families: ResNet-50 (He et al., 2016),
ViT-B/16 (Dosovitskiy et al., 2021), CLIP ViT-
B/32 (Radford et al., 2021), SigLIP (Zhai et al.,
2023), and VGG-16 (Simonyan and Zisserman,
2015). This set covers standard CNNs, vanilla vi-
sion transformers, and image encoders trained with
image–text pretraining objectives.

This selection is included to make the visual en-
coder a controlled experimental factor rather than
a single default backbone. VGG-16 and ResNet-
50 represent canonical convolutional architectures,
with VGG-16 providing a plain deep CNN baseline
and ResNet-50 representing residual CNNs. ViT-
B/16 introduces a transformer-based visual encoder
that operates over image patches rather than convo-
lutional feature maps. CLIP ViT-B/32 and SigLIP
add vision towers trained through paired image–
text supervision, which is especially relevant for
misinformation detection because the visual evi-
dence must be interpreted relative to a textual claim.
Holding the downstream pipeline fixed while vary-
ing these encoders allows us to test whether per-
formance is driven mainly by convolutional ver-
sus transformer architecture, by unimodal versus
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Figure 1: Figure showcasing the early fusion architec-
ture used as part of our experiments

multimodal pretraining, or by the specific visual
representation learned by each backbone.

2.2.2 Text Encoders
We instantiate ϕt using five pre-trained language
backbones: BERT-base (Devlin et al., 2019), Dis-
tilBERT (Sanh et al., 2019), SBERT (Reimers and
Gurevych, 2019), CLIP-Text (Radford et al., 2021),
and SigLIP-Text (Zhai et al., 2023). Together, these
models cover standard bidirectional transformers,
distilled encoders, sentence-oriented encoders, and
text towers trained jointly with images.

This set is included to make the text encoder a
separate controlled axis of the study. BERT-base
provides a standard bidirectional Transformer base-
line for contextual token-level language represen-
tations, while DistilBERT tests whether a smaller
distilled encoder preserves enough semantic sig-
nal for the same downstream task. SBERT repre-
sents sentence-level representation learning, which
is useful because misinformation examples are clas-
sified from complete claims or captions rather than
isolated tokens. CLIP-Text and SigLIP-Text rep-
resent text towers trained under image–text align-
ment objectives, making them natural counterparts
to multimodal vision encoders. Comparing these
choices allows us to distinguish gains from general
language understanding, sentence-level semantic
embedding quality, and multimodal alignment.

2.2.3 Classifiers
We use three lightweight heads on top of
frozen multimodal representations: logistic regres-
sion (Cox, 1958), random forest (Breiman, 2001),
and XGBoost (Chen and Guestrin, 2016). This set
provides a clean comparison between a standard-
ized linear classifier, a bagging-based ensemble,
and a boosting-based ensemble. Including logis-
tic regression is important in our setting because
frozen pre-trained representations can often be eval-
uated effectively with simple linear probes (Korn-
blith et al., 2019), making a strong linear baseline

difficult to beat.
These classifiers are included because the goal is

to evaluate the representations and fusion strategies
rather than to hide their effects behind a large train-
able prediction head. Logistic regression provides
the lowest-capacity linear probe: if it performs well,
the frozen multimodal representation already ex-
poses task-relevant information in a nearly linearly
separable form. Random forest adds non-linear
decision boundaries through bagged decision trees,
while XGBoost provides a stronger boosting-based
alternative that can capture feature interactions
more aggressively. Using these three lightweight
heads therefore gives an interpretable range of clas-
sifier capacity while keeping the main comparison
focused on the encoders, fusion level, and modality
dependence.

2.2.4 Fusion Architectures
Early fusion performs feature-level fusion by con-
catenating the image and text embeddings:

zearly = [zimg; ztext] ∈ Rdv+dt ,

ŷ = hearly(z
early).

This is a single-stage scheme with no intermediate
unimodal decision layer.

Mid fusion is a score-level two-stage scheme.
We first train unimodal classifiers himg and htext and
extract unimodal score representations ℓimg, ℓtext ∈
RC . These are concatenated and passed to a final
fusion classifier:

zmid = [ℓimg; ℓtext] ∈ R2C , ŷ = hmid(z
mid).

Late fusion is a decision-level two-stage scheme.
We first obtain unimodal probabilities pimg, ptext ∈
[0, 1]C , concatenate them, and train a final classifier
on the resulting vector:

zlate = [pimg; ptext] ∈ R2C , ŷ = hlate(z
late).

2.3 Benchmark Setup
We evaluate on three large-scale multimodal mis-
information benchmarks: MMFakeBench, MiRA-
GeNews, and VLDBench (Liu et al., 2025; Huang
et al., 2024; Raza et al., 2026). MMFakeBench
contains 11,000 image–text pairs, MiRAGeNews
contains 15,000 pairs across its training, valida-
tion, and test partitions, and VLDBench contains
31,339 article–image pairs. Together, they cover
mixed-source content, AI-generated multimodal
news, and vision–language disinformation.
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Figure 2: Figure showcasing the mid and late fusion architecture used as part of our experiments

For consistent supervised evaluation, we con-
struct 80/20 train–test partitions for all three
datasets, resulting in 8,800/2,200 examples for
MMFakeBench, 12,000/3,000 for MiRAGeNews,
and 25,071/6,268 for VLDBench. For MiRAGe-
News, we remove 841 records with missing im-
ages—673 from the training partition and 168
from the test partition—leaving 14,159 instances
(11,327/2,832). The final study comprises 56,498
examples: 11,000 from MMFakeBench, 14,159
from MiRAGeNews, and 31,339 from VLDBench.
For cross-dataset transfer, we train on the con-
structed source training partition and evaluate on
the target test partition.

2.4 Implementation Details

All encoders are frozen, and only the downstream
classifier heads are trained. Logistic regression
uses standardized inputs, the lbfgs solver, and
max_iter=2000; random forest uses 300 trees; and
XGBoost uses 300 trees, a 0.05 learning rate, maxi-
mum depth 6, row and column subsampling of 0.8,
histogram-based tree construction, and a binary lo-
gistic objective. Feature extraction uses batch sizes
of 16 and 32 for vision and text, respectively, with a
maximum text length of 64. All experiments run on
an NVIDIA RTX A4000 GPU with 16 GB VRAM.

Mid and late fusion use leakage-free stacking.
For each outer training split, the unimodal branches
generate out-of-fold predictions or features using
shuffled 5-fold StratifiedKFold with a fixed ran-
dom seed. The fusion classifier is trained only on
these outputs, ensuring that no example both trains
a unimodal model and contributes its in-sample pre-
diction to the fusion model. The unimodal branches
are then retrained on the full outer training split to
generate outputs for the held-out test split, which
is never used for training, calibration, or model
selection. Cross-dataset transfer follows the same
protocol: out-of-fold features and the fusion model
are learned only from the source training set, and

the frozen source-trained pipeline is evaluated di-
rectly on the target test set.
Statistical analysis. For all four research questions,
we report Macro-Precision, AUROC, and Accuracy
with 95% confidence intervals. Macro-Precision is
the primary metric because false-positive credibil-
ity flags can be costly, while AUROC and Accuracy
assess ranking quality and operating-point behav-
ior. Aggregate comparisons over matched configu-
rations use bootstrap confidence intervals. Paired
comparisons use Wilcoxon signed-rank tests, with
Holm correction for multiple pairwise tests; multi-
level component comparisons use Friedman tests
followed by Holm-corrected Wilcoxon post-hoc
tests. We report Wilson score intervals for pro-
portions, such as the frequency with which early
fusion wins, and use exact McNemar tests for se-
lected instance-level comparisons.

3 Results and Discussion

We organize the results by the four research ques-
tions. Unless otherwise noted, all table entries
are mean percentages over matched configurations,
and comparative claims such as “best,” “strongest,”
or “default” refer to Macro-Precision, with AU-
ROC and Accuracy reported as secondary diagnos-
tics.

3.1 RQ1: Generalized Performance Trends

Based on Table 2, one in-domain trend is exception-
ally stable: early fusion is the only strategy that
is best on average across all three datasets and
metrics. Over 225 matched in-domain configura-
tions, it achieves 76.02% Macro-Precision (95% CI
[74.58, 77.50]), 82.92% AUROC ([81.46, 84.39]),
and 76.87% Accuracy ([75.51, 78.26]), compared
with 74.23 / 81.64 / 76.04 for mid fusion and 74.09
/ 81.37 / 75.91 for late fusion. Its Macro-Precision
advantage is significant over both mid and late fu-
sion (p = 1.00 × 10−8 and 5.45 × 10−11), and
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it wins 136/225 matched blocks, or 60.4% with
Wilson interval [53.9, 66.6].

Classifier rankings support exclusion rather than
a single universal winner. Random forest is the
weakest head across all three datasets and met-
rics, while logistic regression and XGBoost form
the competitive pair in Table 1. Logistic regression
is nominally best in Macro-Precision at 76.42%,
but is tied with XGBoost at 76.34% (p = 0.160).
XGBoost achieves the highest AUROC at 84.07%,
significantly above logistic regression at 83.33%
(p = 0.0022), whereas logistic regression has the
highest Accuracy at 78.08%, with no significant
difference from XGBoost’s 77.93% (p = 0.175).
XGBoost leads on MMFakeBench and VLDBench,
while logistic regression leads on MiRAGeNews.
Thus, random forest should be avoided, and the
final choice should be between logistic regres-
sion and XGBoost depending on whether Macro-
Precision or AUROC is prioritized.

The single-dataset evidence is strongest on VLD-
Bench and MMFakeBench, where early fusion im-
proves Macro-Precision by roughly two to three
points over the best alternative, while preserv-
ing the same ordering on MiRAGeNews. This
benchmark-consistent ranking shows that the re-
sult is not merely a small average effect across runs.
When the evaluation target is unknown, early fu-
sion is therefore the safest in-domain default for
Macro-Precision, with AUROC and Accuracy pro-
viding consistent support.

3.2 RQ2: Modality Complementarity
The modality-drop analysis still supports comple-
mentarity, but the dominant pattern is not symmet-
ric synergy; it is image-heavy reliance. Table 3
shows the full multimodal result together with both
single-modality drop tests for every dataset–fusion–
classifier block. Across all 675 matched compar-
isons, removing text reduces Macro-Precision by
4.83 points (95% CI [4.18, 5.53]), AUROC by
3.93 ([3.65, 4.23]), and Accuracy by 5.78 ([5.28,
6.31]), whereas removing the image stream re-
duces them by 13.42 [12.20, 14.69], 12.08 [11.48,
12.66], and 16.93 [16.10, 17.79] points, respec-
tively. Full multimodal models significantly out-
perform both text-drop and image-drop variants
overall on all three metrics (all p < 10−78), and the
difference between image-drop and text-drop degra-
dation is also highly significant (Macro-Precision:
p = 8.99 × 10−46; AUROC: p = 2.26 × 10−66;
Accuracy: p = 1.31 × 10−68).The asymmetry is

strongly dataset dependent, but the direction is now
uniform across all three benchmarks. MiRAGe-
News is by far the most image-dependent bench-
mark: removing images causes mean losses of
21.68 points in Macro-Precision, 17.05 in AUROC,
and 26.62 in Accuracy, far larger than the corre-
sponding text-removal losses of 6.48, 3.27, and
8.52 points. MMFakeBench is the most balanced
benchmark, although image removal is still worse
on average (9.62 / 10.60 / 10.01 versus 6.61 / 6.42
/ 5.33). VLDBench shows the smallest text losses
and remains image-dominated as well (8.96 / 8.60 /
14.17 versus 1.39 / 2.11 / 3.49). Over all configura-
tions, image removal hurts more than text removal
in 76.3% [72.9, 79.4] of Macro-Precision compar-
isons, 80.0% [76.8, 82.8] of AUROC comparisons,
and 82.4% [79.3, 85.1] of Accuracy comparisons.
The practical conclusion is therefore not merely
that multimodal models help, but that their gains
are real, asymmetric, and usually driven by harder-
to-replace visual evidence.

3.3 RQ3: Component Impact Analysis
The component-level picture remains stable and
practically actionable under the revised metric
protocol. All four component families exhibit
significant overall effects under Friedman testing
on Macro-Precision, AUROC, and Accuracy, but
their magnitudes differ substantially. Vision en-
coder choice is dominant on all three metrics (all
p < 8× 10−94), with average per-dataset spreads
of 7.46 points on Macro-Precision, 7.34 on AU-
ROC, and 6.95 on Accuracy. Classifier choice is
the next largest source of stable variation (5.32 /
5.75 / 5.68 points), whereas text encoder choice
(1.99 / 2.33 / 1.70) and fusion strategy (1.93 / 1.55
/ 0.97) are materially smaller. Put differently, once
a reasonable text encoder is in place, most of the
robust variance comes from the image tower and
the downstream head.

Two trends are especially stable. First, SigLIP
is the strongest vision encoder on all three re-
ported metrics, reaching 79.19% Macro-Precision,
86.01% AUROC, and 80.37% Accuracy overall,
with CLIP ViT-B/32 ranking second at 77.43 /
84.93 / 78.67. Post-hoc testing confirms that
SigLIP significantly exceeds CLIP ViT-B/32 af-
ter Holm correction on all three metrics (pHolm =
7.40 × 10−15, 2.53 × 10−20, and 5.67 × 10−15).
Second, text encoders matter less and separate
much less cleanly. DistilBERT has the strongest
overall in-domain text means at 75.17 / 82.57 /
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Classifier Metric MMFakeBench MiRAGeNews VLDBench

Logistic Regression
Prec 73.93 (± 1.07) 91.65 (± 0.95) 63.68 (± 0.48)
AUROC 83.55 (± 1.18) 96.80 (± 0.54) 69.63 (± 0.67)
Acc 77.87 (± 0.87) 91.65 (± 0.95) 64.73 (± 0.45)

XGBoost
Prec 74.51 (± 0.74) 90.00 (± 0.83) 64.52 (± 0.32)
AUROC 85.45 (± 0.82) 96.18 (± 0.48) 70.60 (± 0.42)
Acc 78.29 (± 0.59) 89.99 (± 0.83) 65.53 (± 0.30)

Random Forest
Prec 71.06 (± 1.31) 83.34 (± 1.29) 60.32 (± 0.68)
AUROC 79.79 (± 1.27) 90.94 (± 1.02) 64.86 (± 0.92)
Acc 73.74 (± 0.65) 83.32 (± 1.29) 61.37 (± 0.67)

Table 1: Classifier-wise in-domain averages (%) over all encoder pairs and fusion strategies. Values are mean ±
95% bootstrap CI half-width across matched configurations.

Fusion Metric MMFakeBench MiRAGeNews VLDBench

Early
Prec 75.20 (± 1.07) 88.80 (± 1.15) 64.06 (± 0.41)
AUROC 83.73 (± 1.20) 95.10 (± 0.76) 69.93 (± 0.59)
Acc 76.79 (± 0.85) 88.77 (± 1.16) 65.06 (± 0.40)

Mid
Prec 72.22 (± 1.07) 88.20 (± 1.41) 62.27 (± 0.71)
AUROC 82.78 (± 1.26) 94.51 (± 1.02) 67.63 (± 0.98)
Acc 76.62 (± 0.86) 88.19 (± 1.41) 63.31 (± 0.70)

Late
Prec 72.09 (± 1.07) 88.00 (± 1.39) 62.20 (± 0.71)
AUROC 82.28 (± 1.22) 94.31 (± 0.99) 67.52 (± 0.96)
Acc 76.48 (± 0.85) 87.99 (± 1.38) 63.25 (± 0.69)

Table 2: Fusion-wise in-domain averages (%) over all encoder pairs and classifier heads. Values are mean ± 95%
bootstrap CI half-width across matched configurations.

76.67, but the top four text encoders are all within
0.32 Macro-Precision points of one another, and
DistilBERT does not significantly exceed BERT-
base or CLIP-Text after Holm correction. This is
exactly the pattern one would expect from a com-
ponent family that matters, but matters less than
the vision side.

Classifier conclusions mirror RQ1. Logistic
regression and XGBoost again form the leading
pair: logistic regression has the highest overall
Macro-Precision and Accuracy means (76.42 and
78.08), but both are statistically tied with XGBoost
(p = 0.160 and 0.175), whereas XGBoost has the
strongest AUROC at 84.07%, significantly above
logistic regression (p = 0.0022). Random forest
is substantially behind on every metric. Figure 3
reinforces the same conclusion visually: variation
across vision rows is larger and more systematic
than variation across most text columns. Taken to-
gether, the component analysis suggests a clear pri-
ority order for future system design: get the vision
encoder right first, choose between logistic regres-
sion and XGBoost as the serious downstream heads,
then refine the fusion strategy, and only then expect
modest gains from swapping among strong text en-
coders such as DistilBERT, BERT-base, CLIP-Text,
and SBERT.

3.4 RQ4: Benchmark-Shift Generalization
Benchmark shift is the most challenging setting.
As Table 4 shows, all six source–target transfers
degrade substantially relative to their target in-
domain baselines. Macro-Precision gaps range
from 8.33 points for MMFakeBench→VLDBench
to 36.30 for VLDBench→MiRAGeNews; the cor-
responding AUROC and Accuracy gaps range from
11.76 to 41.57 and from 6.45 to 36.93 points, re-
spectively. The highest transfer Macro-Precision is
achieved by MMFakeBench→MiRAGeNews
at 63.25% (±0.59), followed by
MiRAGeNews→MMFakeBench at 62.56%
(±0.53), whereas VLDBench→MiRAGeNews
exhibits the largest overall collapse. Every transfer
direction is significantly worse than its target
in-domain baseline on all three metrics (paired
Wilcoxon tests, all p ≤ 1.15× 10−38).

Although transfer rankings are flatter than in-
domain rankings, early fusion remains the strongest
precision-first default. Across 450 matched trans-
fer blocks, it achieves 56.16% Macro-Precision,
significantly exceeding mid fusion (55.51%, p =
1.73 × 10−5) and late fusion (55.45%, p =
1.47 × 10−5). It also leads in AUROC at
58.78%, while Accuracy is nearly tied across fu-
sion strategies. Direction-specific reversals occur—
MiRAGeNews→MMFakeBench slightly favors
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Dataset Fusion Classifier Full Text drop ∆text Image drop ∆img

MMFakeBench

Early
Logistic Reg. 72.2/82.0/76.6 64.4/75.2/68.2 7.8/6.8/8.5 62.8/71.0/65.7 9.4/11.0/11.0
XGBoost 76.2/86.2/79.0 71.0/79.2/72.5 5.2/7.1/6.5 63.4/72.9/65.7 12.9/13.3/13.3
Random Forest 77.2/83.0/74.7 74.2/76.8/72.8 3.0/6.1/1.9 58.4/72.3/71.0 18.8/10.7/3.8

Mid
Logistic Reg. 74.9/84.9/78.6 66.4/78.0/72.3 8.4/6.9/6.3 69.2/77.7/73.2 5.7/7.2/5.4
XGBoost 73.8/85.2/78.0 69.5/81.0/73.6 4.3/4.2/4.4 67.2/76.2/61.9 6.6/9.0/16.2
Random Forest 68.0/78.2/73.2 62.3/70.4/68.5 5.7/7.8/4.8 58.0/65.1/64.2 10.0/13.1/9.0

Late
Logistic Reg. 74.7/83.7/78.4 59.2/78.0/72.4 15.5/5.7/6.0 68.4/77.7/72.9 6.3/6.0/5.5
XGBoost 73.5/84.9/77.8 69.5/79.6/72.9 4.0/5.3/4.9 66.4/73.0/60.7 7.1/12.0/17.1
Random Forest 68.0/78.2/73.2 62.4/70.4/68.5 5.6/7.8/4.7 58.1/65.1/64.3 9.8/13.1/8.9

MiRAGeNews

Early
Logistic Reg. 91.6/96.9/91.6 86.0/93.8/83.4 5.6/3.1/8.3 77.1/82.7/61.9 14.6/14.2/29.7
XGBoost 89.8/96.1/89.7 84.5/92.4/81.9 5.3/3.7/7.9 67.4/79.1/64.5 22.3/17.0/25.2
Random Forest 85.0/92.3/84.9 79.9/87.8/73.4 5.1/4.5/11.5 67.4/76.2/62.4 17.6/16.1/22.5

Mid
Logistic Reg. 91.9/97.0/91.9 82.9/93.5/75.0 9.0/3.5/16.8 78.8/87.3/64.6 13.1/9.7/27.3
XGBoost 90.2/96.3/90.2 86.5/93.9/84.8 3.7/2.4/5.4 66.6/80.2/65.0 23.6/16.1/25.1
Random Forest 82.5/90.3/82.5 79.2/86.9/78.1 3.4/3.4/4.5 64.1/64.0/55.2 18.4/26.3/27.3

Late
Logistic Reg. 91.4/96.5/91.4 72.1/93.5/78.6 19.4/3.0/12.8 47.9/87.3/60.7 43.6/9.2/30.8
XGBoost 90.0/96.2/90.0 86.5/93.7/85.0 3.6/2.5/5.1 66.5/77.7/65.6 23.6/18.5/24.4
Random Forest 82.5/90.3/82.5 79.1/86.9/78.0 3.4/3.4/4.5 64.1/63.9/55.3 18.4/26.3/27.2

VLDBench

Early
Logistic Reg. 62.9/68.4/63.9 62.8/67.3/58.6 0.1/1.1/5.4 55.8/58.5/48.7 7.1/9.9/15.3
XGBoost 65.0/71.3/66.0 63.7/69.3/63.3 1.4/2.0/2.7 59.8/59.4/46.3 5.2/11.9/19.7
Random Forest 64.2/70.1/65.2 62.6/67.7/62.7 1.6/2.4/2.5 45.3/59.2/46.6 18.9/10.9/18.6

Mid
Logistic Reg. 64.1/70.2/65.1 63.1/68.3/59.6 1.0/1.9/5.5 51.1/64.5/52.0 13.0/5.7/13.1
XGBoost 64.4/70.4/65.4 64.1/69.6/63.9 0.3/0.9/1.5 59.4/61.7/52.3 4.9/8.8/13.1
Random Forest 58.4/62.2/59.4 56.3/59.3/56.8 2.1/2.9/2.7 54.9/56.2/49.8 3.5/6.1/9.6

Late
Logistic Reg. 64.1/70.3/65.1 61.6/68.3/60.1 2.5/2.0/5.0 46.8/64.5/51.4 17.3/5.8/13.7
XGBoost 64.2/70.0/65.2 62.7/67.4/61.7 1.5/2.7/3.4 57.0/57.9/50.3 7.1/12.2/14.8
Random Forest 58.3/62.2/59.4 56.3/59.3/56.8 2.0/3.0/2.6 54.8/56.1/49.8 3.5/6.1/9.7

Table 3: Modality-drop study. Each cell reports Macro-Precision/AUROC/Accuracy (%). “Full” is the complete
multimodal model, and ∆text and ∆img are performance drops in percentage points when one modality is removed
at test time. Detailed entries are rounded to one decimal for readability.

Train → Test Macro-Precision AUROC Accuracy

MMFakeBench → MiRAGeNews 63.25 (± 0.59) 67.70 (± 0.70) 57.84 (± 0.57)
MMFakeBench → VLDBench 54.51 (± 0.33) 56.60 (± 0.25) 57.42 (± 0.14)
MiRAGeNews → MMFakeBench 62.56 (± 0.53) 69.26 (± 0.70) 55.44 (± 0.70)
MiRAGeNews → VLDBench 49.25 (± 0.15) 48.88 (± 0.22) 44.85 (± 0.19)
VLDBench → MMFakeBench 52.64 (± 0.26) 54.69 (± 0.46) 48.68 (± 0.39)
VLDBench → MiRAGeNews 52.03 (± 0.35) 53.07 (± 0.52) 51.39 (± 0.27)

Table 4: Cross-dataset transfer by source–target direction. Values are mean ± 95% bootstrap CI half-width (%).

mid fusion, and VLDBench→MiRAGeNews fa-
vors late fusion—but do not alter the aggregate
ranking. Table 5 shows that other component
rankings also flatten under transfer. XGBoost has
the highest Macro-Precision at 56.31% but is sta-
tistically tied with logistic regression at 56.21%
(p = 0.264). SigLIP leads the vision encoders at
57.73% but is tied with CLIP ViT-B/32 at 57.49%
(p = 0.819), while BERT-base leads the less-stable
text encoders at 56.00%, only 0.19 points above
SBERT.

Overall, the safest precision-first transfer con-
figuration uses early fusion, SigLIP or CLIP
ViT-B/32, BERT-base or SBERT, and either XG-
Boost or logistic regression. Source-specific ef-

fects may change the finer ranking, but strong vi-
sual representations and early fusion remain the
most dependable choices. Cross-dataset evaluation
should therefore be treated as a first-class require-
ment, as even strong in-domain models can lose
more than 30 points under benchmark shift.

3.5 SHAP-Based Interpretation

We also use SHAP to test whether the modality
conclusions are visible in feature attributions rather
than only in modality-drop ablations. Across 675
in-domain SHAP analyses, image features account
for a mean 61.57% of total attribution mass (95%
bootstrap CI [60.52, 62.61]). Image attribution
exceeds text attribution in 81.6% of configurations,
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Figure 3: Main encoder-pair heatmap across the three datasets. Each cell reports mean Macro-Precision / Accuracy
(%) for a fixed vision–text encoder pair, averaged over the three classifier heads under the given fusion strategy;
color encodes AUROC.

and the paired image-vs-text difference is highly
significant (p = 7.24× 10−50). This pattern is not
a fusion-specific artifact: the mean image share is
essentially identical for early, mid, and late fusion
(all about 61.6%).

The dataset breakdown mirrors RQ2 almost ex-
actly. MMFakeBench is the most balanced bench-
mark at 53.8% mean image share, MiRAGeNews
is the most visually dominated at 67.1%, and VLD-
Bench remains clearly image-leaning at 63.8%. In
the best-performing SHAP-analyzed configurations
for each dataset, the top individual contributors
are overwhelmingly SigLIP dimensions, which in-
dependently reinforces the RQ3 conclusion that
visual encoder quality—and especially strong con-
trastive vision backbones—explains a large share
of stable multimodal performance.

3.6 Practical Recommendations

The aggregate results point to two concrete de-
fault approaches for future multimodal misinfor-
mation studies. If the goal is strong in-domain
performance under frozen representations, a ro-
bust Macro-Precision-oriented starting point is

SigLIP on the visual side, with CLIP ViT-B/32
as the main alternative, DistilBERT on the text
side, early fusion, and either logistic regression
or XGBoost as the downstream head. This rec-
ommendation is supported by the in-domain aver-
ages: early fusion is the strongest fusion strategy
overall on Macro-Precision (76.02%), SigLIP is
the strongest vision encoder (79.19%), DistilBERT
has the strongest text-encoder mean (75.17%), and
logistic regression and XGBoost form the lead-
ing classifier pair, with logistic regression nom-
inally highest on Macro-Precision (76.42%) and
XGBoost essentially tied (76.34%).

If the focus is stronger OOD performance, the de-
fault should be chosen for transfer stability rather
than in-domain dominance. Our results suggest
early fusion with a strong contrastive vision en-
coder, especially SigLIP or CLIP ViT-B/32, to-
gether with a strong generic text encoder such as
BERT-base or SBERT, and either XGBoost or lo-
gistic regression as the final head. This recommen-
dation follows the transfer-wide Macro-Precision
ranking: early fusion is best overall (56.16%),
SigLIP is the strongest vision encoder (57.73%)
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(a) Classifier-wise transfer averages by target dataset

Classifier Metric MMFakeBench MiRAGeNews VLDBench

Logistic Regression
Prec 58.22 (± 0.97) 58.77 (± 1.02) 51.64 (± 0.52)
AUROC 63.10 (± 1.46) 62.02 (± 1.32) 52.80 (± 0.59)
Acc 52.38 (± 0.85) 55.21 (± 0.73) 51.00 (± 1.05)

XGBoost
Prec 58.22 (± 1.01) 58.45 (± 1.12) 52.26 (± 0.55)
AUROC 62.62 (± 1.39) 61.89 (± 1.53) 52.82 (± 0.74)
Acc 51.89 (± 1.02) 55.99 (± 0.84) 51.24 (± 1.07)

Random Forest
Prec 56.36 (± 0.87) 55.70 (± 1.05) 51.73 (± 0.51)
AUROC 60.19 (± 1.28) 57.24 (± 1.22) 52.60 (± 0.69)
Acc 51.92 (± 0.79) 52.64 (± 0.58) 51.17 (± 0.93)

(b) Fusion-wise transfer averages by target dataset

Fusion Metric MMFakeBench MiRAGeNews VLDBench

Early
Prec 57.69 (± 0.92) 58.74 (± 1.21) 52.04 (± 0.57)
AUROC 62.28 (± 1.33) 60.96 (± 1.49) 53.09 (± 0.70)
Acc 52.55 (± 0.92) 53.92 (± 0.73) 51.50 (± 0.99)

Mid
Prec 57.59 (± 0.96) 57.11 (± 1.00) 51.82 (± 0.49)
AUROC 61.90 (± 1.38) 60.19 (± 1.35) 52.58 (± 0.66)
Acc 51.74 (± 0.86) 54.98 (± 0.77) 50.91 (± 1.02)

Late
Prec 57.51 (± 0.94) 57.07 (± 0.99) 51.78 (± 0.52)
AUROC 61.74 (± 1.35) 60.01 (± 1.33) 52.55 (± 0.68)
Acc 51.90 (± 0.84) 54.95 (± 0.77) 50.99 (± 1.02)

Table 5: Cross-dataset transfer averages by component family and target dataset. Values are mean ± 95% bootstrap
CI half-width (%).

but statistically tied with CLIP ViT-B/32 (57.49%),
BERT-base is the strongest text encoder (56.00%)
with SBERT close behind (55.81%), and XGBoost
is nominally best among classifiers (56.31%) but
statistically tied with logistic regression (56.21%).
The main shift from the in-domain recommenda-
tion is therefore on the text side: DistilBERT is
the strongest in-domain text choice, whereas un-
der benchmark shift the more reliable text defaults
become BERT-base and SBERT.

4 Conclusion

In this paper, we presented a large-scale empiri-
cal study of multimodal misinformation detection,
covering 3,375 controlled experiments across three
benchmarks, multiple vision and text encoders, fu-
sion strategies, and classifiers. Our findings show
that early fusion is relatively the most reliable in-
domain strategy, visual evidence often contributes
more strongly than text, and vision encoder and
classifier choices have the largest impact on per-
formance. We also find that cross-dataset general-
ization remains challenging, highlighting the need
for stronger transfer evaluation. We hope that these
findings and protocols will serve as a useful refer-
ence for the broader research community.

Limitations

Our study intentionally focuses on frozen encoders
and simple downstream heads. This choice im-
proves comparability and isolates component ef-
fects, but it does not cover fully trainable cross-
attention architectures or parameter-efficient adap-
tation methods. Finally, statistical significance
should not be confused with practical magnitude:
because we aggregate many matched configura-
tions, some small gaps are estimated precisely with-
out necessarily justifying additional system com-
plexity. Future work should therefore extend the
benchmark scope and pair significance testing with
stronger effect-size, calibration, and more in-depth
analyses.
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Abstract

Sani et al. (2025) introduced the first dedicated
Hausa machine-generated text (MGT) detec-
tor, an AfroXLMR-large classifier trained on
2,586 paired articles from seven Hausa news
outlets and Gemini 2.0 Flash, reporting F1 of
0.9921 on a headline-grouped split. They iden-
tified three limitations of their work: a single
news domain, a small batch and short train-
ing schedule, and a single generator (Gemini
2.0 Flash) for the machine-generated data. We
extend their work along the third axis. First,
we replicate their reported result across four
random seeds, obtaining F1 of 0.992 ± 0.005.
Test recall on the AI class is 1.000 at every
seed. Second, we analyse the detector’s false
positives. All errors fall on Human articles, and
two native-speaker reviewers confirm these are
genuine, natural Hausa journalism. The clear-
est correlate of misclassification is the absence
of numerical content: the median digit frac-
tion is 0.0% in misclassified articles vs. 0.6%
in correctly classified ones. Third, we test the
detector on six non-training generators span-
ning four model families. Detection rates span
from 0% (Aya-Expanse 8B) to nearly 100%
(Gemma 4). All three Google-family models
in our experiment (training-distribution Gemini
2.0 Flash and the two non-training Gemma 4
variants) are detected at rates above 98% with
mean P(machine) above 0.98. No non-Google
generator exceeds 21%. Three contamination
checks fail to explain this away: generated
articles overlap very little with their human
sources, detection barely moves when we re-
move every article that shares a 13-gram with
its source, and the Google output that gets de-
tected is at least as diverse as everyone else’s, so
it is not memorised or templated text. What the
detector has learned looks less like a general
Hausa MGT signal and more like a Gemini-
family stylistic fingerprint. We discuss what
this means for deployment, including a 3.1%
false-positive rate on real Hausa journalists.

1 Introduction

Machine-generated text detection has become a
pressing concern for content moderation, academic
integrity, and combating misinformation. Most
published detectors and benchmarks focus on En-
glish. Hausa, a Chadic language with over 100
million speakers across West Africa (Inuwa-Dutse,
2021) and a major media language in Nigeria, has
only recently received attention.

The imbalance matters beyond coverage. De-
tection tools shape who gets believed. A detector
that misfires on genuine human writing casts sus-
picion on real journalists; one that misses machine
text lets fabricated news circulate. Hausa is widely
spoken but thinly resourced, and independent fact-
checking infrastructure is scarcer than for English,
so the reliability of a single published detector car-
ries unusual weight. Knowing when that detector
can be trusted, and when it cannot, is part of what
equitable access to trustworthy information means
for the language.

Sani et al. (2025) released the first dedicated
Hausa MGT detection benchmark at AfricaNLP
2025. The dataset pairs 2,586 articles scraped from
seven Hausa news outlets with 2,586 articles gen-
erated by Gemini 2.0 Flash from the same head-
lines. They fine-tuned four Afri-centric pre-trained
models on the resulting dataset, with AfroXLMR-
large achieving the highest F1 at 0.9921. They
split the data with no headline overlap across
train/validation/test to avoid leakage, and acknowl-
edged three limitations: single domain (news),
short training schedule (three epochs, batch 8), and
a single generator (Gemini 2.0 Flash) for the AI
class.

This paper takes up the third limitation directly.
The single-generator concern is the most conse-
quential for deployment: a detector trained on one
model’s output may fail on output from other gener-
ators in unpredictable ways. We also examine two
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related questions that the original paper did not. We
re-train the AfroXLMR-large detector across four
random seeds to quantify run-to-run variance, and
analyse the detector’s false positives to characterise
what the model has learned.

We organise the study around three research
questions:

RQ1: Does the reported AfroXLMR-large result
replicate across random seeds?

RQ2: What kinds of Human articles does the de-
tector falsely flag as machine-generated?

RQ3: Does a detector trained on Gemini 2.0 Flash
transfer to non-training generators?

Our contributions are:

1. A multi-seed replication of Sani et al. (2025)’s
baseline across four random seeds (mean F1
= 0.992 ± 0.005). The reported number sits
at our mean, confirming the result is robust to
initialisation. Recall on the AI class is 1.000
at all four seeds.

2. An error analysis showing that all detec-
tor errors are false positives on genuine
human-written news (confirmed by two native-
speaker reviewers). The strongest correlate of
misclassification is missing numerical content.
We expected the article’s register to matter,
but native-speaker review did not bear that
out.

3. A cross-generator evaluation across six non-
training generators (Cohere Aya, Meta Llama
3.1, Alibaba Qwen 3, Google Gemma 4 E4B,
Google Gemma 4 E2B, Meta NLLB-200
round-trip). Detection rates span from 0% to
100%. Both non-training Google-family mod-
els are detected at rates above 98%, matching
the training generator’s 100% rate; no non-
Google generator exceeds 21%. Our read-
ing is that the detector has learned a Gemini-
family stylistic signature, not a general MGT
signal.

2 Related Work

2.1 MGT detection

Machine-generated text detection has matured
since the release of GPT-3-class models. Zero-
shot statistical approaches (Gehrmann et al., 2019;

Mitchell et al., 2023) and supervised classifiers fine-
tuned on paired human/AI corpora are the dominant
families. Cross-generator transfer has been stud-
ied repeatedly in English. The RAID benchmark
(Dugan et al., 2024) and the M4 multilingual bench-
mark (Wang et al., 2024) both find that supervised
detectors trained on output from one generator fail
to transfer to output from other generators. We ex-
tend this line of work to Hausa, where we find the
failure is not uniform: transfer ranges from total to
nonexistent depending on the generator’s family.

2.2 African-language MGT detection and
resources

Sani et al. (2025) is the first dedicated Hausa MGT
detection study to our knowledge. Related work on
African-language NLP has focused on translation
(Team et al., 2022; Adelani et al., 2022), language
identification, and general-purpose model develop-
ment (Üstün et al., 2024; Dang et al., 2024). The
AfroXLMR family of models that powers the de-
tector (Alabi et al., 2022; Adelani et al., 2024) is
adapted from XLM-R via multilingual adaptive
fine-tuning on African languages, including Hausa.
Robustness studies for African-language NLP sys-
tems remain rare.

2.3 Hausa orthography

Standard written Hausa uses four hooked conso-
nants (á, â, K, y’), which fall outside the ASCII
range. These characters are commonly mishandled
in NLP pipelines. We apply Unicode repair (Speer,
2019) to generator inputs in our cross-generator
experiments to ensure non-Hausa-trained models
receive valid orthography.

3 Methodology

3.1 Data

We use the Sani et al. (2025) release without modi-
fication. The dataset contains 5,172 articles across
two label classes: 2,586 Human articles scraped
from seven Hausa media outlets and 2,586 AI ar-
ticles produced by Gemini 2.0 Flash from the cor-
responding headlines. We follow their headline-
grouped 80/10/10 split: each headline is assigned
to one of three splits, and both the Human and AI
article for that headline go together.

The released dataset contains a class-correlated
asymmetry in Hausa orthography. Human articles
average 29.3 hooked-consonant occurrences per ar-
ticle after Unicode normalisation; Gemini articles

49



average 14.4 (a 2.0× ratio). 72.7% of Human ar-
ticles contain at least one hooked letter, vs. 37.9%
of Gemini articles. The class composition is also
subdomain-skewed: 53.5% politics, 10.4% health,
9.7% sports, with smaller shares for business, en-
tertainment, religion, and technology (Sani et al.,
2025).

3.2 Detector training

We follow Sani et al. (2025)’s hyperparame-
ters: AfroXLMR-large with learning rate 1×10−5,
weight decay 0.01, maximum sequence length 512,
and effective batch size 32 (per-device batch 8, gra-
dient accumulation 4). We train for up to 8 epochs
with early stopping on validation F1 (patience 2),
an extension of their 3 epochs. The longer sched-
ule is motivated by inspection of validation curves
on seed 42: validation F1 was 0.961 at epoch 3
(matching the paper’s reported number) but peaked
at 0.990 at epoch 6 before declining slightly. The
original 3-epoch schedule appears to have stopped
training short of the achievable peak, though the
paper’s hyperparameters reach the reported test F1
within run-to-run variance regardless.

We train at fp32 due to a classifier-head initial-
isation issue in transformers 5.8.1 that produces
NaN weights when the classification head is newly
added. We re-initialise the head manually with
N (0, 0.02) weights and zero biases. We run four
random seeds (42, 1, 7, 123) and report mean and
standard deviation across runs. The seed-42 check-
point is used for all subsequent experiments unless
noted.

3.3 Cross-generator data

For each of six non-training generators, we produce
260 Hausa articles paired with test-split Human
articles. Each generator is given a chat-template
prompt asking it to write a Hausa news article
matching the topic of an input headline. We test:

• Aya-Expanse 8B (Dang et al., 2024): Cohere;
explicit African-language training.

• Llama 3.1 8B Instruct (Grattafiori et al.,
2024): Meta; English-centric.

• Qwen 3 8B (Yang et al., 2025): Alibaba; 119-
language multilingual pre-training.

• Gemma 4 E4B (DeepMind, 2026): Google;
140-language multilingual.

• Gemma 4 E2B (DeepMind, 2026): smaller
variant of the same family.

• NLLB-200 distilled 600M (Team et al.,
2022): Meta; translation paradigm, Hausa→
English→ Hausa round-trip.

All generators run via vLLM with bf16, temper-
ature 0.8, top-p 0.95. Headline inputs are passed
through ftfy (Speer, 2019) to repair mojibake (Ap-
pendix B). For thinking-capable models (Qwen 3,
Gemma 4), thinking mode is explicitly disabled via
the chat template so the full output-token budget is
available for visible output.

The NLLB round-trip serves a second purpose.
Because it preserves meaning while scrambling sur-
face stylistic features through a translation pivot, it
functions as a paraphrase-attack probe. We report
the same detection number under both interpreta-
tions.

3.4 Evaluation

The trained detector is applied to each generator’s
260-article set and to test-split Human articles. We
report the percentage classified as AI, mean and
median P(machine), hooked-consonant density per
1,000 characters, and digit density. For Aya specif-
ically, we additionally compare detection on out-
put produced from mojibake-corrupted headlines
(our first generation run) vs. output produced from
Unicode-repaired headlines, as an ablation of input
quality.

To test whether our cross-generator finding could
be an artifact of data contamination (generators re-
producing memorised human source text), we run
three further analyses, all reported in Section 4.4.
We measure 13-gram token overlap and longest
common token substring between each generated
article and its paired human source, with Unicode
normalisation applied to both sides; we re-evaluate
detection on a decontaminated subset that drops
every generated article sharing a 13-gram with its
source; and we measure output-distribution peaked-
ness by generating multiple samples per headline
and computing their pairwise edit-distance diver-
sity, following Dong et al. (2024).

3.5 Native-speaker validation

Two Hausa-speaking colleagues reviewed two arte-
facts: the eight false-positive Human articles from
Section 4.2 and a 30-article random sample of
NLLB outputs from Section 4.3. They classified
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Seed Acc F1 Prec Rec

42 0.985 0.985 0.970 1.000
1 0.996 0.996 0.992 1.000
7 0.994 0.994 0.989 1.000
123 0.994 0.994 0.989 1.000

Mean ± std 0.992 0.992 0.985 1.000
± 0.005 ± 0.005 ± 0.010 ± 0.000

Sani et al. (2025) 0.9923 0.9921 – –

Table 1: Replication of Sani et al. (2025) for the
AfroXLMR-large baseline across four seeds.

the first set by register without access to the de-
tector’s predictions. For the second set, they rated
fluency on a 1–5 scale and judged whether con-
tent was preserved. The two reviewers were given
identical spreadsheets and worked independently.

4 Results

4.1 Replication

Table 1 reports per-seed and aggregate test metrics
on the headline-grouped split.

Our four-seed mean F1 of 0.9924 matches the
paper’s reported 0.9921 within run-to-run variance.

Two things about Table 1 are easy to miss. Run-
to-run variance is small but real: seeds 42 and 1
differ by 1.1 F1 points, and seed 42 happens to be
the worst draw. And recall on the AI class is 1.000
at every seed. The detector never misses a Gemini
2.0 Flash article. Whatever varies between runs,
it is entirely on the precision side, in how many
Human articles get falsely flagged (between 3 and
8 per run, out of 260).

4.2 What does the detector use? Error
analysis on false positives

We examine the eight false-positive Human articles
from the seed-42 run. Two Hausa-speaking col-
leagues independently reviewed each article with-
out access to the detector’s predictions, and both
judged all eight to be natural Hausa journalism. So
the errors are not scraped boilerplate or degraded
text slipping through; the detector is misclassifying
genuine human-written news.

The clearest correlate of misclassification is the
absence of numerical content. Six of the eight
false positives contain zero digit characters, and
the median digit-character fraction is 0.000 in the
false positives vs. 0.006 in correctly classified Hu-
mans (Table 2). Hard-news writing routinely car-
ries dates, ages, casualty counts, and percentages;

the digit-sparse Human articles evidently look more
machine-like to the detector. This does not explain
everything, though. Two of the flagged articles are
statistic-dense and were misclassified anyway.

We had also expected the false positives to con-
centrate in non-news registers (opinion, feature,
cultural commentary), on the intuition that the
training data is overwhelmingly hard news (53.5%
politics). The native-speaker review did not sup-
port this cleanly. While a bylined opinion essay,
a celebrity-feud feature, and a current-affairs pro-
gramme summary were judged opinion or feature,
both reviewers classified other false positives (a
desertification-policy report, a diabetes and sugar-
tax report, and a security-chiefs meeting) as straight
news, and the two reviewers did not fully agree on
the borderline cases. We therefore do not claim a
register effect: the misclassified set spans both non-
news and unambiguous hard-news writing, so regis-
ter does not characterise the errors. Per-article reg-
ister labels from both reviewers are in Appendix E.

We caution that this analysis is on the seed-42
checkpoint, which had the largest false-positive set
(8) among our four seeds. Seeds 1, 7, and 123 each
produced only 3 false positives. Confirming the
digit-sparsity pattern on those checkpoints is left
for future work.

We also asked whether orthographic density ex-
plains the false positives. The intuitive story would
be that the detector flags Human articles with few
hooked consonants as machine-like. Our data say
otherwise. Median hooked-consonant density per
1,000 characters is 14.87 in the false positives vs.
8.09 in correctly classified Humans, so the misclas-
sified articles actually have more Hausa-specific
orthography than the ones the detector gets right.
A one-sided Mann-Whitney U test (FP < TN) gives
p = 0.96. At least where its errors are concerned,
the detector is not applying a “low Hausa orthogra-
phy means machine” rule.

Orthographic density does play a role in the AI
class, however. On the test-split AI articles, me-
dian hooked-consonant density is 0.0 per 1,000
characters: more than half of Gemini-generated ar-
ticles contain zero hooked consonants. The signal
is about presence, not density, and on the training
distribution it is strong enough to explain why test
recall never drops below 1.000. We return to this in
Section 4.3, where the cross-generator data narrow
down what the detector can actually be using.
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Feature FP TN
(n=8) (n=252)

Median digit fraction 0.000 0.006
Zero-digit articles 6 (75%) 21 (8%)
Median hooked/1k 14.87 8.09
Natural Hausa (both reviewers) 8 (100%) not anno.

Table 2: Feature comparison of false-positive vs. cor-
rectly classified Human articles (seed 42). The false
positives have higher hooked-consonant density than
correctly classified Humans, refuting an orthographic-
sparsity explanation.
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Figure 1: False-positive vs. true-negative Human arti-
cles (seed 42): share of zero-digit articles and median
hooked-consonant density. The misclassified articles are
digit-sparse but orthographically richer than correctly
classified Humans.

4.3 Cross-generator evaluation

Table 3 and Figure 2 report detector behaviour on
six non-training generators, plus the in-distribution
training generator and the Human reference. Gen-
erators are sorted by detection rate.

Three patterns stand out.
Detection rates span the full range. Across

the six non-training generators we see everything
from 0% to 100%. The detector generalises to
some out-of-distribution generators and fails on
others. The English-language cross-generator liter-
ature has mostly reported a binary picture, “single-
generator detectors do not transfer” (Dugan et al.,
2024; Wang et al., 2024); in Hausa, at least for this
detector, the reality is messier.

Google-family models are detected at near-
perfect rates. Both Google-family models in
our test set, Gemma 4 E4B and Gemma 4 E2B,
are detected at 100.0% and 98.9% respectively,
with mean P(machine) of 1.000 and 0.989. No
other tested non-training generator exceeds 21%.
The simplest hypothesis is that the detector has
learned features shared across Google’s LLM fam-
ily, plausibly arising from common training data,
tokenizer family, instruction-tuning style, or RLHF
templates, rather than features general to machine-
written Hausa. Models from other families (Co-

here/Aya, Meta/Llama, Alibaba/Qwen, Meta trans-
lation/NLLB) lack these features and are missed at
rates from 79% to 100%. Across all three Google
models in our experiment (the training-distribution
Gemini 2.0 Flash plus two non-training Gemma
variants of different sizes), detection is consis-
tently above 98% with mean P(machine) above
0.98. Across all four non-Google generators, de-
tection is at or below 20.8% with mean P(machine)
at or below 0.21. The gap is large enough that we
doubt the pattern is incidental.

Orthographic density does not explain the de-
tection signal. Hausa-specific hooked-consonant
density varies substantially across our generators
(full per-generator statistics in Appendix D). Aya
produces almost no hooked consonants (0.5 per
1,000 characters under mojibake input, 1.5 un-
der repaired input). Gemma 4 produces more
than Humans (10.3 to 12.1 per 1,000 characters
across the two Gemma variants vs. 7.9 for Humans).
The three Google models in our experiment span
hooked-consonant densities from 5.2 (Gemini 2.0
Flash) to 12.1 (Gemma 4 E2B), a 2.3× range, yet
all three are detected at rates above 98% with max-
imum confidence. That spread leaves no room for
a “machine-generated Hausa lacks hooked conso-
nants” explanation. Hooked-consonant density was
a correlate within the training distribution; it is not
what the detector learned.

The Aya input-quality ablation makes the same
point from a different angle. With mojibake-
corrupted headlines, Aya output averages 0.5
hooked consonants per 1,000 characters, with 75%
of articles containing zero. With Unicode-repaired
headlines, output averages 1.5 hooked consonants
per 1,000 characters with 58% zero-hook articles.
Cleaning the input triples Aya’s orthographic rich-
ness, and the detector does not react at all: 0%
called AI in both conditions, mean P(machine) be-
low 0.001. Whatever the detector reads in a gener-
ator’s output, it is not the surface orthography.

Aya’s output also deserves a qualitative note.
Its Hausa is often partially code-switched into So-
mali, which a Hausa-speaking reviewer flagged
as unfluent. The Aya generation with the highest
P(machine) in our run (article #49, P = 5.3×10−5)
contains explicit Somali function words. The de-
tector still rates it 99.99% Human. The detector is
willing to classify text that is not even fluent Hausa
as Human, provided it lacks the Gemini-family sig-
nature.

Conversely, the Gemma 4 output we self-
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Generator Family % AI 95% CI Mean P(machine) Hooked/1k

Aya-Expanse 8B (mojibake input) Cohere 0.0 [0.0, 1.5] < 0.001 0.50
Aya-Expanse 8B (repaired input) Cohere 0.0 [0.0, 1.5] < 0.001 1.53
Llama 3.1 8B Meta 1.2 [0.4, 3.3] 0.013 5.18
Qwen 3 8B Alibaba 10.0 [6.9, 14.2] 0.108 4.79
NLLB-200 round-trip Meta (translation) 20.8 [16.3, 26.1] 0.210 3.82
Gemma 4 E2B Google 98.9 [96.7, 99.6] 0.989 12.09
Gemma 4 E4B Google 100.0 [98.5, 100.0] 1.000 10.33
Gemini 2.0 Flash Google (training) 100.0 [98.5, 100.0] 1.000 5.23

Human (test split) – 3.1 [1.6, 6.0] 0.031 7.94

Table 3: Cross-generator detector behaviour (n=260 each, seed-42 checkpoint). Intervals are Wilson 95% confidence
intervals for the percentage classified as AI.
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Figure 2: Detection rate by generator (n=260 each, seed-42 checkpoint). All three Google models are detected at or
above 99%; no non-Google generator exceeds 21%.

inspected (10 random samples from the 260-article
set) is fluent, on-topic Hausa news prose with
proper hooked-consonant orthography throughout
(mean 299 words per article, hooked-consonant
density of 10.3 per 1,000 characters, higher than
the Human reference at 7.9). We did notice recur-
ring article-opening templates, “An tattara labarin”
and “An bayar da labari” among them, the kind of
stylistic uniformity a detector could plausibly latch
onto. We saw no language drift, repetition loops,
or refusals. So the 100% detection of Gemma 4
cannot be blamed on degraded output; the detector
is confidently flagging genuine, fluent Hausa that
happens to carry Google-family stylistic features.
Appendix C gives qualitative examples from each
generator.

4.4 Is the family signature a contamination
artifact?

The human articles in the Sani et al. (2025) cor-
pus were scraped from public Hausa news sites,
so they may appear in the pretraining data of the
generators we test. If a generator had memorised a
human source article, its “machine-generated” out-

put could carry verbatim spans of that human text,
and the detector might then be responding to re-
gurgitated human writing rather than to a genuine
generator signature. We run three analyses to test
this.

First, we measure surface overlap between each
generated article and its paired human source, using
13-gram token overlap (the convention of Brown
et al., 2020) and longest common token substring,
with both sides Unicode-normalised so that mo-
jibake does not artificially depress the counts. As
a control, we also measure each generated arti-
cle’s maximum overlap against a random sample
of other human articles, to separate topical over-
lap (shared headline, shared topic words) from
source-specific copying. Table 4 reports the result.
Source overlap is low in absolute terms for every
generator, and, more importantly for the family-
signature claim, it is not higher for Google models.
Gemma 4 E4B has the lowest source overlap of any
generator (mean 13-gram Jaccard 0.0002, 4.6%
of articles sharing any 13-gram) yet is detected
at 100%. Qwen 3 has by far the highest overlap
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Generator src ctrl % w/
Jac. Jac. 13-gram

Aya (mojibake) 0.0027 0.0000 23.1
Aya (repaired) 0.0025 0.0000 23.5
Llama 3.1 8B 0.0017 0.0000 15.0
Qwen 3 8B 0.0278 0.0001 76.2
NLLB round-trip 0.0010 0.0002 23.1
Gemma 4 E2B 0.0087 0.0000 51.2
Gemma 4 E4B 0.0002 0.0000 4.6

Table 4: Surface overlap between generated articles
and human sources. src Jac. is mean 13-gram Jaccard
against the paired human source; ctrl Jac. is mean max-
imum 13-gram Jaccard against random other human
articles; % w/ 13-gram is the fraction of articles shar-
ing at least one 13-gram with their source. Google’s
Gemma 4 E4B has the lowest source overlap yet the
highest detection; Qwen has the highest overlap yet
near-floor detection.

(0.028, 76.2% sharing a 13-gram) yet is detected
at only 10%. If anything, detection runs in the op-
posite direction from overlap: the generator that
copies least is caught most.

Second, we re-run the full cross-generator evalu-
ation on a decontaminated subset, dropping every
generated article that shares at least one 13-gram
with its paired human source and recomputing the
detection rate on what remains (Table 5). This re-
moves 51% of Gemma 4 E2B’s articles and 76%
of Qwen’s, a severe filter. The headline finding
is unchanged. Both Google models remain at or
above 99% on the clean subset (Gemma 4 E2B in
fact rises slightly, from 98.85% to 99.21%, as its
most source-similar articles are removed), while no
non-Google generator approaches Google territory.
Qwen’s detection falls from 10.0% to 4.8% under
decontamination, so what little detection Qwen at-
tracted came partly from its most headline-echoing
articles. Where overlap mattered at all, it was prop-
ping up the score of a weakly detected model; it
cannot be the source of the Google result.

The one non-trivial upward shift is NLLB
(20.8% to 24.0%). This is expected and mild:
NLLB output is a back-translation of the human
source, so its highest-overlap articles are the ones
that stayed closest to the human original, and re-
moving them leaves a more drifted, more machine-
like remainder. That fits the paraphrase-probe read-
ing of the NLLB condition (Section 4.5).

Third, we test whether the Google models might
be detected because their output is memorisation-
like in a way the surface-overlap analyses would
miss, namely low-diversity or templated generation.

Generator full % clean % ∆

Aya (repaired) 0.0 0.0 0.00
Aya (mojibake) 0.0 0.0 0.00
Llama 3.1 8B 1.2 1.4 +0.20
Qwen 3 8B 10.0 4.8 −5.16
NLLB round-trip 20.8 24.0 +3.23
Gemma 4 E2B 98.9 99.2 +0.37
Gemma 4 E4B 100.0 100.0 0.00

Table 5: Detection rate before (full) and after (clean)
removing every generated article that shares a 13-gram
with its human source. The family signature survives
decontamination; the two Google models stay at ≥99%
while non-Google models stay low.

Generator peaked mean
frac. pair ED

Qwen 3 8B 0.0098 0.780
Aya-Expanse 8B 0.0000 0.844
Gemma 4 E2B 0.0000 0.824
Gemma 4 E4B 0.0000 0.892
Llama 3.1 8B 0.0000 0.905

Table 6: Output-distribution peakedness (15 samples
× 40 headlines per generator). peaked frac. is the
fraction of sample pairs with normalised edit distance
≤ 0.05; mean pair ED is mean pairwise normalised
edit distance (higher = more diverse). Both Google
models produce zero near-duplicate pairs and highly
diverse output, ruling out a memorisation explanation
for their detection.

Following the output-distribution intuition of Dong
et al. (2024), we generate 15 independent samples
per headline for 40 headlines from each local gen-
erator and measure how self-similar those samples
are (sampling protocol in Appendix F). We report
two quantities per generator: the fraction of sample
pairs whose normalised token edit distance is at
most 0.05 (a peakedness measure; higher means
more near-duplicate generation), and the mean pair-
wise normalised edit distance (higher means more
diverse). Table 6 shows the result. The two Google
models are not peaked at all: both Gemma 4 vari-
ants produce zero near-duplicate sample pairs, and
their samples are as diverse as, or more diverse
than, the non-Google generators (mean pairwise
edit distance 0.82 and 0.89, against 0.78 for Qwen
and 0.84 for Aya). If the detector were keying on
memorisation-like, low-diversity Google output,
we would expect the Google models to be the most
peaked; they are among the least. Whatever the
detector reads in Google output, it persists across
samples that differ almost completely from one
another.
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None of the three checks leaves room for a con-
tamination account of the Google-family gradi-
ent. The generators do not reproduce their human
sources (Tables 4 and 5), and the Google output the
detector flags is diverse, with no sign of memorisa-
tion (Table 6).

We cannot rule out a distinct contamination
pathway on the detector side: AfroXLMR-large
was itself pretrained on Hausa web text and may
have seen the test-set human articles. However,
this cannot explain the central finding, because
detector-side memorisation of human articles offers
no mechanism for the detector to fire on Gemma
output while ignoring Aya, Llama, and Qwen out-
put, all of which are machine-generated articles the
detector never saw during its own fine-tuning. We
discuss this limitation further in Section 5.1.

4.5 Paraphrase robustness via NLLB
round-trip

The NLLB round-trip also serves as a paraphrase-
attack probe. Translation through English pre-
serves meaning while scrambling surface stylistic
features. On NLLB-paraphrased Hausa articles,
the detector classifies 20.8% as AI, compared to
100% on the original Gemini output. The detector
retains partial signal after this transformation but
loses approximately four-fifths of it. In a deploy-
ment context, an adversary can evade detection on
roughly 80% of articles by running LLM output
through a translation round-trip.

To check that the NLLB output is fluent enough
to count as a meaningful paraphrase rather than de-
graded noise, two Hausa-speaking annotators rated
a 30-article sample of round-trip outputs for fluency
(1–5) and content preservation. The two review-
ers diverged in strictness. A lenient reviewer rated
most outputs 4–5 and judged nearly all as natural
Hausa with preserved content; a stricter reviewer
rated roughly a third of the sample at 3 or below
and flagged hallucinated named entities and topic
drift on the harder articles (for example, a desertifi-
cation agency rendered as a “cooking agency”, and
a post-partum health column drifting into unrelated
material). Both reviewers converged on the same
qualitative picture: the round-trip output reads as
surface-fluent Hausa, but harder source articles ac-
cumulate content drift and occasional invented enti-
ties. That is close to the profile a paraphrase probe
needs, though plainly an imperfect one. Per-article
ratings are in Appendix E.

4.6 Real-world false-positive rate

On the test-split Human articles, the detector classi-
fies 3.1% as AI. For deployment this is the number
that matters: in a moderation pipeline, roughly 3
of every 100 real Hausa articles would be falsely
flagged, and the error analysis in Section 4.2 sug-
gests digit-sparse articles are the most exposed.

5 Discussion

Three implications follow from our results.
First, generator-family specificity is the cen-

tral deployment risk. Our cross-generator gradi-
ent shows the detector reliably catches text from
one model family (Google) and largely misses text
from other families. Practitioners deploying detec-
tors trained on a single generator’s output should
expect family-specific behaviour and either retrain
when the underlying generator changes or train on
a broader generator mix from the outset. This em-
pirically confirms the concern Sani et al. (2025)
raised in their own limitations section.

Second, the adversary’s evasion path is trivial.
Anyone wanting to publish AI-written Hausa text
without detection can use Aya-Expanse, Llama,
Qwen, or an NLLB-translated rewrite of an English
source. All evade the detector at rates above 79%.

Third, the false positives matter operationally.
A 3.1% Human FP rate sounds tolerable in isola-
tion, but the flagged articles are real journalism,
and digit-sparse pieces (no dates, ages, or statis-
tics) are hit hardest. A journalist wrongly flagged
as a machine has little practical recourse, so false-
positive behaviour deserves monitoring in its own
right, separately from aggregate accuracy.

5.1 Limitations

Our cross-generator evaluation tests six genera-
tors. Three of them are Google models (Gemini
2.0 Flash, the training generator, plus Gemma 4
E4B and E2B). While the Google-family detec-
tion pattern across these three is sharp and consis-
tent (all detected at ≥ 98%, with maximum confi-
dence on two of three), we acknowledge the family-
signature claim would be further strengthened by
an additional non-Google MoE model or a sepa-
rate Google model from a different architectural
lineage. The current evidence is consistent with
the family-signature hypothesis but does not ex-
clude alternative explanations such as multilingual-
training-data overlap or shared instruction-tuning
corpora.
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We do not perform probing experiments to iden-
tify the specific features the detector keys on.
Approaches such as LIME, SHAP, or attention-
based attribution would help pinpoint whether the
Gemini-family signal arises from specific tokens,
n-grams, sentence patterns, or higher-level stylistic
features. We leave this for future work.

We evaluate on a single language. The
orthographic-density finding raises questions about
whether similar patterns arise for Yoruba (tone
marks), Igbo (subdot diacritics), and other African
languages with non-ASCII orthography. Multi-
language replication is an obvious next step.

Cross-generator evaluation is based on a single
seed-42 checkpoint. Multi-seed evaluation across
the cross-generator data would confirm whether
0% on Aya and 100% on Gemma 4 hold across
initialisations. Given that AI-class recall was 1.000
at every seed on the training distribution, we expect
the cross-generator pattern to replicate, but we have
not verified this.

The training-distribution model (Gemini 2.0
Flash) was deprecated by Google in March 2026,
which means within-family transfer between Gem-
ini 2.0 and Gemini 2.5 Flash cannot be cleanly
tested from a research-budget free tier. Future work
with paid API access could close this gap.

On contamination, our analyses in Section 4.4
address the generator-side pathway (generators re-
gurgitating memorised human source text) and
show the family signature survives it. We cannot di-
rectly test the detector-side pathway: AfroXLMR-
large was pretrained on Hausa web text and may
have encountered the test-set human articles before
our fine-tuning. We argue this does not threaten the
central finding, since memorisation of human arti-
cles gives the detector no mechanism to separate
Gemma output from Aya, Llama, or Qwen output,
which are all machine articles unseen at fine-tuning
time. A full test would require retraining the en-
coder on a corpus with the evaluation articles held
out, which is beyond our compute budget.

5.2 Future work
• Probing the learned features through attribu-

tion analysis on the trained checkpoint to iden-
tify the actual Google-family signature.

• Multi-language replication on Yoruba and
Igbo to test whether orthographic and family-
signature findings generalise.

• A direct LLM-paraphrase attack with quality

controls, complementing the NLLB round-trip
evidence.

• Additional Google-family generators (Gemma
4 26B, paid-tier Gemini 2.5 runs) to strengthen
the family-signature claim.

• Re-running the error analysis on seeds 1/7/123
to test whether the digit-sparsity pattern repli-
cates across initialisations.

• Extending the dataset to non-news domains
and additional generators, consistent with the
future work Sani et al. (2025) outlined in their
original paper.

6 Conclusion

We confirm Sani et al. (2025)’s AfroXLMR-large
detector replicates cleanly across four random
seeds, achieving F1 of 0.992 ± 0.005. Recall on
the AI class is perfect at every seed. All errors
are false positives on genuine human-written news,
with the absence of numerical content the clear-
est correlate of misclassification. Across six non-
training generators, detection rates span from 0% to
100%; the two non-training Google-family models
in our test set are both detected at rates above 98%
with maximum confidence, matching the training-
distribution rate, while no non-Google generator
exceeds 21%. On our evidence the detector is better
described as a Gemini-family-output classifier than
as a general Hausa MGT detector, and practitioners
should expect single-generator detectors to behave
in this family-specific way. Our work addresses
the single-generator limitation Sani et al. (2025)
acknowledged in their original paper, and we hope
our cross-generator results inform the design of
future Hausa MGT detection benchmarks.
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A Generator prompts

All open generators received the same chat-
template prompt structure.

System message:

You are a professional Hausa journalist writing
for a major Nigerian newspaper. You write in
fluent, natural Hausa using standard orthography
including the hooked consonants á, â, K, y’ where
appropriate. You write only in Hausa, never mix-
ing other languages.

User message template:

Write a complete Hausa news article based on the
following headline. The article should be between
300 and 500 words. Write only the article, no
preamble, no translation, no explanation.

Headline: {headline}

The {headline} placeholder was filled with the
headline of a Human article from the test split, after
passing it through ftfy to repair Unicode mojibake.
For thinking-capable models (Qwen 3, Gemma 4),
the thinking budget was set to zero via the chat-
template enable_thinking=False flag.

For the NLLB round-trip generator, no chat tem-
plate was used. The Human article was translated
Hausa → English with source tag hau_Latn and
target tag eng_Latn, then back English→ Hausa
with the tags reversed. Long articles were chunked
at 800-character boundaries.

Sampling parameters for all open generators:
temperature 0.8, top-p 0.95, max output tokens 600
(1,500 for thinking-capable models, with thinking
disabled).

B Mojibake in the released dataset

The released CSV contains Unicode cor-
ruption of Hausa hooked consonants in
approximately 9% of articles. Examples
(raw → repaired): karÃƒÂ‚Ã‚Â’uwa →
karáuwa; ÃƒÂ‚Ã‚Â’oÃƒÂ‚Ã‚Â’ari → KoKari;
ÃƒÂ‚Ã‚Â’arshen → Karshen. The pattern is
consistent with UTF-8 bytes being misinterpreted

as Latin-1 and re-encoded, a common scraping
pipeline error.

We did not modify the dataset for our train-
ing runs; we trained on the data as released. For
cross-generator experiments, we passed headlines
through ftfy before sending them to the generators,
so the generators received valid Hausa orthography.

C Examples of cross-generator output

All generators below were given the same Hausa
input headline about a wedding-day attack in Myan-
mar (headline_id 1383 in our test split):

Students’ Revolutionary Force — Ranar âaurin
auren Hnin Si a farkon watan Yuni, wanda ya
kamata ya zama ranar farin ciki a Kauyen Mataw
da ke yankin Sagaing na Myanmar, ya rikiâe zuwa
bala’i.

C.1 Aya-Expanse 8B

Aya routinely produced output containing material
in non-Hausa languages, most often Somali. The
Hausa-speaking reviewer characterised it as code-
switched and not fluent. From an Adam Zango
profile headline:

Adam Zango Fitaccen, kuna da kalla da Kanny-
wood, ayaa ka soo baxay da amma n’ita aikinsa
alhalarin kallu da abokon hira. Wanaa 20 sanno
da soo baxay da aikinsa, ta’an da aikinsa akochan
hira da kallu, waa inuu abokon hira da Adam
Zango Fitaccen aikinsa ka soo baxay.

The bolded function words (ayaa ka soo baxay,
waa inuu) are Somali, not Hausa. The detector
classified this article as Human with P(machine)
= 1.4 × 10−5, near the median for the full Aya
generation set.

C.2 Llama 3.1 8B

Llama produced grammatically reasonable Hausa
with attempted journalistic detail. On the wedding-
bombing headline:

Ranar âaurin auren Hnin Si, wanda aka fi sani
da ‘Hnin Si’s Wedding Day’, ya bayyana ne a
farkon watan Yuni, wanda ya kai laushi a Kauyen
Mataw, cikin yankin Sagaing na Myanmar. Hnin
Si, ’yar shekara 25, ta auri âan’uwan auren ta,
Linn Htwe, a ranar 11 ga watan Yuni. . .

Names and ages are partly invented (the real
headline does not name the groom), but the prose
is on-topic and reads as Hausa news. The detec-
tor classified this article as Human (P(machine) =
0.013, near the Llama mean).
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C.3 Qwen 3 8B
Qwen 3 frequently entered repetition loops, repeat-
ing a phrase or sentence with minor variations until
the token budget was exhausted. On the wedding-
bombing headline:

Ranar âaurin auren Hnin Si, wanda ya kamata
ya zama ranar farin ciki a Kauyen Mataw, da
ke yankin Sagaing na Myanmar, ya rikiâe zuwa
bala’i. Daga kuma, ranar âaurin auren Hnin
Si, wanda ya kamata ya zama ranar farin ciki a
Kauyen Mataw, da ke yankin Sagaing na Myan-
mar, ya rikiâe zuwa bala’i. Kuma, ranar âaurin
auren Hnin Si. . .

The repeated clauses are bolded. Despite the
repetition, the detector classified 10% of Qwen 3
outputs as AI, the second-highest non-Google rate
after NLLB.

C.4 NLLB-200 round-trip (paraphrase)
The NLLB round-trip preserves the topic but pro-
duces characteristic translation artefacts. On the
wedding-bombing headline:

Hsin Si ta ce yayin da kusan abokai da dangi 100
ke taruwa don bikin bikin aurenta, jirgin sama ya
jefa bama-bamai ba zato ba tsammani, ya kashe
mutane 33, ciki har da mata da yara. “Bayan
da muka yi aure, mun fara daukar hotuna tare
da iyalai da abokai, kawai don jin bam sun fara
tsakaninmu yayin da Eaya ta fashe kusa da gidan
amarya”. Yankin Sagaing, tare da Mandalay da
Magway. . .

This is a back-translation of the source Human
article. The named entity “Hnin Si” became “Hsin
Si” through the pivot. The detector classified this
article as AI (P(machine) = 0.45). 21% of NLLB
outputs were classified as AI overall.

C.5 Gemma 4 E4B
Gemma 4 produced fluent, on-topic Hausa with
consistent stylistic patterns. On the wedding-
bombing headline:

An tattara labarin daga yankin Sagaing a Myan-
mar inda an samu wani abin mamaki da kuma
Kalubale da ya faru a kan wani taron tarihi mai
muhimmanci. Kungiya ta kan malamai da âalibai,
da aka fi sani da sunan Hukumar Daidaito ta
Dalibai (Students’ Revolutionary Force), ta shirya
wani taro don fara bikin aure na Hnin Si a farkon
watan Yuni. . .

The bolded opening (“An tattara labarin” —
“the news has been gathered”) recurs across many
Gemma 4 generations and is one of the recurring
stylistic templates we noted in Section 4.3. The de-
tector classified this article as AI with P(machine)
≈ 1.000. 100% of Gemma 4 E4B outputs were
classified as AI.

C.6 Gemma 4 E2B
The smaller Gemma 4 variant produced similar
Hausa news prose with some content drift. On the
wedding-bombing headline:

Wata Kungiya ta âalibai ta yi tashin hankali a
Kauyen Mataw na yankin Sagaing na Myanmar a
farkon watan Yuni, wanda ya yi tsanani da gaba
âaya da ya haifar da wani tsanani mai tsanani. . .

Note the awkward phrase repetition (“tsanani
da gaba âaya da ya haifar da wani tsanani mai
tsanani”). The article preserves the topic but loses
the wedding framing entirely. The detector clas-
sified this article as AI with P(machine) ≈ 1.000.
98.9% of Gemma 4 E2B outputs were classified as
AI.

D Hooked-consonant density
distributions

Generator Mean Med. % zero

Human (test split) 7.94 8.58 27.7
Gemini 2.0 Flash 5.23 0.00 58.9
Aya 8B (mojibake) 0.50 0.00 75.0
Aya 8B (repaired) 1.53 0.00 58.5
Llama 3.1 8B 5.18 2.60 26.2
Qwen 3 8B 4.79 0.25 48.9
Gemma 4 E2B 12.09 10.83 0.8
Gemma 4 E4B 10.33 9.82 0.0
NLLB-200 round-trip 3.82 3.38 18.5

Table 7: Hooked-consonant statistics per generator (per
1,000 characters).
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Figure 3: Mean and median hooked-consonant den-
sity by generator. The Google-family generators vary
widely in orthographic density while remaining highly
detectable, whereas some non-Google generators have
similar densities to Gemini but much lower detection
rates.

Both Gemma 4 variants have non-zero hooked-
consonant density in virtually all articles, exceed-
ing the Human reference. Figure 3 shows that the
three Google models span 5.2 to 12.1 hooks per
1,000 characters but are all detected at ≥ 98%, re-
futing the hypothesis that orthographic density is
the detection signal.
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E Native-speaker validation protocol

Two Hausa-speaking colleagues each received an
identical Excel spreadsheet with two sheets and
worked independently. The first sheet contained the
eight false-positive Human articles with columns
for register classification (news, opinion, feature,
cultural, other), a yes/no judgement on whether the
article reads as a straight news report rather than
opinion or feature, a yes/no judgement on whether
the language is natural Hausa journalism, and free-
text comments. Reviewers were not told which
articles the detector had misclassified or what hy-
pothesis was under test.

Table 8 summarises the register classifications.
Both reviewers judged all eight articles to be natu-
ral Hausa journalism (8/8 “natural Hausa = yes”),
confirming the false positives are genuine human
writing rather than scraped noise. On register, the
reviewers diverged: one assigned single-register
labels (four opinion/feature/cultural, three news,
one mixed), while the other often gave compound
labels such as “news, feature, as well as cultural”.
Because the two agreed that several false positives
(desertification policy, diabetes/sugar-tax report,
security-chiefs meeting) are straight news, we do
not treat register as characterising the errors; the
digit-sparsity correlate in Section 4.2 is the finding
the data supports.

FP Topic R1 R2

1 Tailoring/fashion news/feat/cult cultural
2 Desertification news news
3 Diabetes report news news
4 SA election news opinion
5 Musician feud news/feat/opin feature
6 Tax-bill TV prog. news opinion
7 Security meeting news news
8 Africa-image essay news/opinion opinion

Table 8: Native-speaker register classifications of the
eight false positives. R1 and R2 are the two indepen-
dent reviewers. Both rated all eight as natural Hausa
journalism.

The second sheet contained 30 randomly sam-
pled NLLB round-trip outputs paired with their
source Human articles, with columns for fluency (1–
5), a yes/no judgement on whether a Hausa reader
would accept the text as written by a Hausa jour-
nalist, a yes/no judgement on whether the transla-
tion preserved the source article’s key facts, and
free-text comments. The two reviewers diverged
in strictness. The lenient reviewer gave a mean
fluency near 4.6, with natural-Hausa = yes and

content-preserved = yes on almost all 30 items.
The strict reviewer gave a mean fluency near 3.5
and flagged content problems on roughly a third
of the sample, including hallucinated named enti-
ties and topic drift (for example, NLLB_12, where
the “Great Green Wall” agency became a “cook-
ing agency”, and NLLB_15, where a post-partum
health column drifted into unrelated material). A
website-boilerplate item (NLLB_13: “Wikki Times
Media. . . All Rights Reserved”) made the differ-
ence plain: the strict reviewer scored it 1 (“this
has no meaning”), the lenient reviewer 5. Both re-
viewers’ free-text comments recurred on the same
theme, summarised by one as “a little hallucina-
tion as well as grammatical errors”. Both ended
up in the same place: NLLB round-trip output is
surface-fluent Hausa with measurable content drift
on harder source articles, which is what makes it
usable as a paraphrase probe.

F Software and reproducibility

All experiments were run on a single Ubuntu 24.04
workstation with an NVIDIA RTX 3090 (24 GB
VRAM) and 64 GB RAM. Python 3.11, PyTorch
2.11.0+cu130, transformers 5.8.1, vLLM 0.21.0,
ftfy 6.1.

Random seeds for the four-seed training runs:
42, 1, 7, 123. The vLLM sampler was set to seed
42 for all generator runs to make the generations
reproducible. Hugging Face model commits at time
of access can be reconstructed from the dates of
our runs (May 2026).

For the peakedness analysis (Table 6), we gen-
erated 15 samples per headline for 40 randomly
selected test headlines from each local generator,
at the same temperature 0.8 and top-p 0.95 used
for the main generations, with the vLLM sam-
pler seeded at 42. Peakedness is the fraction of
within-headline sample pairs whose token-level
normalised edit distance is at most 0.05; diversity
is the mean pairwise normalised edit distance.

All scripts used to produce the results in this pa-
per, along with the trained-checkpoint hashes and
the cross-generator output CSVs, will be released
on publication.
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Abstract

The increasing complexity of state-of-the-art
neural networks creates significant computa-
tional energy overhead in Natural Language
Processing (NLP) applications. A few stud-
ies have explored opportunities to reduce over-
head by using a Spiking Neural Network (SNN)
instead of a mainstream artificial neural net-
work (ANN) in computer vision and sensory
domains. A comprehensive analysis of SNN’s
usability for NLP tasks in low-resource lan-
guages has yet to be conducted. Hence, in this
paper, we present the first-ever comparative
energy-overhead analysis of ANNs vs. SNNs
for text classification tasks in low-resource In-
dian languages such as Hindi, Bengali, and
Telugu. Our experiments show that although
we lose classification accuracy by an accept-
able margin when replacing an ANN with an
SNN, we save significant energy, which high-
lights the potential for efficient utilization of
edge computing devices to run NLP tasks for
low-resource languages. This work shows a
direction for advancing energy-efficient NLP
applications, especially for low-resource lan-
guages. We make code and dataset publicly
available 1.

1 Introduction

With the emergence of Transformers (Vaswani
et al., 2017), the domain of Natural Language
Processing has been revolutionized. This has led
to a substantial requirement for computational re-
sources and hence, energy for training and de-
ployment. The rise in model complexity poses
challenges for the practical use of NLP tasks in
resource-constrained environments, such as mo-
bile devices and edge sensors (De Vries, 2023).
Hence, efforts are underway to incorporate energy
efficiency into Artificial Intelligence (AI) models.

1https://github.com/PS1076/
Energy-Accuracy-Frontier

Such efforts are primarily focused on quantiza-
tion, pruning (Liang et al., 2021), and model dis-
tillation (Poddar et al., 2025). These techniques
reduce computational overhead by a significant
margin, while preserving dense, real-valued op-
erations, as seen in traditional artificial neural net-
works (ANNs) (Lv et al., 2024).

In contrast, Spiking Neural Networks
(SNNs) (Maass, 1997) present a fundamen-
tally different, event-driven paradigm inspired by
biological neurons, where computation occurs
only in response to discrete spikes. This leads to
considerable reductions in computational overhead
and, hence, energy demands (Lv et al., 2024;
Knipper et al., 2024). Although SNNs have
demonstrated strong results with competitive
accuracy and significant energy savings in vision
and sensory domains (Yamazaki et al., 2022),
the applicability of SNNs to NLP tasks remains
relatively underexplored. In one recent work, Lv
et al. (2024) attempt to compare computational
efficiency through both floating-point operations
(FLOPs) for ANNs and synaptic operations
(SOPs) for SNNs, providing a clear, dual-metric
framework. This work demonstrates that SNN-
based text classifiers can also achieve accuracy
close to that of their ANN (i.e., Convolution
Neural Network) counterparts while exhibiting
enhanced robustness to adversarial attacks. In
another direction, Knipper et al. (2024) investigate
methods for encoding text into spikes and found
that deterministic rate-coding techniques boost
SNN text classification accuracy significantly
compared to stochastic Poisson rate-coding,
narrowing the performance gap between SNNs
and ANNs. Together, these two studies establish
the techniques for applying SNNs to efficient and
robust natural language processing settings.

In this paper, we extend these state-of-the-art ap-
proaches and investigate the accuracy-energy trade-
offs in a Spiking Neural Network for text classifica-
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Figure 1: The flowchart of the pipeline used for our analysis.

tion tasks while dealing with low-resource Indian
Languages like Hindi, Bengali, and Telugu. To en-
sure a fair comparison between ANN and SNN, we
deploy a unified pipeline and measure the compute
load using FLOPs (Floating-Point Operations) and
SOPs (Synaptic Operations), respectively.

Our experiments show that, for the target low-
resource languages, SNN reduces energy consump-
tion by an average of 41.91x and 44.3x maximum
compared to the ANN counterpart, while losing
a minimal 0.895% in classification accuracy on
average and a max of 3.99%. To the best of our
knowledge, this is the first attempt to fairly com-
pare the accuracy-energy trade-off of ANN and
SNN for low-resource Indian languages. These
findings will act as the stepping stone towards sus-
tainable NLP, specifically in resource-constrained
settings. We will make the code and data publicly
available upon acceptance.

2 Proposed Pipeline and Workflow

The pipeline, as shown in Figure 1, consists of five
key stages: Text embedding, Spike Train Encoding,
Neural Model design (SNN/ANN), Training via
backpropagation (for ANN) or surrogate gradients
(for SNN), and Inference evaluation.

Text Embedding Input text (e.g., sentences, doc-
uments) is first converted into continuous-valued
embeddings. For word-level tasks, pre-trained
embeddings such as FastText (Bojanowski
et al., 2017) are typically used, yielding 300-
dimensional vectors. For sentence-level tasks,
Transformer-based encoders such as Universal
Sentence Encoder (USE) are employed to generate
512-dimensional vectors per sentence (Cer et al.,
2018).

Spike Train Encoding A spike train is a tempo-
ral sequence of "spikes" (represented as 1s) and
"no-spike" periods (represented as 0s). Unlike tra-

ditional artificial neural networks (ANNs) that com-
municate via continuous values, SNNs use these
binary, event-driven signals to process data (Ta-
vanaei et al., 2019).
Binarization (SNN-bin): Binarization reduces em-
beddings to binary (0/1) vectors using autoencoders
or hash-based clustering. Here, each vector directly
maps to either a spike or a non-spike event.
Poisson Rate Coding (SNN-rate-rand): In this
method, we convert Floating-point values stochas-
tically to spikes, simulating typical neural firing
rates (Kalra and Sadanand, 2025).
Deterministic Rate Coding (SNN-rate): A
self-accumulate-and-fire (SAF) neuron determinis-
tically integrates an embedding component over
time and generates spikes when a membrane
threshold is crossed. This method provides a
higher-fidelity representation of the input compared
to stochastic Poisson coding, yielding notable
accuracy improvements (Knipper et al., 2024).
Temporal Coding (e.g., Time-to-First-Spike): The
information is encoded in the precise timing of the
first spike. Earlier spikes often represent stronger
stimuli (Roy et al., 2019). In temporal coding,
the network can often decide as soon as the first
few spikes propagate through the layers, without
waiting for the entire simulation window.

Neural Model Architecture We enforce strict ar-
chitectural symmetry between the Artificial Neu-
ral Networks (ANNs) and Spiking Neural Net-
works (SNNs). Following the foundational frame-
work proposed by Knipper et al. (Knipper et al.,
2024), both paradigms are implemented as fully-
connected, feedforward multilayer perceptrons.
The dimensionality of the input layer is dynam-
ically governed by the selected embedding strat-
egy to accommodate various scales of linguis-
tic representation: 512 neurons for continuous
sentence-level embeddings, 300 for continuous
word-level vectors, and 64 for binarized encoding
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Language Name Class Task Source
Sentiment Data(SDH) 7 Fine-grained emotion classification SD source1

Hindi IITP Product Review (PR) 3 Product review sentiment classification Akhtar et al.(Akhtar et al., 2016)
IITP Movie Review (MR) 3 Movie review sentiment classification Akhtar et al.(Akhtar et al., 2016)

BBC News Articles (BNA) 14 BBC Hindi news topic classification BNA source2

Social Media Data (SMD) 2 Social media text classification Hasan et al.(Hasan et al., 2023)
Bengali Sentiment Data (SDB) 3 Standard sentiment analysis Islam et al.(Islam et al., 2020)

SentNoB (SNB) 3 Bengali text sentiment analysis Islam et al.(Islam et al., 2021)
Telugu sentiment analysis

Telugu (TSA) 3 Sentiment analysis for Telugu corpus Mukku et al.(Mukku and Mamidi, 2017)
IndicNLP News (INN) 3 Telugu news classification INN source3

INLTK Headlines (IH) 3 Telugu news headline classification IN source4,5

Table 1: Data Set Description

schemes. These inputs propagate through a hierar-
chical feature-extraction pipeline with two hidden
layers, empirically fixed at 256 and 128 neurons, re-
spectively. The output layer size is strictly tailored
to map to the number of target classes K dictated
by the specific downstream classification task.
Crucially, while the macroscopic topologies of the
networks remain isomorphic, their underlying com-
putational mechanisms diverge significantly. The
baseline ANN utilizes standard continuous-valued,
floating-point dense layers paired with Rectified
Linear Unit (ReLU) (Nair and Hinton, 2010) acti-
vation functions. In contrast, the SNN operates fun-
damentally in the temporal domain. All continuous
activations are replaced with event-driven, discrete-
spiking nodes. Specifically, the SNN hidden layers
employ Current-Based Leaky Integrate-and-Fire
(CUBA LIF) (Shrestha and Orchard, 2018) neuron
dynamics, characterized by distinct voltage and cur-
rent decay parameters or the proposed Spiking Ac-
tivation Function (SAF) (Ahmed and Orrje, 2023)
neurons.

Training and Optimization For ANN Training,
conventional backpropagation is applied using
cross-entropy loss whereas for SNN Training,
surrogate gradient methods (Neftci et al., 2019)
such as SLAYER (Shrestha and Orchard, 2018)
are used. SLAYER is a training algorithm
designed for Spiking Neural Networks (SNNs)
that addresses the challenge of non-differentiable
spike activations by using surrogate gradients . It
treats spikes probabilistically and approximates
the gradient of the spiking function to enable
backpropagation through time (BPTT). (Lv et al.,
2024). Both model types are trained for the same
number of epochs (typically 50) with analogous
hyperparameters. We use Adam optimizer
with a learning rate of 1 × 10−5 along with 15
samples/batch and 50 epochs of training. For

backpropagation, a spike-rate loss function with
SLAYER’s surrogate gradient method is deployed.

Inference A major component of the inference
time is the Inference Window. It is a hyperpa-
rameter that must be set to allow sufficient time
for spike integration (e.g., a 50ms window). This
must be tuned appropriately to achieve competitive
accuracy while significantly reducing the latency
penalty. The output neuron with the highest spike
rate over the inference window determines the final
classification.

3 Details of Core Components

Leaky Integrate-and-Fire (LIF) Neuron Dynam-
ics. The core computational element in the SNN
model is the Leaky Integrate-and-Fire (LIF) spik-
ing neuron, modeled with discrete-time dynamics
(Lv et al., 2024)

Ut = It + β · Ut−1 − St−1 · Uthr (1)

It = W ·Xt (2)

St =

{
1, if Ut ≥ Uthr

0, otherwise
(3)

Where Ut is the membrane potential at timestep
t; It is the input current, calculated by the weighted
sum of inputs Xt with synaptic weights W ; β is
the voltage decay factor (corresponding to mem-
brane leak); St is the spike output, a binary signal
indicating neuron firing when membrane potential
crosses the threshold Uthr.

1https://www.kaggle.com/datasets/praths71018/
hindi-sentiment-dataset/data

2https://github.com/NirantK/hindi2vec/
releases/tag/bbc-hindi-v0.1

3https://github.com/AI4Bharat/indicnlp_catalog
4https://github.com/goru001/inltk
5https://github.com/AI4Bharat/indicnlp_catalog
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Language Hindi (Hi) Bengali (Bn) Telugu (Tl)
Dataset SDH PR MR BNA SMD SDB SNB TSA INN IH
ANN Accuracy (%)(↑) 46.33 56.00 42.22 39.69 88.93 62.32 61.95 47.03 88.04 46.13
SNN Accuracy (%)(↑) 46.83 54.29 41.91 47.42 85.47 58.33 58.99 44.32 86.00 46.13
ANN FLOPs (×108) 1.33 0.57 0.34 0.72 2.56 1.51 1.74 0.59 2.64 0.59
ANN Energy (↓) (×107 pJ) 165.69 71.88 42.61 90.48 319.73 188.71 217.98 74.36 329.86 74.36
SNN SOPs (×108) 4.96 2.25 1.32 2.65 10.90 5.89 6.83 2.35 9.76 2.31
SNN Energy (↓) (×107 pJ) 3.82 1.74 1.02 2.04 8.36 4.53 5.26 1.81 7.51 1.78
Accuracy Drop (%) ANN→ SNN -0.5 1.71 0.31 -7.73 3.46 3.99 2.96 2.71 2.04 0
Energy Eff. Ratio (×) 43.40 41.41 41.95 44.30 38.26 41.63 41.42 41.06 43.90 41.78

Table 2: Performance of ANN and SNN in terms of Accuracy and Energy Comparisons for text classification task
across target languages. Hi→ Hindi; Bn→ Bengali; Tl→ Telugu.

Language Hindi (Hi) Bengali (Bn) Telugu (Tl)
Dataset SDH PR MR BNA SMD SDB SNB TSA INN IH Mean
γ̄ 0.373 0.395 0.388 0.368 0.426 0.390 0.393 0.398 0.370 0.392 ≈0.389

Table 3: Firing rate (γ̄) per dataset

Upon spiking, the membrane potential is reset
by subtracting the threshold Uthr (soft reset). The
LIF neuron acts as a stateful unit accumulating
inputs over discrete simulation timesteps and emit-
ting spikes based on internal dynamics.

Rate Coding Method. Processing the continuous-
valued input representations like word or sentence
embeddings within the spiking domain requires
employing a deterministic rate-coding technique
known as the Self-Accumulate-and-Fire (SAF)
method (Ahmed and Orrje, 2023). Unlike stochas-
tic encoding schemes, the SAF neuron determin-
istically accumulates the normalized input value
at each discrete time step and triggers a spike ex-
actly when the neuron’s membrane threshold is
exceeded. The temporal dynamics of this encoding
mechanism are mathematically defined as follows:

Vt = Vt−1 + x (4)

Yt =

{
1, if Vt ≥ α

0, otherwise
(5)

To preserve the residual potential and maintain
a high-fidelity representation of the input value,
the membrane potential undergoes a subtractive re-
set immediately following a spike emission (when
Yt = 1):

Vt ← Vt − α (6)

In this formulation: x represents the static input
value from the specific embedding dimension
being encoded, strictly normalized to the range
[0, 1]. Vt denotes the internal membrane potential

of the encoding neuron, which steadily integrates
the input x over successive time steps. α is the
predefined neuron firing threshold that dictates
the exact condition for encoding a spike. Yt is the
generated output spike train, forming a temporal
binary sequence where 1 indicates an emitted spike
and 0 indicates a resting state.

Energy Estimation Process. Floating Point Op-
erations (FLOPs) (Lv et al., 2024) refer to the total
number of arithmetic operations involving floating-
point numbers performed by a model, including
multiplications and additions, typically used to
measure computational complexity and cost. On
the other hand, Synaptic Operations (SOPs) (Hu
et al., 2021; Indiveri et al., 2015) are the count
of operations in a spiking neural network where
energy is consumed only when spikes occur; The
number of SOPs in an SNN layer is estimated by:

SOPslayer = T × firing_ratelayer × FLOPslayer
(7)

where, T is the number of discrete simulation
timesteps (T = 10 timesteps for all datasets);
firing_ratelayer is the average neuron firing rate in a
layer, defined as the fraction of active spikes in the
input tensor to that layer, measured directly dur-
ing inference via forward hooks. For each dataset,
we also compute overall firing rate γ̄ (averaged
across the 3 layers), which summarizes how active
the spiking network’s neurons are on average. The
details are presented in Table 3. FLOPslayer is
the number of floating-point operations required
for the equivalent ANN layer. The SNN energy
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consumption per layer:

ESNN,layer = SOPslayer × ESOP (8)

where ESOP = 77 femtojoules is the theoretical
energy cost per synaptic operation, as reported in
the literature (Lv et al., 2024). On the other hand,
the ANN energy consumption per layer:

EANN,layer = FLOPslayer × EFLOP (9)

where EFLOP = 12.5 picojoules is the theoretical
energy cost per floating-point operation (Lv et al.,
2024).

4 Experimental Results and Analysis

For our experiments, as shown in Figure 1, we de-
ploy the pipeline in word-level, rate-coded, and
deterministic SNN mode for various classification
tasks. This choice is grounded in recent studies (Ta-
vanaei et al., 2019; Kim et al., 2022) that highlight
the significant energy advantages of spiking mod-
els and the robust performance of rate-coded inputs
in text-based tasks. Specifically, we utilize the
fully-connected (MLP) SNN configuration, with
deterministic rate-coding of word embeddings.
Dataset Description. Table 1 shows 10 datasets
used in our experiments.
Data Preprocessing and Embedding. We pre-
process the input text segments to lowercase, re-
move the punctuations, and normalize them to pre-
serve script-specific characters for potential mul-
tilingual use. Each input token is mapped to a
pre-trained 300-dimensional FastText word embed-
ding (Bojanowski et al., 2017), enabling the model
to capture both semantic and subword information
inherent in the text. For SNN input, we normalize
these embeddings to the range [0, 1] and convert
them to spike trains via the SAF deterministic cod-
ing scheme. The spike trains accumulate the nor-
malized value at each time step and trigger spikes
when the neuron membrane threshold is exceeded.
Classification Accuracy. We report classification
accuracies (for ANN and SNN) for all three target
low-resource languages in Table 2. We observe
that for Hindi, Bengali, and Telugu, the drop in
accuracy is marginal (at most 3.99%). Note that
for two Hindi datasets (SD and BNA), SNN even
outperforms ANN. The SNN performs the same as
the ANN on one of the Telugu datasets (IH).
Energy Profiling. We conduct our experiments
using two NVIDIA 48 GB L40 GPUs. During

inference, we compute the number of Synaptic Op-
erations (SOPs) for each layer, enabling us to cal-
culate the total SOPs across all layers. Next, we
utilize the aggregated SOP count to estimate the
approximate computational energy consumption
of the SNN. Similarly, for the ANN, we compute
the layer-wise count of Floating Point Operations
(FLOPs), then aggregate them across all layers to
determine the total FLOP count. We use the to-
tal FLOP count to approximate the ANN model’s
overall computational energy expenditure. Table 2
presents the computational energy results derived
from these measurements. Energy consumption
results show consistent savings of 38.26x to 44.30x
using SNN compared to ANN baselines, due to
sparse firing (firing_rate ≪ 1) and lower energy
per synaptic operation. This shows the direction
towards sustainable NLP for low-resource Indian
languages.

5 Conclusion and Future Work

In this paper, we investigated using SNNs (instead
of ANNs) for sustainable, energy-efficient NLP
in low-resource languages. We focused on text
classification, with Hindi, Bengali, and Telugu as
our target low-resource languages. We conducted
a comprehensive study to examine the accuracy-
energy trade-off for ANNs and SNNs. The experi-
ments showed that SNN saves a significant amount
of energy (up to 44.30x) while incurring no more
than 4% accuracy loss across a relatively large num-
ber of target languages. Note that, our experiments
use identical configurations to isolate architectural
effects, but each model family may benefit from its
own hyperparameters and training duration.

Hence, going forward we plan to tune ANNs
and SNNs independently under an equal tuning
budget, including SNN-specific parameters such as
timesteps, decay factor, and firing threshold, and
train each to convergence. We will also account
for training cost alongside inference energy, com-
pare models at matched accuracy and matched en-
ergy, and explore ANN-to-SNN conversion and
hybrid training to further close the accuracy gap.
We would also like to extend SNN methods to
transformer-like architectures, hardware-aware en-
ergy modeling, including memory operations, and
to investigate different genres of NLP tasks in the
near future.
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Abstract

The scarcity of high-quality, phonetically
diverse datasets for low-resource languages
like Amharic remains a significant barrier to
high-fidelity speech synthesis. We present
AmhTTS, the first open, natively evaluated
Amharic text-to-speech system, developed by
fine-tuning SpeechT5 on a curated 25-hour,
single-speaker Amharic corpus paired with a
HiFi-GAN vocoder. Unlike Meta MMS, the
only other publicly available Amharic TTS sys-
tem, which requires Latin script translitera-
tion and reports no Amharic-specific evalua-
tion, AmhTTS operates natively on Ethiopic
script and is the first system to report hu-
man MOS scores on Amharic speech synthe-
sis. To address the orthographic complexities
of the Ethiopic script, we implement a three-
stage text normalisation pipeline covering ho-
mophone unification, Ge’ez numeral expan-
sion, and Amharic punctuation handling. Sys-
tem quality is assessed through a rigorous hu-
man evaluation via a purpose-built web plat-
form, involving 28 native Amharic-speaking
voluntary evaluators who rated 35 linguisti-
cally motivated samples across four domains:
phonetic coverage (ejectives and labialized
consonants), gemination and prosody, numeral
and date reading, and conversational fluency.
Results yield an overall naturalness MOS of
3.71 and intelligibility MOS of 4.02 on a 5-
point scale, demonstrating that the rich pre-
trained representations of SpeechT5 transfer
effectively to a low-resource language with
only 25 hours of data a fraction of the 460
hours used in the original English fine-tuning.
While the system achieves high phonetic ac-
curacy (MOS: 4.22/4.36), numeral synthesis
and gemination modeling remain areas for fu-
ture improvement. Given the demonstrated
community demand for accessibility tools, we
publicly release our fine-tuned model weights,
the AmhTTS corpus, and evaluation data to
advance low-resource TTS research. Our
web application is currently active, serving

users at multiple university disability centers
in Ethiopia.

https://huggingface.co/amhtts.

1 Introduction

Amharic is the official working language of
Ethiopia, spoken natively by approximately 57 mil-
lion people and used as a lingua franca by over
25 million additional speakers (Ethnologue, 2023).
Despite its scale, Amharic remains severely under-
resourced in speech technology, with no standard-
ized TTS evaluation benchmark and very few pub-
licly available systems Sebsibe et al. (2004).

Amharic presents several unique challenges for
TTS synthesis. The Ge’ez/Ethiopic script encodes
consonants and vowels in syllabic units (fidel),
where multiple characters share identical pronun-
ciations for example, ሀ, ሐ, and ኀ all realise /ha/
creating ambiguity during training. Gemination
is phonemically contrastive yet difficult for neural
models to learn reliably, while ejective and labi-
alized consonants are typologically absent from
English, limiting naive transfer learning. Addi-
tionally, Ethiopic numerals (፩, ፪, …, ፻) and punc-
tuation (።, ፣, ፤) require dedicated normalisation
pipelines absent from general-purpose pre-trained
models.

Recent neural TTS architectures from the
end-to-end Tacotron (Wang et al., 2017) and
Tacotron 2 (Shen et al., 2018), to the non-
autoregressive FastSpeech 2 (Ren et al., 2021)
and the vocoderless VITS (Kim et al., 2021) have
advanced synthesis quality significantly, but re-
main focused on high-resource languages. Meta
MMS (Pratap et al., 2023), the only other pub-
licly available Amharic TTS, provides no Amharic-
specific evaluation and requires Latin transliter-
ation via uroman, limiting practical usability.
SpeechT5 (Ao et al., 2022), pre-trained exclusively
on English, offers rich cross-modal representations
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that we show transfer effectively to Amharic with
only 25 hours of data.

In this work, we introduce AmhTTS, the first
open, natively evaluated Amharic TTS system,
fine-tuned from SpeechT5 (Ao et al., 2022) on
a curated 25-hour single-speaker corpus with a
HiFi-GAN vocoder (Kong et al., 2020). A three-
stage text normalisation pipeline handles homo-
phone unification, numeral expansion, and punc-
tuation filtering. Human evaluation by 28 native
Amharic-speaking evaluators yields a naturalness
MOS of 3.71 and intelligibility MOS of 4.02. Our
main contributions are:

• The first open, fully reproducible Amharic
TTS system operating natively on Ethiopic
script without transliteration, with human
MOS evaluation by native speakers.

• A three-stage text normalisation pipeline ad-
dressing homophone unification, Ge’ez nu-
meral expansion, and Amharic punctuation
handling.

• A linguistically motivated human evalua-
tion framework combining ITU-T P.800
MOS (ITU-T, 1996) with forced transcrip-
tion (Wester et al., 2015) involving 28 native
Amharic-speaking evaluators across four pho-
netic domains (ejectives, gemination, numer-
als, and conversational fluency).

• Public release of model weights, the 25-hour
AmhTTS corpus, evaluation data, and a live
demo system to support reproducibility and
Afro-Asiatic NLP research.

The remainder of this paper is organised as fol-
lows. Section 2 reviews related work. Section 3
describes the dataset and normalisation pipeline.
Section 4 presents the model and fine-tuning. Sec-
tion 5 details evaluation and results. Section 6 dis-
cusses findings and community impact. Section 7
concludes the paper, and Section 8 outlines the lim-
itations of this work.

2 Related Work
2.1 Amharic Speech Synthesis
Early Amharic TTS relied on rule-based, cepstral,
and concatenative synthesis with limited prosodic
control (Sebsibe et al., 2004).More recent efforts
have adapted neural sequence-to-sequence archi-
tectures, including Tacotron 2 (Shen et al., 2018)

and FastSpeech 2 (Ren et al., 2021) variants trained
on modest corpora, with reporting naturalness
scores between 3.2 and 3.8 MOS. The only other
publicly available Amharic TTS system, Meta
MMS (Pratap et al., 2023), covers 1,107 languages
using a VITS-based (Kim et al., 2021) architecture
but provides no Amharic-specific MOS evaluation
and requires Latin transliteration via uroman. Ta-
ble 1 summarises the landscape of relevant TTS
systems; AmhTTS is the only system to report hu-
man MOS scores natively evaluated on Amharic.

2.2 Neural TTS Architectures

End-to-end TTS has progressed from the seq2seq
Tacotron (Wang et al., 2017) and Tacotron 2 (Shen
et al., 2018), to non-autoregressive models such
as FastSpeech 2 (Ren et al., 2021) with explicit
pitch, energy, and duration predictors. VITS (Kim
et al., 2021) eliminated the need for a separate
vocoder via VAE and GAN-based training, and
serves as the backbone of Meta MMS (Pratap
et al., 2023). Zero-shot multilingual models such
as YourTTS (Casanova et al., 2022) and XTTS-
v2 (Casanova et al., 2024) support voice cloning
across languages with minimal data, though nei-
ther supports Amharic. SpeechT5 (Ao et al.,
2022) unified speech and text in a shared encoder-
decoder framework pre-trained on large-scale En-
glish data. AmhTTS adopts SpeechT5 as its back-
bone, demonstrating for the first time its cross-
lingual transferability to a low-resource Afro-
Asiatic language.

2.3 TTS Evaluation and African Language
NLP

The ITU-T P.800 MOS framework is the standard
for TTS naturalness assessment (ITU-T, 1996),
while forced transcription provides a more reli-
able intelligibility measure for low-resource lan-
guages (Wester et al., 2015). AmhTTS com-
bines both. The Mozilla Common Voice project
has begun collecting Amharic speech (Ardila
et al., 2020), and Masakhane-Speech (Olatunji
et al., 2023) has produced benchmarks for several
African languages. However, community-scale
Amharic TTS evaluation with native speakers re-
mains absent from the literature, a gap this work
addresses.
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Table 1: Comparative metrics for TTS systems relevant to Amharic (2026). MOS scores marked with † are reported
on English benchmarks in the original papers, included for architectural reference only. Meta MMS Amharic
checkpoint (facebook/mms-tts-amh) is released as part of the MMS project (Pratap et al., 2023) but Amharic is
not explicitly evaluated in the paper. N/A = not reported. N/I = Naturalness / Intelligibility.

Model Year Key Feature MOS (N/I) Data Size Language(s) Data Model

Tacotron (Wang et al.,
2017)

2017 First end-to-end seq2seq TTS from char-
acters

3.82† / N/A 24.6 hrs English Closed Open

Tacotron 2 (Shen et al.,
2018)

2018 Mel-spectrogram prediction conditioned
WaveNet vocoder

4.53† / N/A ∼24 hrs English Closed Open

FastSpeech 2 (Ren et al.,
2021)

2021 Non-autoregressive; explicit pitch, en-
ergy & duration

3.83† / N/A ∼24 hrs English Open Open

VITS (Kim et al., 2021) 2021 End-to-end VAE+GAN; no separate
vocoder needed

4.43† / N/A ∼24 hrs English Open Open

YourTTS (Casanova
et al., 2022)

2022 Zero-shot multi-speaker multilingual;
∼1 min audio

3.98† / N/A ∼1k spkrs Multilingual
(3)

Open Open

SpeechT5 (Ao et al.,
2022)

2022 Unified encoder-decoder pre-training for
speech & text

3.65† / N/A 460 hrs English Open Open

AmhTTS (Ours) 2025 SpeechT5 fine-tuned on Amharic; first
open natively evaluated system

3.71 / 4.02 25 hrs Amharic Open Open

‡Amharic checkpoint at facebook/mms-tts-amh; not evaluated in Pratap et al. (2023).

3 Dataset and Text Normalisation

3.1 Training Corpus
AmhTTS is built on a high-fidelity, single-speaker
corpus of 25 hours of speech recorded by a fe-
male native Amharic speaker, comprising approxi-
mately 11,000 sentences. The corpus contains 254
unique Ethiopic characters with 747,546 total oc-
currences, ranging from a minimum count of 1 (ኁ,
ፂ, ቯ) to a maximum of 43,622 (ን). Table 2 sum-
marises the corpus statistics. Figure 1 visualises
the character frequency distribution.

Table 2: AmhTTS training corpus statistics.

Property Value
No. of sentences 11,000
Max sentence length 23 sec
Min sentence length 5 sec
Avg sentence length ≈16 sec
Total duration 25 hours
Sampling rate 16,000 Hz
Speaker Female, native Amharic
Unique characters 254
Total characters 747,546

3.2 Text Normalisation Pipeline
Amharic orthography (Ethiopic Abugida, Unicode
U+1200–U+137F) presents pre-processing chal-
lenges absent from general-purpose pre-trained
models. We implement a three-stage pipeline.

Stage 1: Homophone Unification. Several
Ge’ez characters share identical phonetic realisa-
tions, creating training noise. We map variants to

canonical forms: {ሀ,ሐ, ኀ, ኸ}→ሀ; {ሰ,ሠ}→ሰ; {ጸ,
ፀ}→ጸ. Table 3 summarises key script properties.

Table 3: Amharic script properties affecting TTS.

Property Details
Base conso-
nants

33, each with 7 vowel orders (231 base
forms)

Homophone
groups

ሀ/ሐ/ኀ; ሰ/ሠ; ጸ/ፀ

Ge’ez numer-
als

፩=1, ፪=2, ፻=100, ፼=10,000

Key punctua-
tion

። stop, ፣ comma, ፤ semi, ፧ question,
፡ word sep.

Stage 2: Numeral Expansion. Both Ara-
bic (e.g., 2024) and Ge’ez numerals (e.g., ፳፻፳፬)
are expanded to full Amharic written-out equiva-
lents. Without this step the model skips or mispro-
nounces numeric tokens (G3: MOS 2.92/3.16).

Stage 3: Punctuation Filtering. Non-standard
symbols are stripped, while essential markers።, ፣,
፤, ፧, ፡ are preserved and mapped to prosodic pause
durations.

4 Model Architecture and Fine-Tuning

4.1 Base Model: SpeechT5
AmhTTS fine-tunes SpeechT5 (Ao et al., 2022),
a unified-modal encoder-decoder pre-trained on
large-scale unlabeled English speech and text.
The framework consists of a shared Transformer
encoder-decoder backbone and six modal-specific
pre/post-nets (Ao et al., 2022). For TTS, text to-
kens are mapped via a text pre-net; the encoder-
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Figure 1: Frequency heatmap of the 254 Ge’ez characters in the training corpus. Each cell shows the character
glyph and its raw count. Colour intensity is logarithmic (light blue = rare, deep navy = frequent). Characters are
ordered left-to-right, top-to-bottom by decreasing frequency.

decoder models the sequence-to-sequence transfor-
mation; and the speech post-net refines predicted
log Mel-filterbank features. HiFi-GAN (Kong
et al., 2020) converts mel-spectrograms to wave-
forms. Speaker identity is conditioned via x-
vector embeddings. The original SpeechT5 was
pre-trained and evaluated exclusively on English;
AmhTTS is among the first efforts to adapt it to a
low-resource morphologically rich language.

4.2 Fine-Tuning Procedure

Fine-tuning adapts the SpeechT5 attention mech-
anism to Ethiopic syllabic units using the nor-
malised corpus (Section 3.2). Training uses L1

loss on log Mel-filterbank features and binary
cross-entropy (BCE) loss on the stop token, fol-
lowing the original SpeechT5 procedure (Ao et al.,
2022). All experiments used a single NVIDIA
Tesla V100-SXM2 (32 GB GPU), fully utilised
over ≈30.5 hours of training via Transform-
ers 4.38.1 (Wolf et al., 2020) and PyTorch 2.1.0.
Table 4 summarises all hyperparameters.
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Figure 2: Training and validation loss over 16,000 steps (Weights & Biases). Left: Training loss decreases from
0.5244 (step 1k) to 0.4487 (step 16k). Right: Validation loss drops from 0.4757 (step 1k) to a minimum of 0.4305
at step 11,000, then stabilises at 0.4319 at the final checkpoint.

Table 4: Fine-tuning hyperparameters and compute de-
tails.

Hyperparameter Value
Base model microsoft/speecht5_tts
Vocoder HiFi-GAN
Learning rate 1e-5
Train / Effective batch 16 / 128
Gradient accum. steps 8
Optimizer Adam (β1=0.9, β2=0.999)
LR scheduler Linear + 500 warmup steps
Total steps / Epochs 16,000 / ≈262
Sampling rate 16,000 Hz
Seed 42

Hardware 1× V100-SXM2 (32 GB)
Training runtime ≈30.5 hrs
Framework Transformers 4.38.1 / PyTorch 2.1.0

Best eval loss 0.4305 (step 11,000)
Final eval loss 0.4319 (step 16,000)

4.3 Training Dynamics

Figure 2 shows the loss curves over 16,000 steps.
Validation loss drops from 0.4757 (step 1,000) to
a minimum of 0.4305 at step 11,000, then sta-
bilises at 0.4319. The plateau after step 9,000
is consistent with the limited data regime typical
of low-resource fine-tuning. The slight uptick in
training loss at step 16,000 (0.4487 vs. 0.4428 at
step 15,000) with stable validation loss indicates
no significant overfitting, attributable to the learn-
ing rate decaying to ≈1e-6. The released model
uses the final checkpoint (step 16,000, val. loss
0.4319), consistent with standard practice. This
loss is within the 0.40–0.48 range reported for sim-
ilar multilingual encoder-decoder fine-tuning on
20–40 hour African language datasets (Elmadany
et al., 2025; Bakoubolo et al., 2026).

5 Evaluation and Results

5.1 Test Dataset

We constructed 35 test sentences in four groups
(Appendix B): G1 phonetic coverage ejectives,
labialized consonants, 6th-order vowels (S1–S10);
G2 gemination and prosody minimal pairs (S11–
S20); G3 numbers, dates, and punctuation (S21–
S25); G4 conversational and domain-specific
speech (S26–S35).

5.2 Results

Quality was assessed via ITU-T P.800 MOS (ITU-
T, 1996) with forced transcription for intelligibil-
ity (Wester et al., 2015), collecting naturalness
and intelligibility ratings (1–5) from 28 evaluators
(26 native, 2 fluent non-native Amharic speakers)
and 30 community users. As shown in Table 5,
AmhTTS achieves naturalness MOS of 3.71 and
intelligibility MOS of 4.02, exceeding SpeechT5’s
English baseline (Ao et al., 2022) (3.65 on 460
hrs) with only 25 hours of Amharic data. All 28
evaluators expressed willingness to use the system
(“Yes”: 14; “Maybe”: 14).

Table 5: Overall MOS (N=28, 35 sentences).

Metric Score Ref. Data
Naturalness (per-sent.) 3.71 —
Intelligibility (per-sent.) 4.02 —
Naturalness. (self-reported) 3.61 —
Intelligibility. (self-reported) 3.93 —

SpeechT5 (Ao et al., 2022) 3.65 460 hrs
Tacotron (Wang et al., 2017) 3.82 24.6 hrs
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6 Discussion

6.1 Comparison with Related Systems

As shown in Table 1, AmhTTS achieves natural-
ness MOS 3.71 and intelligibility MOS 4.02, ex-
ceeding the English SpeechT5 baseline (Ao et al.,
2022) (3.65 on 460 hours) with only 25 hours of
Amharic data. This demonstrates effective cross-
lingual transfer of pre-trained encoder-decoder rep-
resentations consistent with the broader transfer
learning literature (Ren et al., 2021; Kim et al.,
2021). AmhTTS is the first system to report native
Amharic MOS and to operate directly on Ethiopic
script without transliteration.

6.2 Results by Sentence Group

Table 6 reveals a clear hierarchy. G1 (phonetic
coverage) achieved the highest scores (4.22/4.36),
confirming solid ejective consonant handling. G4
(conversational) also scored strongly (3.73/4.18),
reflecting good coverage of high-frequency vo-
cabulary. G2 (gemination) shows a naturalness–
intelligibility gap (3.58 vs. 3.96), suggesting evalu-
ators recovered words even when gemination was
imperfect, consistent with Sebsibe et al. (2004).
G3 (numbers/dates) scored lowest (2.92/3.16), con-
firming numeral normalisation as the critical weak-
ness.

Table 6: Mean MOS by sentence group.

Group N Nat. Int.
G1: Phonetic Coverage 10 4.22 4.36
G2: Gemination/Prosody 10 3.58 3.96
G3: Numbers/Dates 5 2.92 3.16
G4: Conversational 10 3.73 4.18

Overall 35 3.71 4.02

6.3 Phonetic Error Analysis

Table 7 summarises phonetic error annotations
across 980 observations. No errors were reported
in 41.9% of cases. Gemination (17.9%) and ejec-
tive errors (16.3%) were the leading types, while
number errors (4.9%) concentrated in G3. The
lowest-scoring sentence, S21 (ዛሬ ሐምሌ ፭ ቀን
፳፻፲፮ ዓ.ም ነው።, Ge’ez numeral date), received
naturalness 1.39 and intelligibility 1.36. Con-
versely, S5 (ኢትዮጵያ የብዙ ቋንቋዎች መገኛ ናት)
achieved the highest scores (4.82/4.86), confirm-
ing strong synthesis on high-frequency vocabu-
lary.

Table 7: Phonetic error distribution (N=980).

Error Type Count %
No errors detected 410 41.8
Other issues 175 17.9
Gemination unclear 175 17.9
Ejective sounds unclear 160 16.3
Number pronunciation unclear 60 6.1

Total 980 100.0

6.4 Failure Analysis

Gemination is not encoded at the character level
in Ethiopic script; the model must infer con-
sonant duration from context a task for which
SpeechT5, pre-trained on English, has no prior.
Non-autoregressive models with explicit duration
predictors (Ren et al., 2021) offer a natural so-
lution. Numeral synthesis failures stem from
incomplete Ge’ez numeral handling in the nor-
malisation pipeline, as evidenced by S21. Addi-
tional evaluator feedback identified: (1) male voice
variants; (2) context-dependent homophone disam-
biguation; (3) improved prosody at punctuation
boundaries; and (4) code-switched Amharic–Latin
text support.

7 Conclusion

We presented AmhTTS, the first open, natively
evaluated Amharic TTS system, fine-tuned from
SpeechT5 (Ao et al., 2022) on a 25-hour single-
speaker corpus using a three-stage Ethiopic nor-
malisation pipeline. Human evaluation by 28 na-
tive speakers yielded a naturalness MOS of 3.71
and an intelligibility MOS of 4.02, exceeding the
English SpeechT5 baseline despite using a frac-
tion of the training data. Current limitations in-
clude single-speaker coverage, suboptimal gemina-
tion (G2: 3.58/3.96), and weak numeral synthesis
(G3: 2.92/3.16), attributable in part to the English-
only SpeechT5 pre-training, which introduces sys-
tematic bias against ejective consonants and gem-
ination features absent from its pre-training dis-
tribution. Future work will incorporate an ex-
plicit duration module, comprehensive numeral
normalisation, and code-switched Amharic–Latin
text support. The system has been publicly re-
leased and is actively used by visually impaired stu-
dents, demonstrating its practical value for acces-
sibility and digital inclusion in Amharic-speaking
communities.
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8 Limitations
Linguistic and Speaker Diversity. AmhTTS is
trained on a single female speaker (Addis Ababa ac-
cent), limiting generalisation to regional varieties
such as Gojjam and Wollo Amharic. Gemination
handling remains suboptimal (G2: 3.58/3.96), and
numeral synthesis requires a dedicated component
(G3: 2.92/3.16). While our web application is
currently active across multiple university disabil-
ity centers in Ethiopia, the evaluator and initial
user pool skew toward urban, educated academic
environments, which may not fully capture rural
user demographics or varying literacy levels upon
wider nationwide deployment.

Transfer Learning and Infrastructure Con-
straints. SpeechT5 (Ao et al., 2022) is pre-
trained exclusively on English, introducing a sys-
tematic bias against ejective consonants and gem-
ination features absent from the pre-training dis-
tribution. This architectural foundation may
structurally limit fine-tuning performance indepen-
dently of data quantity. Furthermore, because our
tool is currently deployed as a centralized web ap-
plication, its utility is tightly coupled with inter-
net stability. Optimization for lightweight, offline
mobile-edge deployment remains a critical upcom-
ing challenge to support users in low-connectivity
areas.

9 Ethical Considerations
We acknowledge the dual-use risk of TTS technol-
ogy, including the potential for audio deepfakes or
malicious voice cloning. However, the primary
motivation of this work is to improve accessibil-
ity for visually impaired Amharic speakers and
promote digital inclusion in Ethiopian higher ed-
ucation. To address these risks transparently, the
model weights, the AmhTTS corpus, and evalua-
tion data are released under an open licence to ad-
vance low-resource, accountable research. No per-
sonally identifiable information was collected from
users or evaluators; university center participants
engaged with the application voluntarily with in-
formed consent.
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A Appendix
B Test Dataset: 35 Amharic Sentences with MOS Scores

Table 8: Full test dataset with per-sentence MOS scores. (Nat. = Naturalness; Int. = Intelligibility)

S Sentence Nat. Int.
Group 1: Phonetic Coverage (Ejective & Labialized)
1 ጳውሎስ በሊባኖስ ተራራ ላይ ቆመ። (ጳ, ቆ) 4.18 4.61
2 ጨረቃ በጨለማ ብርሃን ትሰጣለች። (ጨ, ቃ) 4.71 4.71
3 ጥንቃቄ ለጤና በጣም አስፈላጊ ነው። (ጥ, ጤ) 4.57 4.75
4 ፀሐይ ጠዋት በምስራቅ በኩል ትወጣለች። (ፀ, ሐ) 4.57 4.82
5 ኢትዮጵያ የብዙ ቋንቋዎች መገኛ ናት። (ጵ) 4.82 4.86
6 የጭቃ ሹም በፈረስ ላይ ተቀመጠ። (ጭ, ሹ) 4.21 3.96
7 ቅዳሜና እሁድ ገበያ በጣም ይሞላል። (ቅ, ሁ) 4.36 4.86
8 መጽሐፍ ማንበብ እውቀትን ይጨምራል። (ጽ, ሐ) 4.71 4.75
9 ውሃ ጠጪ ብሎ አዘዛት። (Labialization) 3.39 3.75
10 ፍየሉ ቁጥቋጦውን በላው። (ቁ, ቋ) 2.64 2.54
Group 2: Gemination & Prosody
11 ገና አልመጣም። (ገና = “yet”) 2.79 2.86
12 ገና በዓልን በደስታ አሳለፍን። (ገና = “Christmas”) 3.25 3.32
13 አባባ ደብዳቤ ጻፈ። (Plosive ‘b’) 2.50 2.82
14 እሱ ትልቅ ሰው ነው። (‘S’ sounds) 4.54 4.71
15 መመላለስ ሰልችቶኛል። (Repeated) 3.43 3.86
16 እሷ በጣም ጎበዝ ተማሪ ናት። (Feminine pitch) 4.43 4.82
17 ወንድሜ ትናንት መጣ። (Gemination ‘n’) 3.68 4.29
18 ይህ ሻይ በጣም ይፋጃል። (Affricates) 3.11 3.86
19 አንበሳው በጫካው ውስጥ ይጮኻል። (ኸ) 3.82 4.39
20 ሰማዩ ዛሬ በጣም ሰማያዊ ነው። (Vowels) 4.25 4.64
Group 3: Numbers, Dates & Punctuation
21 ዛሬ ሐምሌ ፭ ቀን ፳፻፲፮ ዓ.ም ነው። (Ge’ez numerals) 1.39 1.36
22 በክፍሉ ውስጥ 12 ተማሪዎች አሉ። (Arabic numerals) 4.61 4.82
23 ሰዓቱ አራት ከሠላሳ ሆኗል። (Time format) 3.00 3.14
24 ዋጋው 500 ብር ከ60 ሳንቲም ነው። (Currency) 2.96 3.25
25 ስልክ ቁጥሩ 0911-22-33-44 ነው። (Phone numbers) 2.64 3.21
Group 4: Conversational & Domain-Specific
26 እንደምን አደሩ? ዛሬ እንዴት ነዎት? (Formal) 3.14 3.64
27 የአየር ሁኔታ ትንበያው ዝናብ እንደሚዘንብ ተናግሯል። (News) 4.00 4.11
28 ኢንተርኔት ዓለምን ወደ አንዲት መንደር ቀይሯታል። (Tech) 4.39 4.68
29 ጤና ይስጥልኝ! ስሜ ዋለልኝ ይባላል። (Intro) 2.86 3.57
30 ቡና መጠጣት ትወዳለህ ወይስ ሻይ? (Question) 2.93 3.68
31 የአፍሪካ አንድነት ድርጅት ዋና መሥሪያ ቤት አዲስ አበባ ነው።

(Political)
4.21 4.57

32 ባቡሩ በአስር ደቂቃ ውስጥ ይደርሳል። (Transport) 3.89 4.50
33 ምሳ ለመብላት የት እንሂድ? (Casual) 3.18 3.75
34 ትምህርት ለትውልድ ዕድገት ወሳኝ ነው። (Educational) 4.29 4.61
35 ኳስ መጫወት የአካል ብቃት እንቅስቃሴ ነው። (Sports) 4.36 4.71
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Abstract
Rumour detection in Bangla remains severely
under-resourced, with prior work conflating
it with fake news classification and lack-
ing domain-stratified analysis of the linguis-
tic properties that distinguish misinformation
from authentic content. We introduce MisInfo-
11K, a domain-stratified corpus of 11,198 in-
stances spanning seven topical domains, con-
structed from Bangla fact-checking portals and
verified news outlets. Using 14 linguistically
motivated markers, we show via chi-square
and Kruskal-Wallis analysis that 13 of 14 ex-
hibit significant cross-domain variation, re-
vealing distinct deception strategies (e.g., au-
thority mimicry in political rumours, fear am-
plification in health rumours). Building on
this, we introduce the Marker Signal Void
(MSV), a chi-square-weighted scoring frame-
work identifying rumour instances with no
net discriminative surface signal, establishing
Macro-F1 = 0.9843 as the ceiling achievable
by this 14-marker set. Benchmarking three pre-
trained transformers (BanglaBERT, MuRIL,
XLM-RoBERTa) against five traditional mod-
els, MuRIL achieves the strongest performance
(Macro-F1 0.9800), while a marker-augmented
Random Forest reaches 0.9750, surpassing
XLM-RoBERTa. The gap between the MSV
ceiling and transformer performance quantifies
the contribution of contextual semantic repre-
sentations beyond surface-level linguistic cues.

1 Introduction
The 2019 Padma Bridge lynchings in which
crowds killed several people acting on a false Face-
book rumour that children’s heads were needed as
sacrificial offerings for the bridge’s construction
illustrate that unverified claims in active circula-
tion cause physical harm well before their verac-
ity can be established (Shirina and Prodhan, 2020).
Yet computational approaches to Bangla rumour
detection remain absent from the literature: ex-
isting work addresses fake news detection binary

classification of fabricated articles which is cate-
gorically distinct from rumour detection, since ru-
mours are unverified claims whose veracity is ac-
tively contested at propagation time (Zubiaga et al.,
2018). Prior work has explored Bangla fake news
detection using linguistic and psychological fea-
tures (Mahmud et al., 2026), but this targets fake
news rather than rumours, is not domain-stratified,
and does not characterise cross-domain linguistic
variation; no domain-stratified Bangla rumour cor-
pus exists, and no theoretical framework has exam-
ined the limits of surface-level detection in this lan-
guage.

We introduce MisInfo-11K through four con-
tributions: (i) the first domain-stratified Bangla
rumour corpus spanning seven topical domains,
establishing the empirical foundation for cross-
domain analysis; (ii) 14 validated linguistic mark-
ers producing domain-specific deception finger-
prints that reveal what properties distinguish
Bangla rumours from authentic content, via χ2

and Kruskal-Wallis analysis; (iii) the Marker Sig-
nal Void (MSV), a novel chi-square-weighted scor-
ing framework quantifying, for our validated 14-
marker set, the performance ceiling of surface-
level detection and identifying which specific in-
stances fall outside its reach; (iv) a benchmark of
three pretrained transformers and five traditional
models quantifying whether contextual representa-
tions contribute signal beyond surface markers —
MuRIL achieves Macro-F1 0.9800 and a marker-
augmented Random Forest reaches 0.9750, sur-
passing XLM-RoBERTa.

2 Related Work

Rumour Detection. PHEME (Zubiaga et al.,
2016) and RumourEval (Gorrell et al., 2019)
established rumour detection on Twitter, cov-
ering breaking-news events and formalising
stance/veracity subtasks, while Bi-GCN (Bian
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et al., 2020) showed propagation structure car-
ries signal beyond text. A consistent finding is
that linguistic features degrade across event do-
mains (Zubiaga et al., 2018), directly motivating
our domain-stratified analysis.

Bangla Fake News Detection. Hossain et al.
(2020) introduced BanFakeNews (≈50K), the
foundational Bangla benchmark, with follow-up
work applying CNN-LSTM, BiGRU, and BERT-
based classifiers; all prior work is confined to fake
news classification on a domain-undifferentiated
corpus, with none addressing rumour detection, do-
main stratification, or detection limits.

Linguistic Markers and Low-Resource Mis-
information. Claim verbs, attribution patterns,
and negation density discriminate misinformation
across languages (Newman et al., 2003), but
analyses remain single-domain, masking cross-
domain variability; low-resource languages remain
severely underserved (Chalehchaleh et al., 2024),
with deception cues transferring unreliably across
morphologically distinct languages, reinforcing
the need for language-specific corpus construction.

Pretrained Language Models for Bangla.
Bhattacharjee et al. (2022) introduced
BanglaBERT (27.5GB Bangla web text,
state-of-the-art on four Bangla NLU tasks);
MuRIL (Khanuja et al., 2021) extends multilin-
gual BERT with dedicated support for 17 South
Asian languages including Bangla, while XLM-
RoBERTa (Conneau et al., 2020) is the standard
high-capacity multilingual baseline. We evaluate
all three on the first domain-stratified Bangla
rumour corpus for reproducible cross-family
baselines.

3 Dataset: MisInfo-11K

3.1 Collection Methodology
Rumour instances were collected from three
dedicated Bangla fact-checking portals — Rumor
Scanner,1 Boom Bangladesh,2 and Jachai3 —
via a multi-threaded, rate-limited scraper. URL-
level deduplication within the training split pre-
vented duplicate collection. Each fact-check head-
line is treated as a rumour instance (label 1).

1https://rumorscanner.com/
2https://boombd.com
3https://jachai.org

We use only the fact-check portal’s headline, not
the article body, for two reasons. First, the head-
line reproduces the claim as it actually circulated
on social media — this is the unit that misleads
readers, and fact-check portals preserve it verba-
tim as the object of their verification. The arti-
cle body, by contrast, is the fact-checker’s own de-
bunking explanation and would trivially leak the
rumour label if included. Second, using headlines
on both sides keeps the comparison at a consis-
tent structural level: non-rumour instances are like-
wise drawn from news headlines, since headline
text drives engagement and exposure on social me-
dia, independent of the outlet’s editorial register.
The task is therefore defined at the level readers ac-
tually encounter misinformation headline against
headline rather than full-article content.

Non-rumour instances were collected from
nine established Bangladeshi news outlets Naya
Diganta, NTV, MY TV, Manobzamin, Ris-
ingBD, BD Pratidin, Bangla Vision, Kaler Kan-
tho, and Jugantor — via RSS feeds and paginated
HTML listings, filtered by a Unicode Bangla char-
acter check and a 15–300 character length con-
straint. Non-rumour labels were assigned program-
matically and never sourced from fact-check plat-
forms to prevent label leakage.

3.2 Domain Taxonomy
Seven domains were defined a priori based on
the thematic coverage of Bangla fact-checking por-
tals: political, health, religious, cultural, sports,
celebrity, and international. Labels were assigned
automatically via a Bangla keyword lexicon cu-
rated per category. Rumour instances may carry
multiple domain labels reflecting co-occurring
themes; non-rumour instances carry exactly one la-
bel derived from the source category. Instances
with no keyword match default to political, re-
flecting political content’s empirical dominance in
Bangla misinformation and its broad topical over-
lap with unlabelled instances.We acknowledge this
fallback introduces a structural asymmetry: the po-
litical domain’s marker profile is a mixture of gen-
uinely keyword-matched content and residual un-
classified instances. However, we note that this
pooling effect is directionally conservative rather
than inflationary — merging heterogeneous, topi-
cally diffuse content into a single bucket tends to
dilute rather than manufacture a distinctive marker
signature, since unrelated instances regress the do-

78

https://rumorscanner.com/
https://boombd.com
https://jachai.org


Rumor
Scanner

Boom
Bangladesh Jachai

9 News
Outlets

(RSS/HTML)

Fact-check portals (rumour) News outlets (non-rumour)

Unicode filter
+ length

(15–300 chars)

3-layer
deduplication
(both streams)

MisInfo-11K
11,198 headlines

· 7 domains

Keyword
domain

taxonomy

RO
W

1
—

da
ta

14 linguistic
markers

(χ2 + KW tests)

MSV ceiling
F1 = 0.9843

TF-IDF
features
(129K)

LR · SVM
XGBoost
TF-IDF only

Random
Forest

+markers

BanglaBERT
MuRIL
XLM-R

MuRIL F1 0.980
RF+M F1 0.975
ceiling gap: 0.004

Benchmark modelsaugment
ceiling ref.RO

W
2

—
an

al
ys

is

Figure 1: MisInfo-11K pipeline. Row 1: Rumour headlines from three fact-checking portals and non-rumour
headlines from nine news outlets pass through quality-control filters and 3-layer deduplication (both streams) into
the domain-stratified corpus. Row 2: Three parallel paths — (i) linguistic markers → MSV ceiling F1=0.9843;
(ii) TF-IDF → traditional classifiers with marker augmentation for Random Forest; (iii) transformer fine-tuning —
converging on the benchmark results.

main’s mean activation rates toward the corpus-
wide baseline. The Kruskal–Wallis result reported
in Section 4.2 (13 of 14 markers significant across
domains, p < 0.05) should therefore be read
as, if anything, an underestimate of true cross-
domain variation, since any homogenising effect of
the fallback would work against detecting domain-
specific signal rather than artificially creating it.
We flag this as a taxonomy limitation in Section 7
(Limitations) and recommend that future work ei-
ther introduce an explicit Uncategorised category
or validate fallback assignments against a larger
human-annotated sample.

3.3 Dataset Statistics

MisInfo-11K contains 11,198 instances across
training (8,198), validation (1,400), and test
(1,400) splits, each evaluation split balanced 50/50
between classes. Table 1 reports the full break-
down by split. Figure 2 shows domain distribu-
tion across both classes, revealing a notable asym-
metry: political is the dominant rumour domain
(2,407 instances) yet the most underrepresented in
non-rumour (204), while sports and religious show
the inverse pattern. This asymmetry motivates the
domain-stratified analysis in Section 4.2.

3.4 Quality Control

Three layers of quality control were applied: exact-
match deduplication on the text field to remove
conflicting labels from headlines appearing across
multiple sources; a URL and headline blacklist
built from the training split to prevent any train-
ing instance from appearing in validation or test;
and explicit cross-contamination checks confirm-
ing zero overlap across all three splits. Instances
shorter than five characters, containing only ASCII,
or matching known portal homepage titles were dis-
carded.

Beyond deduplication, taxonomy reliability was
validated through human annotation. Three anno-
tators independently labelled a 200-instance strat-
ified subset across all seven domains. Pairwise
Cohen’s κ was computed for each domain, yield-
ing a macro-averaged κ of 0.746 (good agree-
ment; Landis and Koch 1977). Agreement was
strongest for health (κ = 0.861) and sports (κ =
0.847), domains with unambiguous topical bound-
aries. Gold-standard labels for this subset were
assigned by majority vote across the three anno-
tators. To verify that rumour headlines reflect
the circulating claim rather than the fact-checker’s
own framing, we manually spot-checked a ran-
dom sample of rumour instances for explicit meta-
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Figure 2: Domain distribution across rumour and non-
rumour instances in the training set. Political is the dom-
inant rumour domain (2,407 instances) yet the most un-
derrepresented in non-rumour (204), revealing a struc-
tural asymmetry that motivates domain-stratified evalu-
ation. Sports and religious show the inverse pattern.

linguistic markers (e.g., গুজব‘rumour’, ভুয়া‘fake’,
সতয্তা যাচাই‘fact-check verified’). We found such
terms to be rare, supporting that the corpus pre-
dominantly captures the claim as circulated rather
than the fact-checker’s verification framing.

Split Total Rumour Non-R Balanced
Train 8,198 3,998 4,200 7
Validation 1,400 700 700 3
Test 1,400 700 700 3
Total 11,198 5,398 5,800 —

Table 1: MisInfo-11K dataset statistics by split. Non-R
= Non-Rumour. The training split retains natural class
imbalance (3,998 rumour vs. 4,200 non-rumour, 51.2%
non-rumour); validation and test are balanced 50/50 to
avoid confounding evaluation metrics with class preva-
lence. Training-set imbalance is addressed via class-
weighted loss and a weighted random sampler (Sec-
tion 5.2).

4 Linguistic Marker Framework

4.1 Marker Design and Validation
We design 14 linguistically motivated markers
spanning four categories: structural (text length,
word count, short title, long title, ends with ques-
tion mark), lexical (claim verb, negation words,
clickbait), attribution (has quote, unnamed source,
named outlet), and content (has numbers, religious
alarm, health claim). Markers were defined us-
ing Bangla-specific regular expressions validated
against native speaker intuition and prior cross-
lingual deception detection literature (Mahyoob
et al., 2021; Zhou and Zafarani, 2020).Each marker
was validated on the full combined dataset us-
ing chi-square tests for binary markers and Mann–
Whitney U tests for continuous markers (p <
0.0001 for all 14). Table 2 reports discrimina-

tive weights wm = χ2
m/

∑14
m′=1 χ

2
m′ and per-class

activation rates. For the two continuous markers
(word count and text length), theχ2 column reports
a variance-normalised effect size used solely for
weight computation, while significance was mea-
sured using Mann–Whitney U tests.4

Figure 3 visualises binary marker activation
rates and text length distribution by class.

Marker χ2 wm R NR
Word count† 2881.07 0.311 9.83 7.30
Text length† 2494.79 0.269 65.80 49.55
Claim verb 1582.03 0.171 28.5% 1.6%
Long title 907.93 0.098 17.3% 0.9%
Has quote 287.90 0.031 5.4% 0.1%
Has numbers 254.17 0.027 10.2% 21.3%
Short title 237.01 0.026 1.2% 7.1%
Named outlet 151.66 0.016 2.8% 0.0%
Health claim 141.76 0.015 0.7% 4.2%
Negation words 87.59 0.009 16.0% 10.0%
Ends question 86.00 0.009 1.0% 3.8%
Unnamed source 64.43 0.007 1.8% 0.2%
Clickbait 50.87 0.006 1.4% 0.2%
Religious alarm 49.75 0.005 2.7% 0.9%

Table 2: Linguistic marker discriminative weights,
ranked by χ2 (chi-square statistic for binary markers;
variance-normalised effect size for the two continuous
markers† — see Section 4.1). wm = χ2

m/
∑14

m′=1 χ
2
m′

is the normalised weight used in the WMS score (Eq.
1).

4.2 Domain Deception Fingerprints

We compute the mean activation rate of each
marker separately for rumours in each of the seven
domains, producing a 7 × 14 deception strat-
egy profile matrix. Kruskal–Wallis tests confirm
that 13 of 14 markers show statistically signifi-
cant cross-domain variation (p < 0.05). Only
negation_words fails to reach significance (H =
10.34, p = 0.111), rejecting the hypothesis that
Bangla rumours employ a uniform linguistic strat-
egy across topics.

Figure 4 shows three broad deception pat-
terns by domain: authority mimicry (politi-
cal/international, elevated claim_verb rates of
0.260/0.307) (Rashkin et al., 2017), emotional
provocation (religious, highest religious_alarm
rate at 0.196), and fear amplification (health, el-
evated health_claim/has_numbers co-occurrence)
(Pérez-Rosas et al., 2018). Pairwise cosine similar-
ities between domain profiles exceed 0.999 (range:

4Mann–Whitney U statistics: text length U =
22,564,338; word count U = 23,117,884; both p < 0.0001.
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Figure 3: Left: binary marker activation rates by class (all χ2, p < 0.0001). Right: text length distribution by
class (Mann–Whitney U, p < 0.0001). Rumours are systematically longer and more claim-verb dense, while non-
rumours cite numbers and ask questions more frequently.

0.997–1.000),5 confirming that while domains dif-
fer in marker emphasis, they share a common
underlying structure disrupted by domain-specific
signals.

5 Experiments

5.1 Models
We benchmark eight models across two families.
We restrict our benchmark to fine-tuned encoder
models (BanglaBERT, MuRIL, XLM-RoBERTa)
rather than large generative LLMs, since our focus
is on establishing the surface-marker detection ceil-
ing and quantifying the incremental value of con-
textual fine-tuning over hand-crafted features; zero-
shot/few-shot LLM baselines are a natural exten-
sion we leave to future work.

Traditional Models. Five models combine char-
acter n-gram TF-IDF (2–5-grams) and word n-
gram TF-IDF (1–3-grams), yielding 129,199 fea-
tures:

1. Logistic Regression + TF-IDF
2. LinearSVC + TF-IDF
3. XGBoost + TF-IDF
4. Random Forest + TF-IDF + Markers
5. XGBoost + TF-IDF + Markers
Models 1–3 test surface pattern detection alone,

while Models 4–5 test whether our 14 validated
markers add discriminative signal beyond n-gram
features.

Transformer Models. Three pretrained
transformers are fine-tuned using a [CLS] →

5Computed over the 72 = 21 pairwise domain profile vec-
tors.

Dropout(0.3) → Linear(768→2) classification
head:

• BanglaBERT (Bhattacharjee et al., 2022),
pretrained on 27.5 GB of Bangla text.

• MuRIL (Khanuja et al., 2021), a multilingual
model with dedicated South Asian language
support pretrained on 17 Indian languages in-
cluding Bangla.

• XLM-RoBERTa (Conneau et al., 2020), the
standard 125M-parameter multilingual base-
line.

5.2 Training Setup
All transformers were trained for 4 epochs using
AdamW (lr = 2×10−5, weight decay = 0.01), lin-
ear warmup over 10% of steps, maximum sequence
length of 128 tokens, and batch size 16.

Class-weighted cross-entropy loss and a
weighted random sampler jointly address training-
set imbalance (3,998 rumour vs. 4,200 non-rumour
instances). Best checkpoint selection used valida-
tion Macro-F1, and all random seeds were fixed at
42.

Traditional models used validation-set grid
search over C ∈ {0.01, 0.1, 1.0, 10.0} for Logis-
tic Regression and SVM. XGBoost and Random
Forest used fixed robust defaults (200 estimators,
maximum depth 6).

5.3 Results
Table 3 reports Macro-F1, ROC-AUC, and accu-
racy on the held-out test set for all eight models.

MuRIL achieves the highest test Macro-F1
of 0.9800 (validation: 0.9821), followed by
BanglaBERT (0.9771; validation: 0.9807) and
XLM-RoBERTa (0.9736; validation: 0.9750). All
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Figure 4: Domain deception strategy fingerprints. Colour intensity shows normalised marker activation rate, with
raw values annotated. Strategy labels on the right axis reflect the dominant deception mechanism per domain.

validation-to-test Macro-F1 drops remain within
0.004 points (MuRIL: 0.0021; BanglaBERT:
0.0036; XLM-RoBERTa: 0.0014), indicating con-
sistent generalisation.

Among traditional models, Random Forest aug-
mented with our linguistic markers (0.9750) sur-
passes XLM-RoBERTa (0.9736), confirming hand-
crafted markers carry genuine discriminative value
beyond n-gram surface patterns. The +0.57 Macro-
F1 gain of RF+Markers over the best TF-IDF-only
model (LR and XGBoost, both 0.9693) quantifies
the independent contribution of 14 validated mark-
ers.

Model Macro-F1 ROC-AUC Acc.
Traditional Models

LR + TF-IDF 0.9693 0.9937 0.9693
SVM + TF-IDF 0.9643 0.9946 0.9643
XGBoost + TF-IDF 0.9693 0.9930 0.9693
RF + TF-IDF + M† 0.9750 0.9972 0.9750
XGB + TF-IDF + M† 0.9636 0.9934 0.9636

Transformer Models

XLM-RoBERTa 0.9736 0.9937 0.9736
BanglaBERT 0.9771 0.9963 0.9771
MuRIL 0.9800 0.9971 0.9800

Table 3: Test-set results on the held-out test split (n =
1,400). Macro-F1 is macro-averaged F1 across the ru-
mour and non-rumour classes; Acc. is overall accuracy.
†M = augmented with our 14 linguistic markers. Best
result per column in bold.

5.4 Cross-Dataset Generalisation
To assess transferability beyond Misinfo-11K, we
evaluate our best-checkpoint BanglaBERT model

zero-shot on BanFakeNews (Hossain et al., 2020),
a publicly available Bangla dataset comprising
7,000 authentic and 1,000 fake/satire news articles.

We sample 1,000 instances per class without any
fine-tuning or domain adaptation, mapping Ban-
FakeNews labels to our binary schema (authen-
tic → non-rumour; fake/satire → rumour). We
acknowledge this mapping is imperfect given our
own argument that rumour and fake-news detec-
tion are categorically distinct tasks; we treat this
transfer evaluation as a stress test of cross-task gen-
eralisation rather than a like-for-like benchmark.
The model achieves Macro-F1 = 0.4728 and accu-
racy = 0.5325, with strong class asymmetry: recall
on the fake class reaches 0.869, while authentic re-
call collapses to 0.196, producing 804 false posi-
tives against 131 false negatives.

This result is interpretable rather than anoma-
lous, and arises from two compounding factors.

First, there is a severe input-length mismatch:
MisInfo-11K consists of short claim headlines
(mean 65.8 characters; truncated at 128 tokens),
whereas BanFakeNews comprises full article bod-
ies with mean length substantially exceeding this
window. The model therefore operates on heavily
truncated prefixes that fail to represent the article’s
discriminative content.

Second, the two tasks differ categorically: ru-
mour detection concerns unverified claims in ac-
tive social-media circulation, while fake-news de-
tection concerns fabricated article content with a
different linguistic register, source structure, and
propagation context (Zubiaga et al., 2018; Pérez-
Rosas et al., 2018). These distinct feature distribu-
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tions cannot be bridged through zero-shot transfer.
Rather than indicating a generalisation failure,

this result provides direct empirical support for the
core motivation of MisInfo-11K: Bangla rumour
detection requires a dedicated headline-level cor-
pus and task formulation that existing full-article
fake-news resources cannot substitute.

6 Analysis

6.1 Marker Signal Void
We introduce the Weighted Marker Score (WMS)
for an instance x:

WMS(x) =
14∑

m=1

wm · (fm(x)− µNR
m ) (1)

where fm(x) is the value of marker m, wm =
χ2
m/

∑14
m′=1 χ

2
m′ is its normalised discriminative

weight (Table 2), andµNR
m is the mean of markerm

over the non-rumour training split, computed with-
out access to evaluation data to prevent leakage.

An instance lies in the Marker Signal Void
when WMS(x) ≤ 0: it carries no net positive
marker signal relative to the non-rumour baseline,
meaning surface-level linguistic cues are insuffi-
cient to distinguish it from authentic content.

While the ceiling formally bounds only the 14
markers validated here, these markers span all four
linguistic categories established in cross-lingual
deception-detection literature structural, lexical, at-
tribution, and content-based cues (Mahyoob et al.,
2021; Zhou and Zafarani, 2020) so the ceiling ap-
proximates, rather than exhaustively proves, the
limit of surface-level detection more broadly. We
do not claim exhaustiveness.

We find that 3.1% of test-set rumours (22 of 700)
lie in the void. Figure 5 shows the WMS distribu-
tion by class: the two distributions overlap substan-
tially near zero, confirming that a non-trivial subset
of rumours is surface-linguistically indistinguish-
able from authentic content regardless of model ca-
pacity.

Examining the 22 void instances reveals three
recurrent patterns:

1. Meta-referential misinformation: headlines
from fact-checking organisations reporting
their own annual detection statistics (e.g.,
“472 pieces of misinformation identified in
March”), which carry the register of credible
journalism.

2. Government scheme impersonation: rumours
written in neutral administrative language
with no claim verbs, vague attribution, or
clickbait markers.

3. Recurring death hoaxes: bare declarative
statements where the rumour keyword itself
appears in both genuine fact-check headlines
and fabricated claims, providing no discrimi-
native signal.

Figure 5: WMS distribution by class. The dashed line
marks the void boundary (WMS ≤ 0); 22 rumours
(3.1%) fall below it. Overlap near zero confirms a sub-
set of rumours is linguistically indistinguishable from
authentic content at the surface level.

6.2 Detection Ceiling and Transformer
Contribution

The 3.1% void rate establishes a hard theoretical
ceiling on any system relying exclusively on the 14
surface markers. A perfect oracle achieves at most
Macro-F1ceil = 0.9843, corresponding to a theo-
retical recall ceiling of 0.9686 on the rumour class.
All eight models operate below this ceiling. The
ordering

TF-IDF only < TF-IDF + Markers < Transformer

holds consistently across the benchmark.
Explicit linguistic markers add +0.57 Macro-

F1 points over distributional n-gram features
(RF+Markers: 0.9750 vs. LR/XGB: 0.9693),
while transformer pre-training adds a further +0.50
points over the best marker-augmented model
(MuRIL: 0.9800 vs. RF+Markers: 0.9750).

Each component contributes independent, addi-
tive discriminative value.

MuRIL (FN = 10) recovers 12 of the 22 void
rumours through contextual semantic representa-
tions; BanglaBERT (FN = 11) recovers 11; XLM-
RoBERTa (FN = 14) recovers 8.
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The 8–14 false negatives that persist across
all three transformers constitute the irreducible
difficulty of this dataset under text-only ap-
proaches (Zubiaga et al., 2018): rumours whose
surface form is indistinguishable from authentic
content even to contextual models.

6.3 Error Analysis
Table 4 summarises false positive and false nega-
tive counts for all three transformers on the test set.

MuRIL achieves the most favourable error pro-
file (FN = 10, FP = 18), followed by BanglaBERT
(FN = 11, FP = 21) and XLM-RoBERTa (FN = 14,
FP = 23).

Model Class P R F1 FP FN
MuRIL Non-Rumour 0.9855 0.9743 0.9799 18 –

Rumour 0.9746 0.9857 0.9801 – 10

BanglaBERT Non-Rumour 0.9841 0.9700 0.9770 21 –
Rumour 0.9704 0.9843 0.9773 – 11

XLM-RoBERTa Non-Rumour 0.9797 0.9671 0.9734 23 –
Rumour 0.9676 0.9800 0.9737 – 14

Table 4: Per-class results for transformer models (n =
1,400). P, R, and F1 denote precision, recall, and F1-
score per class; FP and FN denote false positives and
false negatives, reported once per model since each er-
ror is shared between the two classes (a false positive
for Rumour is a false negative for Non-Rumour and vice
versa).

False Negatives. Two categories dominate the er-
rors shared by all three models: meta-referential
content (Rumor Scanner/Jachai headlines report-
ing their own detection statistics, carrying the
register of credible journalism and lying in the
Marker Signal Void, WMS ≤ 0), and neutral-
register impersonation (government scheme ru-
mours in bureaucratic language that activate no
positive marker). Both expose a structural limi-
tation: once a rumour adopts institutional or fact-
checking register, neither marker-based nor distri-
butional approaches can reliably flag it (Rashkin
et al., 2017).

False Positives. The dominant pattern is legit-
imate attributed speech activating claim_verb
(w = 0.171), where political/ international head-
lines quoting named parties are surface-identical
to rumours quoting false claims; a second cluster is
celebrity/ entertainment headlines whose dramatic
vocabulary activates multiple lower-weight mark-
ers. This aligns with prior findings that epistemic
markers misfire on legitimate attributed political

speech (Pérez-Rosas et al., 2018). Both error di-
rections reveal consistent failure patterns across all
three models.

7 Conclusion
We presented MisInfo-11K, the first domain-
stratified Bangla rumour corpus (11,198 head-
lines, 7 domains), with an eight-model benchmark
spanning traditional and transformer architectures.
Our 14 validated linguistic markers (all p <
0.0001) reveal domain-specific deception finger-
prints authority mimicry (political/international),
emotional provocation (religious), and fear ampli-
fication (health) — with a +0.57 Macro-F1 gain
from marker augmentation confirming their inde-
pendent discriminative value. The Marker Signal
Void analysis establishes Macro-F1 = 0.9843 as the
ceiling for this marker set; MuRIL achieves 0.9800
(ROC-AUC = 0.9971), recovering 8–12 of the 22
void rumours through contextual representations.
Zero-shot evaluation on BanFakeNews (Hossain
et al., 2020) confirms rumour detection requires a
dedicated headline-level resource. Future work in-
cludes propagation-graph integration (Bian et al.,
2020), multimodal evidence fusion, and cross-
lingual transfer to other South Asian languages.

Limitations
Domain and Temporal Scope. MisInfo-11K
covers headlines from 2024–2026; models may not
generalise to earlier periods or future data as mis-
information strategies evolve.

Headline-Only Input. All models operate on
headline text truncated to 128 tokens. The
zero-shot collapse on BanFakeNews (Macro-F1 =
0.4728) confirms that article-level discriminative
signals metadata, propagation context, and multi-
media are absent from the current framework.

Formal Written Bangla. The corpus covers for-
mal registers only. Informal social-media lan-
guage dialectal variation, code-switching, What-
sApp forwards — is not represented, which may
limit robustness on real-world misinformation con-
tent.

Taxonomy Reliability. Domain labels were as-
signed programmatically; only a 200-instance sub-
set received human IAA validation (κ = 0.746).
Domain labels are assigned via automatic keyword
matching, with unmatched instances defaulting to
political and rumour instances permitted multiple
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domain labels while non-rumour instances receive
exactly one; this asymmetry in label cardinality
means the domain-level deception fingerprints in
Section 4.2 should be read as indicative patterns
rather than precise per-domain estimates.

Class Balance. We did not run a class-balanced
downsampling ablation on the training split; given
the modest imbalance (3,998 vs. 4,200) and our use
of class-weighted loss / weighted sampling, we ex-
pect the effect to be small, but we flag this as an
open empirical question.

Single-Language Scope. The marker frame-
work is validated on Bangla only. Transfer to
related South Asian languages (Hindi, Assamese,
Sylheti) remains an open empirical question.

Data Availability. We will release MisInfo-11K
including the train/validation/test splits, domain
labels, and the 14 linguistic marker annotations
— on GitHub upon publication to support repro-
ducibility and further research on Bangla rumour
detection.
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Abstract

Automated End-to-End test scripts are inher-
ently fragile. Modifications to the User Inter-
face (UI) cause automation test script failures,
imposing significant maintenance overhead.
Automated test script repair using Large Lan-
guage Model (LLM) has shown promise, but
existing approaches operate without real-time
access to the application under test. To the best
of our knowledge, no prior controlled study has
compared LLM-based test-script repair with
and without MCP-mediated live browser access
while keeping the remaining repair settings con-
sistent. Through a controlled experiment on a
web application, we inject 30 failure scenarios
across two categories of UI modifications (loca-
tor changes and DOM structural changes) and
evaluate two LLM models (GPT 5.0 Mini and
Claude Haiku 4.5) with two conditions (with
and without MCP access). Configurations with
MCP achieve a correct patch rate of 65%, com-
pared with 25% without MCP. The plausible
patch rate reached 98% (vs. 87%), the failure
rate dropped from 13.3% to 1.7%, and MTTR
decreased by 31 seconds. These results sug-
gest that providing agents with MCP-mediated
live browser access primarily enhances repair
correctness rather than merely increasing re-
execution success rates.

1 Introduction

Automated End-to-End (E2E) testing has become
an important part of modern web development,
particularly within agile and continuous integra-
tion/continuous delivery (CI/CD) workflows (Niu
et al., 2025). By executing test cases automati-
cally through frameworks such as Playwright and
Selenium, teams can validate application behav-
ior across full user flows with reduced manual ef-
fort (Melyawati et al., 2024). However, a persis-
tent challenge undermines the long-term value of
automation testing which is test script fragility.
When front-end interfaces evolve, existing test

scripts break and require significant maintenance
effort (Samad et al., 2021). Awad et al. (2024)
report that testers can spend approximately 40%
of their time updating and maintaining test suites
as applications evolve. Prior empirical studies
have consistently identified locator changes and
DOM structural modifications as the most domi-
nant causes of test script failure across multiple
frameworks (Parry et al., 2022; Di Meglio et al.,
2026). Even minor changes, such as renaming a
CSS class or altering an element’s position in the
DOM hierarchy, can cause complete script fail-
ure (Nass et al., 2023). These challenges are not
transient. UI test automation will continue to face
long-term difficulties in script maintenance, stabil-
ity, and adaptation to interface changes (Nass et al.,
2021).

To reduce this maintenance effort, automated
test script repair mechanisms have been proposed
to detect, diagnose, and repair broken test scripts
with minimal manual intervention (Saarathy et al.,
2024). Existing approaches rely on techniques
such as heuristic-based locator matching, seman-
tic information from previous test executions, and
more recently, large language model (LLM)-based
autonomous agents to recover failed test scripts
(Grover and Sepuri, 2025; Qi et al., 2023; Bouzenia
et al., 2025). Despite these advances, existing test
repair approaches increasingly incorporate informa-
tion from the current state of the application under
test. Heuristic-based systems such as Healenium
use historical locator information together with
runtime information from the updated interface to
identify replacement elements (Grover and Sepuri,
2025). Recent AI-assisted approaches may also
use failure artifacts or information from the current
user interface to guide repair decisions (Biswas,
2026). However, these approaches are typically
evaluated as complete repair systems, making it
difficult to determine the specific contribution of
live and interactive browser context. Consequently,

87

mailto:divi.galih@ugm.ac.id


it remains unclear whether giving an LLM-based
repair agent direct access to the current browser
state actually improves the semantic correctness
of generated repairs, rather than merely increasing
the likelihood that the modified test script passes
execution. This distinction is important because
a passing repair may weaken, remove, or circum-
vent the original verification logic, thereby masking
genuine application regressions.

In this paper, we investigate whether MCP-
mediated live browser access improves the quality
of LLM-assisted test-script repair compared with
artifact-based repair alone. MCP is a standardized
protocol for exposing external tools and contextual
information to AI applications (Sudakara, 2025).
In this study, we use Playwright as the automation
framework for executing and validating end-to-end
web tests, together with the Playwright MCP Server.
This implementation exposes Playwright’s browser
interaction capabilities to the LLM-based repair
agent, allowing it to navigate web pages, obtain
structured accessibility snapshots, interact with in-
terface elements, and observe the current browser
state during the repair process, as illustrated in Fig-
ure 1 (Hou et al., 2026).

Figure 1: Implementation overview of Playwright MCP
with an AI agent. The MCP server bridges the static
LLM knowledge with browser context tools, allowing
the agent to observe the live DOM state during self-
healing.

We conduct a controlled experiment on a web
application by injecting 30 failure scenarios across
two categories, 15 scenarios related to locator
changes and 15 scenarios related to DOM struc-
tural changes. Each scenario is tested under four
configurations that combine two LLM models
(GPT 5.0 Mini and Claude Haiku 4.5) with two con-
ditions (with and without MCP access). Following
the Automated Program Repair (APR) evaluation
framework (Dikici and Bilgin, 2025), we measure
three metrics: plausible patch rate (proportion of

repairs that restore test execution), correct patch
rate (proportion of repairs that match manually con-
structed ground truth), and Mean Time to Repair
(MTTR).

2 Related Work

Several approaches have been proposed to auto-
matically repair broken test scripts, broadly cate-
gorizable into heuristic-based, semantic-based, and
LLM-based methods. Grover and Sepuri (2025)
compare traditional Selenium frameworks with the
Healenium self-healing stack, which uses attribute-
similarity heuristics to find replacement locators
when the original locator fails. While Healenium
significantly reduces failures caused by locator
changes, it relies on syntactic matching without
understanding the functional purpose of the target
element. This creates a risk of regression masking,
where a repaired script passes execution but the
chosen element is functionally incorrect (Biswas,
2026). Similarly, Kim and Kouatly (2024) integrate
Selenium with the ChatGPT API for self-healing,
demonstrating improved maintenance efficiency,
though the approach still depends on static con-
text for repair decisions. Qi et al. (2023) propose
Semter, which captures semantic information from
test executions on an earlier application version and
uses semantic similarity to locate target elements
in updated versions. Semter achieves an average
repair ratio of 84% across six web applications
and can handle workflow changes caused by page
additions or removals. However, its effectiveness
depends on the quality of semantic information
from initial executions and degrades when inter-
face changes diverge substantially from the original
version. Pham et al. (2022) review AI-augmented
E2E testing tools and find that existing self-healing
features remain limited to element-level locator
matching, lacking the ability to handle complex
functional or structural changes. More recently,
LLM-based agents have shown promise for auto-
mated repair tasks. Bouzenia et al. (2025) introduce
RepairAgent, an autonomous LLM-based agent
for Automated Program Repair (APR) that suc-
cessfully fixes 164 bugs on the Defects4J dataset
through iterative reasoning. Although RepairA-
gent targets production code rather than test scripts,
its APR framework provides a rigorous evaluation
methodology applicable to code repair assessment.
Most closely related to our work, Biswas (2026)
implements an AI-assisted self-healing agent (Play-
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wright Healer Agent) for E2E web testing, achiev-
ing a 73% reduction in false positives, 45% reduc-
tion in MTTR, and 91.3% test reliability. However,
this approach performs inference solely from the
LLM’s internal knowledge and static error logs,
without the ability to access or verify the live page
state, leaving it vulnerable to regression masking.
A common limitation across all prior automated
script repair approaches is the absence of real-time
interaction with the application under test during
the repair process. MCP addresses this gap by
standardizing how AI systems integrate with ex-
ternal tools, data sources, and environments (Hou
et al., 2026). MCP follows a client-server archi-
tecture where an MCP host (e.g., an IDE with an
AI agent) communicates with MCP servers that ex-
pose domain-specific capabilities (Sudakara, 2025).
LLM-based agents, which combine LLM reason-
ing with tool use, memory, and planning modules
(Chowa et al., 2026), are particularly well-suited
to leverage MCP’s capabilities. He et al. (2025)
demonstrate that modern LLMs’ planning and rea-
soning abilities enable agents to handle complex
tasks including code generation, testing, and script
maintenance autonomously. However, LLMs are
fundamentally reasoning engines rather than data
repositories. LLM knowledge is static and they
cannot directly observe live application state (Lee
et al., 2024). MCP bridges this gap by provid-
ing grounded, real-time context that enables more
informed repair decisions. Despite the concep-
tual promise of this integration, no prior work has
empirically evaluated MCP’s contribution to au-
tomated script repair in automated testing. Our
study addresses this gap through a controlled com-
parison of LLM-based repair with and without
MCP-mediated live browser access. The experi-
ment therefore evaluates the practical contribution
of adding MCP-enabled live interaction to an oth-
erwise comparable agent workflow.

3 Methodology

3.1 System Under Test

We conduct our experiments on a locally deployed
web-based information system for managing teach-
ing assistant recruitment. The application is devel-
oped in PHP using the Laravel framework. We fo-
cus on the student role, which involves a sequence
of functions, including completing a profile, up-
loading academic transcripts, browsing available
positions, registering for a vacancy, and managing

offers. Such interactions are representative of the
user-oriented workflows typically evaluated in end-
to-end web testing, where tests navigate through
the application, perform user actions, and verify
observable outcomes. Full access to the source
code and local deployment environment enables
us to introduce controlled interface changes for
fault injection while preserving the application’s
underlying business functionality.

3.2 Test Design

We design 15 End-to-End (E2E) test cases (TC01–
TC15) using Playwright with TypeScript, orga-
nized across five functional areas: profile manage-
ment (F1=4 TCs), transcript upload (F2=3 TCs),
vacancy registration (F3=3 TCs), registration veri-
fication (F4=3 TCs), and offer management (F5=2
TCs). All test scripts follow the Page Object Model
(POM) pattern, separating locator definitions, page
interaction logic, and test specifications into dis-
tinct layers. Baseline scripts are validated through
three consecutive executions with zero failures be-
fore experimentation.

3.3 Fault Injection

We inject 30 failure scenarios across two categories:
Locator changes and DOM structural changes. The
scenarios were designed to represent changes that
commonly occur during web application evolution
(Nass et al., 2023; Di Meglio et al., 2026). Exam-
ples of failure scenarios are shown in Table 1.

Locator changes (LC01–LC15). These scenar-
ios modify element attributes that test scripts use
for identification, such as changing data-testid
formats (e.g., kebab-case to camelCase), renam-
ing CSS classes, altering button text that affects
accessible names, or modifying XPath-dependent
text content. Each injection targets a different lo-
cator strategy to evaluate self-healing across vary-
ing fragility levels. The purpose was to evaluate
whether the repair agent merely updates a broken
locator value or identifies a more stable locator
strategy when one is available.

DOM structural changes (DC01–DC15). These
scenarios modify the HTML hierarchy or introduce
new interface elements, such as wrapping elements
in additional containers, adding confirmation steps
before form submission, introducing input valida-
tion, or disabling buttons based on application state.
DOM changes are generally more complex as they
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ID Type Changes Impact
LC03 LC testId

format:
kebab-case
→ camel-
Case

Selector miss

LC08 LC CSS class
renamed

Class mismatch

LC10 LC Button text
changed

Name mismatch

DC01 DC Element
wrapped in
new <div>

Hierarchy break

DC10 DC Confirmation
step added

Missing step

DC13 DC Button
disabled on
state

Logic change

Table 1: Representative examples from each category.
LC represents locator changes and DC represents DOM
changes. All injections are designed to reflect realistic
front-end changes encountered during application main-
tenance, not artificial scenarios targeting specific repair
strategies.

may require not only locator updates but also mod-
ifications to interaction logic.

3.4 Ground Truth Construction
For each of the 30 injection scenarios, we manu-
ally write the correct repair following Playwright’s
locator stability hierarchy: testId (most stable) >
role with accessible name > label > CSS/XPath
(most fragile). Repairs follow two patterns: (1)
value update which retains the baseline locator
strategy and adjusting only the changed value when
the strategy is already stable, or (2) strategy up-
grade by replacing a fragile locator strategy with
a more stable one. This produces 30 ground truth
repairs, each documented as a unified diff file in a
version-controlled repository.1

3.5 Experimental Configurations
We evaluate four configurations that cross two in-
dependent variables:

MCP condition– With MCP: the AI agent has
access to Playwright MCP Server, enabling real-
time browser navigation, accessibility snapshots,

1Repository: https://github.
com/self-healing-automation/
self-healing-automation-MCP

and live DOM interaction. Without MCP: the
AI agent operates solely from test scripts, failure
screenshots, error logs, and its internal knowledge.
This represents the current state of LLM-based self-
healing approaches without adding any external
capabilities.

LLM model– GPT 5.0 Mini: a thinking-
architecture model from the GPT-5 family with
a 400K token context window, optimized for deep
reasoning at reduced computational cost. Claude
Haiku 4.5: a speed-optimized model with 4–5×
lower latency than Claude Sonnet 4.5, designed for
high throughput with competitive accuracy.

Config MCP Model
GPT + MCP ✓ GPT 5 Mini
GPT −MCP × GPT 5 Mini
Claude + MCP ✓ Haiku 4.5
Claude −MCP × Haiku 4.5

Table 2: Experimental configurations. Each configura-
tion is tested on all 30 failure test scenarios (15 LC + 15
DC).

Both models are accessed through GitHub Copi-
lot Chat in Visual Studio Code operating in agent
mode, which enables autonomous file editing, com-
mand execution, and tool invocation. Table 2 sum-
marizes the experimental design.

3.6 Prompting Strategy

To promote consistency across experimental ses-
sions, we designed two standardized prompt vari-
ants corresponding to the MCP and non-MCP
conditions. Both variants assigned the agent the
same role as a QA automation engineer and spec-
ified an identical repair objective, technical con-
text, Run–Analyze–Investigate–Fix–Verify work-
flow, and hard constraints. These constraints pro-
hibited the agent from removing or weakening as-
sertions, skipping test steps, introducing arbitrary
waits, using forced interactions, or modifying au-
thentication fixtures. No scenario-specific repair
hints were included, and the same prompt variant
was reused across all sessions within each condi-
tion.

Both conditions allowed the agent to execute
and verify tests through Playwright and inspect
the resulting error output, stack traces, and failure
screenshots. They differed only in the investiga-
tion capabilities available to the agent. In the non-
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MCP condition, browser information was mediated
by the prescribed test execution and its generated
artifacts. In the MCP condition, the agent addi-
tionally had direct access to the running browser
through Playwright MCP, enabling agent-directed
navigation, accessibility snapshots, and interface
interaction during diagnosis.

Before each session, the test scripts were re-
stored to their baseline state using version control,
and a new agent session was initialized. The fault-
injected test was first executed to confirm the ex-
pected failure. The agent then performed the repair
workflow and was allowed up to three verification
cycles. A session was classified as failed when
the test remained unsuccessful after the third cycle.
The complete prompt variants are provided in the
appendix.

3.7 Evaluation Metrics
Following the APR evaluation framework (Dikici
and Bilgin, 2025; Bouzenia et al., 2025), we evalu-
ate repairs using three metrics:

Plausible patch rate. The proportion of scenar-
ios where the repaired script executes successfully:

Plausible Rate =
|Passing Scenarios|
|Total Scenarios| × 100%

(1)

Correct patch rate. The proportion of repairs
that match the ground truth, either identically or
through functional equivalence as determined by
manual evaluation (Le et al., 2019):

Correct Rate =
|Ground Truth Matches|
|Total Scenarios| × 100%

(2)

Mean Time to Repair (MTTR). The average
time from the start of the agent’s analysis to suc-
cessful verification:

MTTR =

∑
Repair Time

|Repaired Scenarios| (3)

Each repair is classified into one of four cate-
gories: Correct (C) indicates that the repaired test
passes and matches ground truth; Plausible Incor-
rect (PI) indicates that the repaired test passed but
differs from ground truth; Regression Masking
(RM) indicates that the test passes because asser-
tions or test logic have been removed, weakened, or
bypassed; and Fail (F) indicates that the test does
not pass after repair. Figure 2 illustrates these four

outcomes in the context of the sequential End-to-
End execution flow. Each scenario is executed once
per configuration due to token quota constraints on
the AI agent platform, yielding 120 total sessions.
We acknowledge this limitation and discuss its im-
plications in Section 5.

4 Results and Discussion

Prior to evaluating repair performance, all 15 base-
line test cases were executed in three consecutive
validation runs and passed without any observed
flaky behavior. Each of the 30 fault-injection sce-
narios subsequently triggered the expected test
failure, confirming both the stability of the base-
line test suite and the effectiveness of the injected
changes.

Table 3 presents the aggregate results for each
configuration across all 30 scenarios. Configura-
tions with MCP consistently outperform their non-
MCP counterparts on both quality metrics.

Config Plaus. Correct Fail MTTR
GPT − MCP 83% 30% 17% 3:50
Claude − MCP 90% 20% 10% 1:34
GPT + MCP 97% 70% 3% 2:39
Claude + MCP 100% 60% 0% 1:39

Table 3: Per-configuration results across 30 scenarios.
Plaus. = plausible patch rate; Correct = correct patch
rate; Fail = failure rate; MTTR in min:sec.

The largest observed difference between the con-
dition "With MCP" and "Without-MCP" is in the
correct patch rate. GPT improves the correct patch
rate from 30% to 70% (+40pp) and Claude from
20% to 60% (+40pp). Plausible rate improvements
are comparatively modest (GPT: +14pp; Claude:
+10pp), indicating that the largest observed ben-
efit of the MCP-enabled condition lies in repair
correctness rather than merely in making scripts
pass.

Claude + MCP achieves the highest plausible
rate (100%) but a lower correct rate (60%) than
GPT + MCP (70%). In the observed repair traces,
Claude Haiku 4.5 more frequently applied an ini-
tially viable fix, whereas GPT-5 mini more fre-
quently inspected alternative locator strategies be-
fore applying a patch. These observations may help
explain the measured speed–correctness trade-off,
although the limited number of runs prevents gen-
eralizing these behavioral differences to the mod-
els as a whole. Figure 3 illustrates this trade-off
between repair speed and correctness across all
configurations.
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Figure 2: Visualization of the End-to-End self-healing execution flow.

Figure 3: Efficiency diagram plotting MTTR against
Correct Patch Rate.

Table 4 presents MTTR disaggregated by injec-
tion type and MCP condition.

Condition Type Total Time MTTR
Without MCP LC 61:51 2:03
With MCP LC 54:25 1:48
Without MCP DC 100:49 3:21
With MCP DC 75:10 2:30

Table 4: MTTR by injection type and MCP condition
(min:sec). LC = locator change; DC = DOM change.

DOM changes require substantially longer repair
times than locator changes across both conditions,
reflecting their greater complexity. Total repair
time was 7 minutes 26 seconds lower for locator
changes and 25 minutes 39 seconds lower for DOM
changes in the MCP-enabled condition. Notably,
Claude without MCP records the lowest individual
MTTR (1:34 overall), as it skips browser interac-
tion and selects fixes more aggressively. However,
this speed comes at the cost of the lowest correct
rate (20%) and highest regression masking rate, il-
lustrating that repair efficiency must be evaluated
jointly with repair quality.

With MCP. Agents navigate the SUT au-
tonomously, take accessibility snapshots of rele-
vant pages, and use live DOM data to inform lo-
cator selection. When navigating to an incorrect
page, agents self-correct by recognizing the mis-
match between expected and observed page con-
tent. For example, in scenario LC08, GPT + MCP
first identifies that the CSS class has changed, then
discovers a more stable data-testid attribute on
the same element, and selects the testId strategy—
matching the ground truth. This two-stage verifica-
tion process (identify change→ evaluate alterna-
tives) is characteristic of the thinking-architecture
model as we can see from Figure 4.

Without MCP. Agents rely entirely on static
error logs, failure screenshots, and their internal
knowledge. Without the ability to verify assump-
tions against the live DOM, agents tend to make
more aggressive modifications, sometimes alter-
ing valid test logic or removing assertions to make
scripts pass. In scenario LC03, Claude without
MCP removes the file name verification step en-
tirely after failing to locate the element—producing
regression masking despite explicit prompt instruc-
tions prohibiting assertion removal. This pattern
explains the higher regression masking rate in non-
MCP configurations (7 instances vs. 1 with MCP).

Model differences. The two models exhibited
different observed trade-offs between repair time
and correctness. Claude Haiku 4.5 generally com-
pleted repairs faster, whereas GPT-5 mini achieved
a higher correct patch rate in both conditions. In
the inspected repair traces, GPT-5 mini more fre-
quently examined alternative locator strategies be-
fore applying a patch, while Claude Haiku 4.5 more
often applied an initial viable repair directly. Both
models showed the same 40-percentage-point in-
crease in correct patch rate when MCP was added,
reaching 70% for GPT-5 mini and 60% for Claude
Haiku 4.5.
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Figure 4: Qualitative example of GPT + MCP on LC08.
The agent uses live DOM context to identify a stable
data-testid alternative instead of only updating the
broken CSS class.

5 Conclusion

We present an empirical evaluation of MCP-
mediated live browser contribution to AI-agent-
based self-healing in automated End-to-End testing.
Through a controlled experiment with 120 sessions
across 30 fault injection scenarios and four config-
urations, we demonstrate that providing AI agents
with real-time browser context through MCP sub-
stantially contributes to improving repair quality.

Our key findings are twofold. First, the largest
difference between conditions occurs in repair cor-
rectness: the correct patch rate increases from 25%
to 65%, whereas the plausible patch rate increases
by 11 percentage points. Second, the MCP-enabled
condition also shows a lower failure rate (2% vs.
13%) and an average MTTR that is 31 seconds
shorter, with the largest time savings on complex
DOM structural changes (25 minutes 39 seconds
total).

These results suggest that the integration of struc-
tured environmental context through protocols like
MCP represents a promising direction for improv-
ing the reliability of AI-driven software mainte-
nance tools. Future work should extend this eval-
uation to multiple applications with diverse archi-
tectures, incorporate additional failure types (e.g.,

business logic changes, flaky failures), add experi-
mental repetitions with statistical significance test-
ing, and explore the interaction between MCP and
higher-capability LLM models.

Limitations

Our study has several limitations that should be con-
sidered when interpreting the results. The observed
advantage of MCP is limited to a single locally de-
ployed web application and two interface-related
failure types: locator and DOM-structure changes.
Its effect may differ for business-logic changes,
API modifications, or non-deterministic failures.
Moreover, each scenario was executed once per
configuration due to GitHub Copilot quota and ses-
sion limits; therefore, the results reflect single-run
outcomes and do not capture run-to-run LLM vari-
ability or support statistical significance testing. An
important limitation concerns the interpretation of
the MCP comparison. The MCP-enabled condition
provides the agent with direct access to live ap-
plication information through browser navigation,
accessibility snapshots, and interface interaction,
whereas the non-MCP condition relies on infor-
mation available through test execution artifacts.
Therefore, the observed differences cannot be at-
tributed specifically to the structure of the MCP
protocol itself. An additional control condition
providing equivalent browser information without
MCP would be required to disentangle these fac-
tors.

Our work is conducted using Playwright MCP
Server (v0.0.7) and GitHub Copilot Chat (v0.37.9)
that are actively developed tools. The behavior may
change in future versions. Our results should be
interpreted in the context of the specific versions
used during experimentation.
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Figure 5: Prompt for test script repair using LLM and
MCP

Figure 6: Prompt for test script repair using LLM only
(without MCP)
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Abstract
Large language models (LLMs) are often sug-
gested as tools for grading student writing
and giving feedback, but it is unclear how far
we can trust them on the separate skills that
make up good writing. We compare two LLM
graders (Gemini and Llama) with eight pro-
fessional English teachers on 20 paragraphs
written in second-language English by Bengali-
speaking undergraduates in Bangladesh, each
graded by two teachers, scoring content, orga-
nization, vocabulary, and grammar separately
as well as the total. We then run a second stage
in which teachers read each model’s written
explanation, judge whether they agree with it,
and rate the feedback. The LLMs match the
teachers on the total score, content, and or-
ganization, but are unreliable on vocabulary
and grammar, where the two models do not
even agree with each other. We also show
that one low agreement score is misleading: it
comes from graders giving very similar marks
(score clustering), not from real disagreement.
In the second stage, teachers found the AI
feedback acceptable and useful most of the
time (≥ 77.5%), with very few made-up errors
(2.5%), and preferred Gemini’s stricter gram-
mar score to their own 20% of the time. LLMs
can help grade writing, but a teacher should
audit their output with extra care on vocabulary
and grammar.

1 Introduction

Teachers spend much of their time grading student
writing and writing feedback on it. Large language
models (LLMs) can now do both, which makes
them attractive as low-cost tools (Mizumoto and
Eguchi, 2023; Stahl et al., 2024). But a single
overall score hides a question: a model may judge
overall quality well and still be unreliable on the
specific skills, such as grammar or word choice,
that useful feedback has to address.

We therefore ask three questions. (RQ1) On
which writing skills do LLM graders agree with

expert teachers, and on which do they disagree?
(RQ2) When teachers see a model’s score together
with its written explanation, are the disagreements
acceptable, or are they real mistakes? (RQ3) Is the
feedback the models produce useful, appropriately
worded, and free of invented errors?

Each paragraph was graded independently by
two teachers, which lets us measure how much
teachers naturally differ. We test Gemini 3 Flash
Preview (Google DeepMind, 2025) and Llama 3.3
70B Instruct (Meta AI, 2024), the latter through
Groq (Groq, 2024). Alongside the gold-standard
Quadratic Weighted Kappa (Cohen, 1968) we use
Gwet’s AC2, which stays reliable under score
clustering (Gwet, 2008). Our contributions are:
(i) a skill-by-skill picture of when LLM grading
matches teachers (total score, content, organiza-
tion) and when it does not (vocabulary, grammar);
(ii) evidence that a chance-corrected measure is
needed, so that low agreement caused only by score
clustering is not mistaken for real disagreement;
and (iii) an audit showing that most score gaps are
acceptable and that the feedback is useful, appro-
priately worded, and free of invented errors.

2 Related Work

Early automated essay scoring (AES) systems pre-
dicted scores from hand-picked text features (At-
tali and Burstein, 2006); later ones used neural
networks (Uto, 2021); see Ke and Ng (2019) and
Ramesh and Sanampudi (2022) for surveys. Recent
studies ask an LLM to grade essays with no train-
ing examples or only a few (Mizumoto and Eguchi,
2023; Mansour et al., 2024), to judge how well a
text holds together (Naismith et al., 2023), to place
writers on a proficiency scale (Yancey et al., 2023),
and to score and give feedback at once (Stahl et al.,
2024), following the wider idea of an LLM as a
judge (Zheng et al., 2023). Most report one overall
agreement number. We instead report agreement
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for each writing skill, pair QWK with Gwet’s AC2,
which is less sensitive to score clustering (Gwet,
2008; Feinstein and Cicchetti, 1990), and ask teach-
ers to check the models’ explanations and feedback,
since feedback is what helps students improve (Hat-
tie and Timperley, 2007).

3 Methodology

3.1 Corpus and Rubric

We use 20 student paragraphs written on the prompt
“Fake News on Social Media.” The writers are
first-year undergraduates at a public university in
Bangladesh. Their first language is Bengali, so this
is second-language English writing. We have no
independent measure of their English proficiency.
Each paragraph is graded on a rubric with four
separate skills: Content & Relevance (max 3.0),
Organization & Cohesion (max 2.0), Lexis & Aca-
demic Register (max 2.5; vocabulary for short), and
Grammar & Mechanics (max 2.5), adding up to a
total of 10.0 in steps of 0.25 (Appendix B). Both
LLM graders get the same prompt (Appendix A)
and no example gradings: Gemini 3 Flash Preview
(gemini-3-flash-preview) through the Gemini
API (Google DeepMind, 2025), and Llama 3.3
70B Instruct (Meta AI, 2024) through Groq’s
llama-3.3-70b-versatile endpoint at tempera-
ture 0.3 (Groq, 2024). We also fix the order of the
answer (Appendix C): a score and a written rea-
son for each skill, then the total, then the feedback.
This makes the model look at each skill carefully
before it commits to a single overall score.

3.2 How Paragraphs Were Assigned to
Teachers

We split the 20 paragraphs among 8 professional
English teachers at two Bangladeshi public univer-
sities (4 men, 4 women) using a distributed cyclic
incomplete block design, so that no teacher’s work-
load is heavy or uneven. One of the eight is an
author of this paper and wrote the rubric; all eight
were equally informed about the study, graded five
paragraphs, and were blind to the AI’s output in
Phase 1. The LLM graders ran first, so we used
Gemini’s total to sort the corpus into low (below
5.0), average (5.0 to 6.0), and high (above 6.0)
quality, giving 4, 12, and 4 paragraphs. This bin-
ning only balances workload across blocks and
plays no part in the agreement analysis. The bins
went into eight overlapping blocks, so that every
paragraph is graded by exactly two teachers and

every teacher grades one low, three average, and
one high quality paragraph. Phase 1 therefore gives
40 human ratings, two per paragraph: two lists
of 20 for the human–human comparison, and all
40 paired against each model’s score, repeated for
both raters. We keep both teacher scores rather than
averaging them, so the spread between teachers is
not lost.

3.3 Two-Phase Protocol

In Phase 1 (blind scoring), teachers grade their
paragraphs. A teacher has to finish Phase 1 before
Phase 2 opens, so nothing the AI produced is vis-
ible to them while they are scoring. In Phase 2
(audit), each teacher is shown the AI’s score to-
gether with its written explanation. Where the two
scores differ on a skill, the teacher picks one of
three answers: (1) the AI’s score is better, and its
explanation pointed out something they had missed
(we call this being persuaded); (2) their own score
is better, and the AI’s explanation is unconvinc-
ing; or (3) the scores differ but both are reasonable.
Teachers also rate on a 1 to 5 scale how easy the
feedback is to act on and how appropriate its tone
is, and report any error the AI flagged that is not
actually there.

3.4 How We Measure Agreement

Quadratic Weighted Kappa (QWK; Cohen, 1968)
is the standard measure in essay scoring and counts
large score gaps as worse than small ones. Gwet’s
AC2 with quadratic weights (Gwet, 2008) mea-
sures the same thing but is robust to score cluster-
ing. Pearson r and Spearman ρ show whether two
graders move up and down together, even if one
is consistently stricter. Adjacent Agreement (AA)
is the share of paragraphs scored within 0.5 points
for a single skill and within 1.0 point for the total,
and Mean Absolute Error (MAE) is the average
size of the gap. Because 20 paragraphs is a small
sample, we also report 95% confidence intervals
for QWK and AC2 from 1,000 bootstrap resamples.
We resample paragraphs rather than rows, since the
40 rows are 20 paragraphs rated twice and the two
rows for one paragraph are not independent.

4 Results and Analysis

4.1 Phase 1: The LLMs Stay Near the Middle

Figure 1 shows both LLMs keeping their scores
close to the middle of the scale while teachers use
the full range. On the total score, human marks are
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widely spread (mean 5.975, SD 1.713), but Gemini
(SD 0.939) and Llama (SD 0.743) stay in a narrow
band. This is the worst on vocabulary and grammar.

4.2 Phase 1: Where the LLMs Do Well and
Where They Fail

Table 1 gives every agreement measure, with confi-
dence intervals, for each skill and pair of graders.
On the total score, content, and organization, a
human and an LLM agree about as much as two
humans do. On the total score, human–AI QWK
is 0.462 for Gemini and 0.422 for Llama against
0.490 human–human, and the human–AI intervals
([0.18, 0.62] and [0.19, 0.57]) overlap substantially
with the human–human interval ([−0.09, 0.85]), so
these data cannot separate them. Human–AI AC2
is higher (0.825 and 0.821 against 0.738), and con-
tent behaves the same way. The scores then drop
on vocabulary (0.225 and 0.212 against 0.433) and
grammar (0.194 and 0.007 against 0.324).

4.3 Why One Measure Is Not Enough
No single measure tells the whole story, and three
cases show why.

The kappa paradox (Feinstein and Cicchetti,
1990) is clearest on organization: the teacher pair
has almost no QWK (0.052) but a reasonable AC2
(0.574). The teachers do agree closely on 80% of
the paragraphs, and QWK is low only because of
score clustering, not because they really disagree.
The confidence intervals point the same way. For
the two teachers, the QWK interval dips below
zero on all five skills, so on the QWK scale we can-
not rule out that they are only agreeing by chance.
Their AC2 interval stays above zero on all five,
so on the AC2 scale we can. One interval on 20
paragraphs would prove little, but the same split
appearing on every skill is a sign that QWK is the
shakier of the two measures at this sample size.

A model can also exhibit score clustering, as Fig-
ure 1 shows for vocabulary and grammar. Gemini’s
vocabulary score is almost flat, and because it sits
near the mark teachers usually give, it does well
on the measures that only look at distance: against
Llama, 82.5% versus 77.5% adjacent agreement
and MAE 0.344 versus 0.556. But its Pearson r
of 0.318 and Spearman ρ of 0.327 fall below the
0.435 and 0.375 between teachers, so it is barely
telling the paragraphs apart.

Grammar then splits the two models in opposite
ways. Gemini’s QWK (0.194) and AC2 (0.607)
trail the teacher values (0.324 and 0.756), but its

r of 0.294 and ρ of 0.311 are close to their 0.338
and 0.285, so it sorts the paragraphs much as they
do and simply marks harder. Llama is the reverse:
an AC2 of 0.812 looks healthy, while a QWK of
0.007, an r of 0.010, and a ρ of 0.022 indicate
strong score clustering around the typical teacher-
assigned score.

4.4 Is a Teacher Still Needed?
The Gemini vs. Llama row of each block in Ta-
ble 1 shows how much the two LLMs agree with
each other. On the total score, content, and orga-
nization they agree more with each other than any
pair involving a human does (total QWK 0.826,
AC2 0.894). Agreement between models from dif-
ferent developers is a good sign, though it does
not guarantee either is right. On vocabulary and
grammar even this support is gone. The two mod-
els’ vocabulary QWK is 0.000, with an interval of
[−0.05, 0.03], the tightest in the study and centred
on no agreement at all, and their grammar AC2 in-
terval ([−0.16, 0.65]) contains zero. On these two
skills we cannot show that the models agree with
each other better than chance.

4.5 Phase 2: What the Teachers Said
The audit tells us which Phase 1 gaps are real mis-
takes and which are only numbers behaving oddly
(Tables 2 and 3). The acceptability rate, the share of
judgments where the AI score matched the teacher,
was accepted as better, or was called equally rea-
sonable, is high everywhere (77.5% to 92.5%), so
most score gaps are ones a teacher can live with
rather than ones that would mislead a student. The
most interesting result is on grammar: teachers said
Gemini’s stricter score was better than their own
20% of the time, so its poor Phase 1 numbers partly
reflect sound strictness rather than noise. The writ-
ten feedback also scored well: mean actionability
3.90 for Gemini and 3.80 for Llama, mean tone
3.83 and 3.80, and an invented error in only 2.5%
of cases for both models.

5 Conclusion

Given only the rubric and no worked examples,
an LLM agrees with a teacher about as closely as
two teachers agree with each other on total quality,
content, and organization. It is not reliable on vo-
cabulary and grammar, where the two models do
not even agree with each other. A chance-corrected
measure is needed, or a skill where everyone gives
similar marks looks like a failure when it is not.
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Figure 1: Score spread by grader and rubric skill (box plots, individual scores as dots). Both LLMs stay near the
middle compared to the teachers, most strongly on Lexis and Grammar.

Skill Grader Pair QWK [95% CI] AC2 [95% CI] r ρ AA (%) MAE

Total

Human vs. Human 0.490 [−0.09, 0.85] 0.738 [0.34, 0.92] 0.502 0.426 70.0 1.150
Human vs. Gemini 0.462 [0.18, 0.62] 0.825 [0.69, 0.87] 0.582 0.544 57.5 1.200
Human vs. Llama 0.422 [0.19, 0.57] 0.821 [0.68, 0.88] 0.622 0.587 62.5 1.175
Gemini vs. Llama 0.826 [0.70, 0.91] 0.894 [0.83, 0.95] 0.849 0.863 100.0 0.375

Content & Rel.

Human vs. Human 0.420 [−0.06, 0.78] 0.808 [0.50, 0.94] 0.444 0.408 80.0 0.350
Human vs. Gemini 0.484 [0.11, 0.73] 0.878 [0.75, 0.94] 0.501 0.521 85.0 0.300
Human vs. Llama 0.412 [0.11, 0.64] 0.864 [0.75, 0.92] 0.485 0.478 87.5 0.350
Gemini vs. Llama 0.657 [0.30, 0.85] 0.904 [0.78, 0.96] 0.727 0.674 100.0 0.200

Org. & Coh.

Human vs. Human 0.052 [−0.34, 0.47] 0.574 [0.12, 0.84] 0.052 0.093 80.0 0.438
Human vs. Gemini 0.312 [−0.02, 0.58] 0.840 [0.73, 0.92] 0.353 0.343 90.0 0.269
Human vs. Llama 0.368 [0.04, 0.63] 0.821 [0.68, 0.92] 0.407 0.380 92.5 0.269
Gemini vs. Llama 0.583 [0.20, 0.82] 0.951 [0.62, 0.98] 0.586 0.651 100.0 0.125

Lexis & Reg.

Human vs. Human 0.433 [−0.15, 0.84] 0.792 [0.47, 0.96] 0.435 0.375 90.0 0.338
Human vs. Gemini 0.225 [−0.02, 0.48] 0.871 [0.72, 0.94] 0.318 0.327 82.5 0.344
Human vs. Llama 0.212 [0.03, 0.41] 0.674 [0.48, 0.78] 0.514 0.506 77.5 0.556
Gemini vs. Llama 0.000 [−0.05, 0.03] 0.570 [0.00, 0.72] 0.000 0.000 75.0 0.550

Grammar & Mech.

Human vs. Human 0.324 [−0.18, 0.75] 0.756 [0.41, 0.92] 0.338 0.285 80.0 0.400
Human vs. Gemini 0.194 [−0.02, 0.40] 0.607 [0.29, 0.76] 0.294 0.311 55.0 0.575
Human vs. Llama 0.007 [−0.26, 0.29] 0.812 [0.53, 0.92] 0.010 0.022 77.5 0.425
Gemini vs. Llama 0.093 [−0.04, 0.24] 0.303 [−0.16, 0.65] 0.301 0.297 55.0 0.650

Table 1: Phase 1 agreement measures for every skill and pair of graders. Confidence intervals come from 1,000
bootstrap resamples drawn at the paragraph level. AA = Adjacent Agreement, MAE = Mean Absolute Error.

Model Skill Persu. (%) Accept. (%)

Gemini Content & Rel. 5.0 87.5
Llama Content & Rel. 2.5 87.5
Gemini Org. & Coh. 2.5 85.0
Llama Org. & Coh. 7.5 92.5
Gemini Lexis & Reg. 5.0 90.0
Llama Lexis & Reg. 10.0 82.5
Gemini Grammar & Mech. 20.0 85.0
Llama Grammar & Mech. 10.0 77.5

Table 2: Phase 2 persuasion and acceptability rates for
each skill.

The audit shows that many apparent failures are
differences a teacher accepts or cases where the AI
was right, with few invented errors and feedback
students can act on. We therefore suggest a teacher
in the loop: let the model draft scores and feedback

Model Action. Tone Halluc. (%)

Gemini 3.90 3.83 2.5
Llama 3.80 3.80 2.5

Table 3: Phase 2 mean rating for how easy the feedback
is to act on (1–5), for its tone (1–5), and the share of
judgements where the model reported an error that was
not there (hallucination).

on all four skills, but keep a teacher auditing ev-
erything before the student sees it. Vocabulary and
grammar need the most care, and our results indi-
cate what to look for: score clustering may signal
that the model has failed to distinguish a paragraph
from the rest, so the teacher should check whether
its score is appropriately differentiated rather than
merely plausible on its own.
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Limitations

Our study is small: 20 paragraphs, one writing
prompt, two LLMs, and eight teachers. This is a re-
source constraint rather than a design choice. API
costs add up quickly, and the human side is heav-
ier still: a teacher scores every paragraph on four
skills, then reads and audits the AI’s score, reason-
ing, and feedback for each. A bigger study would
mean either more paragraphs per teacher, which
brings back the fatigue the block design avoids, or
more teachers, which we could not afford. What
we offer instead is the design, which carries over
unchanged to a larger corpus and panel. The results
are preliminary, so the agreement numbers are a
rough guide rather than a settled answer.

All the paragraphs argue a point on one social sci-
ence topic and are second-language English written
by Bengali speakers, so our findings may not hold
for other kinds of writing, other first languages, or
first-language English writers. This matters most
for grammar, where a writer’s first language shapes
which errors appear. We also have no independent
measure of the writers’ proficiency, so we cannot
separate the effect of ability from the effect of first
language. Few-shot examples or fine-tuning could
change the vocabulary and grammar results.

The audit is done by the same teachers who gave
the Phase 1 scores, so they may be attached to their
earlier marks. One of the eight teachers is an author
of this paper and wrote the rubric. That teacher did
not take part in the study’s design or in the analysis,
did not know which agreement measures would be
computed, and was informed about the study on the
same terms as the other seven. The teacher appears
in 5 of the 20 human–human pairs and contributes
5 of the 40 audit judgments per skill. Authorship is
still an interest the other seven do not have, and it
matters most in Phase 2, where the three response
options differ visibly in how favourable they are
even without knowledge of the metrics. At 5 of
40 judgments, however, no acceptability rate could
shift by more than 12.5 points, and the observed
rates range from 77.5% to 92.5%. We did not ex-
clude these ratings, since dropping a quarter of the
human–human pairs would leave the benchmark
estimated on 15 paragraphs. A rubric’s author may
also apply it more consistently than other raters,
which could raise the human–human agreement we
compare the models against, though the same rater
also contributes to the human–AI comparison.

With only two ratings per paragraph, the agree-

ment estimates are uncertain: the intervals in Ta-
ble 1 are wide, and most differences between grader
pairs are not resolved at this sample size. Finally,
we test one version of each model, and results may
change as models are updated.

Ethics Statement

The 20 paragraphs are pre-existing coursework
from past assessments, not written for this study. A
public university in Bangladesh provided them and
authorised their research use, on the condition that
it is not named. Individual student consent was not
obtained. Before any analysis, names, student iden-
tifiers, and institutional details were removed. No
paragraph is reproduced; all reported results are ag-
gregate. No student’s grade or academic standing
was affected. The AI-generated scores and feed-
back were never shown to students or used in any
assessment decision.

Eight professional English teachers took part,
four men and four women. They were informed
of the study’s purpose beforehand, took part vol-
untarily, and could withdraw at any time. They
received no financial compensation. They are not
individually identifiable from the results. Formal
ethics review was not sought. We relied on the
safeguards described above: de-identification, non-
reproduction, no effect on grades, and voluntary
participation.

Only de-identified paragraph text was sent to the
model APIs. Llama 3.3 70B was accessed through
Groq, which does not use API inputs and outputs
for model training. Gemini was accessed through
the free tier of the Google Gemini API. Google’s
terms permit free-tier inputs and outputs to be used
to improve Google’s products, including human
review; paid tiers exclude this. This is a short-
coming: the paid tier is the appropriate choice for
student-authored text, and we recommend it for
future work. No personally identifying information
was transmitted, and the topic is general public
policy; individual risk is minimal.

The training data of both commercial models is
not publicly documented. Any biases they carry
regarding writer background, dialect, or first lan-
guage may reach their scores. A single-prompt,
single-language corpus cannot detect such effects.
This is a further reason for the teacher-in-the-loop
use we recommend: a human auditor is the only
safeguard against biases we cannot measure.
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A Grading Prompt

Both LLM graders were given the same prompt,
shown in Figure 2, with no example gradings.
The placeholder {{Grading Standard}} was re-
placed by the full rubric in Appendix B, {{Output
Format}} by the template in Appendix C, and
{{Student Submission Text}} by the paragraph
being graded.

B Grading Rubric

The rubric was written by one of the eight teach-
ers, who is an author of this paper. Table 4 gives
it in full: the four skills, the highest score each
one can earn, what the grader should look at, and
what a paragraph has to do to earn each score.
The total score is the sum of the four skills (max
10.0) and is given in steps of 0.25. This whole
rubric was inserted into the prompt in place of
{{Grading Standard}}, and the teachers graded
from the same rubric.

C Output Format

Figure 3 gives the template that replaced {{Output
Format}} in the prompt. It fixes the order of the
answer: a score and a reason for each skill, then
the total, then the two kinds of feedback, so that
the model looks at each skill carefully before it
commits to a single overall score.
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You are an expert English writing evaluator. Grade the student submission
strictly based on the rubric provided.

## Target Audience & Tone:
The student is a first-year undergraduate student (a fresher). Keep your
feedback encouraging, direct, and highly logical. When explaining structural
issues, frame them pragmatically: focus on how clear paragraph organization
builds a cohesive, easy-to-follow argument. Avoid overly complex literary
jargon; instead, emphasize how grammatical errors impede clear communication
and how precise vocabulary strengthens the overall clarity and academic impact
of their writing.

Your goal is to provide a clear score breakdown, followed by specific
Corrective Feedback and Improvement Feedback.

## Feedback Definitions:
* **Corrective Feedback**: Identify specific errors in grammar, mechanics, and

blatant structural failures. Quote the exact error from the text, explain
logically *why* it is incorrect, and provide the corrected version.

* **Improvement Feedback**: Identify areas where the writing is acceptable but
could be elevated to hit the next tier of the rubric. Focus on vocabulary
enhancement, deeper analysis, and better transitions. Suggest specific ways
to rewrite or expand these sections.

## Assignment Context
Title: Paragraph on Fake News on Social Media
Topic: Social Science

## Grading Guidelines
{{Grading Standard}}

## Maximum Score : 10.0

## Output Format
{{Output Format}}

## Student Submission
---
{{Student Submission Text}}
---

Figure 2: The zero-shot grading prompt given to both LLM graders.
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Skill (Max) Score What earns this score

Content & Rele-
vance (3.0)

Focus Relevance, depth of argument, and specific evidence.

3.0 Exceptional. Accurately defines fake news within the social media context (al-
gorithms, virality) and provides a sophisticated impact analysis with a real-world
example.

2.0 Competent. Addresses the prompt well but may be slightly generic or miss the
“social media” specific mechanisms (e.g. treats it like general rumors).

1.0 Emerging. Vague or surface-level; fails to provide an example or meaningful impact
analysis.

Organization & Co-
hesion (2.0)

Focus Paragraph unity, topic sentences, and transitions.

2.0 Strong “Point-Evidence-Explanation” (PEE) structure. Clear topic sentence and
seamless transitions between the definition and the consequences.

1.0 Functional. Has a beginning, middle, and end, but the logical flow is “clunky” or
the topic sentence is weak.

0.5 Disorganized. Ideas are scattered; lacks a cohesive argument or logical progression.

Lexis & Academic
Register (2.5)

Focus Word choice, technical terminology, and formal tone.

2.5 Precise. Correctly uses technical terms (disinformation, algorithmic bias, echo
chambers). Maintains a formal, objective stance (avoids “I think” or “it’s scary”).

1.5 Appropriate. Standard vocabulary. Understandable but relies on common words
rather than academic or field-specific terminology.

0.5 Informal. Uses conversational language, slang, or overly emotional/subjective
phrasing.

Grammar & Mechan-
ics (2.5)

Focus Syntax, punctuation, spelling, and capitalization.

2.5 Highly Accurate. Little to no errors in tense, subject-verb agreement, or sentence
structure. Proper use of complex sentences.

1.5 Minor Issues. 1–3 slips that do not impede meaning (e.g. a missing comma or a
singular/plural slip).

0.5 Pervasive Errors. Significant issues with syntax or “Mechanics” (spelling/punctua-
tion) that make the paragraph difficult to read.

Table 4: The full grading rubric. The listed values are the anchor points; graders could give any score in between in
steps of 0.25.
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Use proper spacing and indentation. Format your response exactly as follows:

Score Breakdown:
1. Content & Relevance: [Score] / [Max Score]
<<indentation>>Reason: [Reason for the score]
2. Organization & Cohesion: [Score] / [Max Score]
<<indentation>>Reason: [Reason for the score]
3. Lexis & Academic Register: [Score] / [Max Score]
<<indentation>>Reason: [Reason for the score]
4. Grammar & Mechanics: [Score] / [Max Score]
<<indentation>>Reason: [Reason for the score]

Overall Score: [Total Score] / 10.0

Corrective Feedback:
<<Numbered list in the following format>>
<<Number>> [Quote the specific error from the text]
<<indentation>> Issue: [Briefly explain the grammatical or structural error]
<<indentation>> Correction: [Provide the fixed version]

Improvement Feedback:
<<Numbered list in the following format>>
<<Number>> [Quote the specific sentence/phrase that could be improved]
<<indentation>> Target Area: [Name the rubric category being addressed,
e.g., Lexis & Academic Register]
<<indentation>> Suggestion: [Explain how to elevate this specific text to
reach a higher rubric tier, offering a concrete example. Suggest a better
alternative for the sentence.]

Figure 3: The output format given to both LLM graders. Per-skill scores and reasons come before the total score,
which comes before the feedback.
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Abstract

We study how to improve predictive typing via
per-user personalization of a pretrained large
language model (LLM). We evaluate person-
alization in a time-ordered setting, using each
user’s earlier messages for adaptation as we try
and predict their next message. We compare:
(1) personalization versus a non-personalized
base model, (2) differing amounts of left con-
text, (3) one-time adaptation versus making
small periodic updates, and (4) full fine-tuning
versus parameter-efficient fine-tuning. We find
both static and personalized LLMs significantly
outperform an n-gram language model. This in-
cludes when the n-gram was mixed with a user
model learned via prediction by partial match-
ing (PPM). Using long recent user-specific con-
text provided the largest personalization gains:
conditioning on up to 1024 previous characters
reduced the base model’s perplexity by 18%.
We found fine-tuning model weights provided
only a small additional gain.

1 Introduction

Typing can be slow and effortful for some people,
including those with motor impairments (Cai et al.,
2024), those facing situational constraints (e.g., typ-
ing on a mobile device while in motion), or those
writing in a language they are learning (Sarsen-
bayeva et al., 2017; Haake et al., 2024). Within
this space, Augmentative and Alternative Commu-
nication (AAC) provides a high-impact motivat-
ing case. AAC users often write letter-by-letter
using alternative input methods such as eye track-
ing or single-switch (Beukelman and Light, 2020).
Typical AAC text entry rates are 5–10 words per
minute, an order of magnitude slower than spoken
speech (Trnka and McCoy, 2008).

Text entry interfaces often try to reduce this bur-
den by using a language model to autocorrect noisy
input and by offering text predictions. However,
a language model is usually trained once on large

generic corpora and then deployed unchanged for
every user. This mismatch can be problematic for
text entry as users may want to write specific text
(e.g., names, contacts, or habitual phrases). Further,
the user’s language usage can drift over time.

Previous text entry research has shown the value
of personalization and using large language models
(LLMs) (Adhikary and Vertanen, 2023; Gaines and
Vertanen, 2025). We build on this work by studying
progressive per-user LLM personalization under a
chronological predict-then-update protocol.

We study progressive personalization of LLMs
on real email data from the Enron corpus (Klimt
and Yang, 2004). We ask how much text prediction
improves when we adapt an LLM to an employee’s
past messages. To measure prediction accuracy and
typing effort, we use per-character perplexity and
keystroke savings. Keystroke savings measures the
percentage reduction in key presses compared to
letter-by-letter typing in a text entry interface that
suggests the next word (Trnka and McCoy, 2008).

We consider two personalization settings. In one-
time personalization, we first adapt the model on
the first half of the sent emails of a user (an En-
ron employee). We leave the model frozen while
evaluating on the user’s second half of sent emails.
In progressive personalization, we periodically up-
date the model as we pass through the second half
of the emails. Progressive personalization aims to
adapt to ongoing changes in a user’s writing.

We make the following contributions:
1. We show an LLM without personalization out-

performs a strong statistical baseline model
adapted to a user’s writing.

2. We show that using large amounts of left con-
text provides effective personalization without
the need for updating the weights of an LLM.

3. We find parameter-efficient fine-tuning is
faster and matches the prediction performance
of full fine-tuning.
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2 Related work

Language model personalization has long been
recognized as a way to improve user-specific
predictions. Early adaptive language modeling
approaches included cache models (Kuhn and
De Mori, 1990; Jelinek et al., 1991) and Predic-
tion by Partial Matching (PPM) (Cleary and Wit-
ten, 1984). Later neural approaches used recur-
rent neural network language models (RNNLMs)
that updated model weights as test text was pro-
cessed (Mikolov et al., 2010).

Mikolov and Zweig (2012) conditioned an
RNNLM on topic information extracted from pre-
ceding text. Krause et al. (2018) adapted RNNLMs
based on long short-term memory (LSTM) net-
works during evaluation. The model first scores a
text segment, then updates its parameters using gra-
dient descent on that segment before predicting the
next segment. These studies examined adaptation
to recent text rather than individual-user predictive
typing.

For individual-user personalization, Wen et al.
(2013) fine-tuned RNNLMs using social-network
text from users and their friends, and investi-
gated user-oriented features for speech recognition.
King and Cook (2020) compared continued train-
ing, interpolation with user-specific models, and
recurrent-state priming based on users’ blog posts.

Fowler et al. (2015) studied personalization by
simulating touchscreen typing of time-ordered En-
ron email. They interpolated a background bigram
word language model with a user-specific unigram
cache. The unigram cache was initialized from
earlier emails and updated as typing progressed.
Personalization reduced word error rate for noisy
touch input compared to the background model
alone. Uniform and exponentially decaying caches
produced similar results. These caches captured
which words a user frequently used, but did not
model the contexts in which those words occurred.

Adhikary and Vertanen (2023) extended the
study of Fowler et al. (2015) by using character
n-gram background models and comparing uni-
gram caching with PPM and a character RNNLM
for rescoring candidate word predictions. They
evaluated typing of Enron email from 44 users,
with and without spatial touch noise. They used
fixed amounts of text per user for priming and eval-
uation, comparing primed models with flat-start
models that had not observed the seed text. In-
creasing the background model’s n-gram order im-

proved keystroke savings in both noise conditions,
while PPM-based adaptation provided further gains.
Combining PPM with the RNNLM achieved the
highest keystroke savings in both conditions.

Their RNNLM incorporated user history through
hidden-state persistence rather than user-specific
parameter updates. Adhikary and Vertanen (2023)
observed little benefit from priming the RNNLM
and suggested periodically updating neural model
parameters on recent writing. We investigate
these directions using one-time full-parameter fine-
tuning and one-time or progressive LoRA. We also
compare progressive conditions with and without
seed-set adaptation.

Recent AAC research has explored LLMs for
assistance beyond word prediction. KWickChat let
users provide a small set of keywords and used
an LLM to generate utterances based on those
keywords, user profile information, and the con-
versational partner’s previous turns (Shen et al.,
2022). Other work has studied AI-generated phrase
suggestions and abbreviation expansion (Valencia
et al., 2023; Cai et al., 2024).

For character-level AAC prediction, Gaines and
Vertanen (2025) developed a search algorithm for
obtaining next-character probabilities from sub-
word LLMs. With a domain-adapted OPT-350M
model (Zhang et al., 2022), their approach achieved
lower average per-character perplexity than the
evaluated n-gram, byte-level, and classifier-based
alternatives, although inference was slower. Com-
pared with the unadapted model, direct fine-tuning
reduced average per-character perplexity and in-
creased average simulated keystroke savings across
their test sets. However, their adaptation targeted
AAC-like language rather than individual users,
and training and evaluation used isolated sentences
without context from previous messages.

We extend past work by studying whether a
user’s previous text can improve an LLM’s pre-
dictions. Specifically, we explore: 1) using previ-
ous text in the LLM’s left context, 2) performing
one-time parameter adaptation, and 3) performing
progressive parameter adaptation.

3 Dataset, procedures, and models

We used the Enron Personalization Validation Set.1

This dataset contains the sent emails of Enron em-
ployees split into 45 development and 44 test users.

1https://github.com/google-research-datasets/
EnronPersonalizationValidation
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It was assembled by Fowler et al. (2015) to evalu-
ate language model personalization for touchscreen
typing. Adhikary and Vertanen (2023) further nor-
malized this dataset to evaluate PPM and recurrent
neural network language model (RNNLM) person-
alization.2 We use this latter version.

We split each user’s time-ordered sent emails
into two equal-sized sets denoted seed (the first
50%) and evaluation (the second 50%). The seed
set was the only user-specific text available be-
fore evaluation. All results were on the evaluation
set. This approach follows Adhikary and Vertanen
(2023) who evaluated with and without adapting
on earlier messages (“primed” versus “flat start”).
In the progressive setting, we processed the evalu-
ation set in time-ordered chunks, scoring a chunk
before using the chunk to adapt the model.

We used 10 of the 45 development users (de-
noted DEV) for choosing LLM size, left context
length, and fine-tuning hyperparameters. We se-
lected 10 users representative of the distribution
over the per-user amount of email over the entire
dataset. After fixing all choices, we used 44 test
users (denoted TEST) for our final evaluation.

We lowercased all text, excluded phrases contain-
ing digits, and retained only the letters a–z, space,
and apostrophe. We computed per-character per-
plexity over this 28-character vocabulary using the
algorithm for subword-tokenized LLMs described
by Gaines and Vertanen (2025).

We computed keystroke savings as the percent-
age of keystrokes that a user making no typing
mistakes would save by making optimal use of the
offered word predictions. We simulated a keyboard
with three prediction slots. One slot was reserved
for the literal characters typed. Thus, our simu-
lated user could always obtain their desired text.
The other two slots extended the currently typed
text, searching for the most likely next words under
the language model. Our simulator had no explicit
word list, rather, we conducted a beam search under
the language model looking for sequences ending
in a space, comma, exclamation mark, question
mark, or period. We assume one keystroke was
required to select a prediction and produce any fol-
lowing space. Higher keystroke savings is better.

We tested LLMs from the OPT family (Zhang
et al., 2022) as Gaines and Vertanen (2025) found
it performed well compared to other model fami-
lies on conversational style text. As a non-LLM

2https://osf.io/45p3j/

Language model Perplexity ↓ Seconds per char

OPT-125M 2.73 0.068
OPT-350M 2.66 0.083
OPT-1.3B 2.57 0.082
OPT-2.7B 2.54 0.092
OPT-6.7B 2.51 0.096
OPT-13B 2.50 0.115

Table 1: Per-character perplexity and inference time on
DEV for OPT language models of different sizes.

baseline, we used a 12-gram model with 408 M
parameters trained on 21 B characters.3

For approaches that fine-tuned an LLM, we
tuned hyperparameters on DEV. For all approaches,
we tuned the dropout rate, learning rate, weight
decay, and epochs. For LoRA (Hu et al., 2022)
approaches, we also tuned adapter rank and alpha.
For progressive personalization, we also tuned how
many phrases we processed between each model
adaptation. See Appendix C for details. The LoRA
adapter reduced the average fine-tuning time from
66.9 to 30.8 minutes per user using four NVIDIA
A100 GPUs.

4 Experiments

4.1 LLM model size
We first tested OPT LLMs of increasing size. We
computed the perplexity of the evaluation split set
for each user in the DEV set. The perplexity of
each phrase was computed in isolation (i.e. we
did not condition on previous phrases in a user’s
data). As expected, LLMs with more parameters
provided better predictions, though gains started to
plateau for larger models (Table 1). Based on this,
we decided to use the largest 13-billion-parameter
model for our remaining experiments.

4.2 Amount of left context
Next, we explored the impact of how much context
to use from a user’s previous emails. We retained
recent text from previous phrases and trimmed
it from the left to satisfy a specified left context
character limit, normally removing whole words.
The retained context could therefore begin partway
through a sentence. As shown in Table 2, increas-
ing the limit from 0 to 512 characters reduced per-
plexity from 2.50 to 2.05, a relative reduction of
approximately 18%. Increasing the limit to 1024
characters provided only a further 1.5% reduction,

3We used the Dec 2019 huge model from https://osf.
io/ajm7t/
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Left context char Perplexity ↓ Seconds per char

0 2.50 0.115
64 2.33 0.119
128 2.20 0.125
256 2.11 0.144
512 2.05 0.185
1024 2.02 0.275

Table 2: Per-character perplexity and inference time on
DEV with increasing left context.

while inference time increased from 0.185 to 0.275
seconds per character. We therefore chose a left
context limit of 512 for the main experiments. Sec-
tion 4.8 compares context limits of 128, 256, 512,
and 1024 characters on TEST for the baseline OPT-
13B model without parameter adaptation (denoted
Base), one-time LoRA, and seed-initialized pro-
gressive LoRA.

4.3 Static models
Our main evaluation results on TEST are shown in
Table 3. We tested a static n-gram language model
and a pretrained LLM (OPT-13B). As expected, the
LLM performed substantially better, reducing per-
plexity from 3.00 to 2.05 and increasing keystroke
savings from 54.8% to 67.5%. The LLM was able
to condition on up to 512 characters from previous
emails versus only 11 characters for the n-gram
model. For comparison, the perplexity on TEST

using the LLM using no left context was 2.46. This
shows the LLM could leverage large amounts of
left context to provide improved user-specific pre-
dictions even without user-specific adaptation of
model parameters.

4.4 Mixture of n-gram + adaptive PPM
We compared LLM personalization with a statis-
tical baseline model. Our baseline combined a
fixed n-gram language model with an adaptive PPM
model, similar to the mixture used by Adhikary and
Vertanen (2023). PPM is an adaptive variable-order
language model originally developed for text com-
pression (Cleary and Witten, 1984). Similar to
an n-gram model, PPM predicts the next symbol
from recent context and uses lower-order contexts
to smooth its probability estimates. A PPM model
of order n conditions on the previous n symbols
(in contrast, an n-gram model conditions on the
previous n− 1 symbols). PPM maintains explicit
context-dependent symbol counts that can be up-
dated efficiently during use, making it straightfor-

ward to personalize and update continuously as
new text is observed.

We used the character 12-gram model to gener-
ate an n-best list of 100 candidate word comple-
tions based on a user’s current text context. We
then scored the n-best candidates using a user’s
PPM model. We used a PPM model of order 11,
which could condition on up to the previous 11
characters. For each model, we normalized the can-
didate probabilities to sum to one over the same
n-best list. We then linearly interpolated these prob-
abilities, assigning a weight of 0.75 to the n-gram
model and the remaining 0.25 to PPM. We used
the highest-ranked candidates under this mixture
in our keystroke savings simulation.

For each user, we initialized a new PPM model
and primed it on a user’s seed set. During evalua-
tion, n-best scoring did not modify the PPM model.
After each target word was committed, we updated
PPM once with the committed word and its fol-
lowing space. Thus, the n-gram component of the
mixture model remained static, whereas the PPM
component used seed-set personalization followed
by progressive adaptation on the evaluation set.

As shown in Table 3, compared to the static n-
gram model, the mixture model reduced perplexity
from 3.00 to 2.88. Keystroke savings also improved
from 54.8% to 56.7%. However, despite adapting
to a user’s text, the mixture model still performed
substantially worse than OPT-13B without parame-
ter adaptation. When conditioned on a user’s previ-
ous sent emails, OPT-13B achieved a perplexity of
2.05 and keystroke savings of 67.5%.

4.5 One-time personalization
We first tried full parameter fine-tuning of the LLM
on each user’s seed set. While this only reduced the
perplexity slightly, from 2.05 to 2.03, it did increase
the keystroke savings by 0.5%. We found a LoRA
adapter performed similar to full fine-tuning with
the same perplexity of 2.03 with a slight decrease
in keystroke savings from 68.0% to 67.9%.

4.6 Progressive personalization
We attempted to further improve the LoRA adapter
learned from the seed data by progressively fine-
tuning the adapter every 128 phrases during evalu-
ation. While this slightly reduced perplexity from
2.03 to 2.02, it provided only a small improvement
in keystroke savings.

To separate the contribution of progressive up-
dates from seed-set adaptation, we also evaluated
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Adaptation

Language model method on seed? on eval? Perplexity ↓ Keystroke savings ↑
12-gram none no no 3.00± 0.047 54.8± 0.5%
12-gram + PPM-11 PPM yes yes 2.88± 0.050 56.7± 0.5%
OPT-13B none no no 2.05± 0.038 67.5± 0.6%
OPT-13B one-time full fine-tuning yes no 2.03± 0.039 68.0± 0.6%
OPT-13B one-time LoRA yes no 2.03± 0.038 67.9± 0.6%
OPT-13B one-time LoRA + progressive LoRA yes yes 2.02± 0.039 67.9± 0.6%
OPT-13B progressive LoRA(base-initialized) no yes 2.03± 0.039 67.8± 0.6%
OPT-13B cumulative-reset LoRA (base-initialized) no yes 2.03± 0.040 67.8± 0.6%

Table 3: Per-character perplexity and keystroke savings of different language models and adaptation approaches.
Results are means over the 44 TEST users. ± denotes 95% nonparametric user-level bootstrap confidence intervals
and is the larger distance from the mean to either bootstrap endpoint. OPT-13B results conditioned on up to 512
characters of previous context. In the final row, each non-final block of 128 evaluation phrases was scored before
being used for further LoRA fine-tuning.

base-initialized progressive personalization. In this
approach, we started from the non-personalized
OPT-13B checkpoint and did not adapt on the seed
set. As with the normal progressive method, we up-
dated the LoRA adapter after every 128 evaluation
phrases. This did only slightly worse with a per-
plexity of 2.03 and a keystroke savings of 67.8%.
This shows it is possible to learn a useful LoRA
adapter even without a large amount of initial text.

4.7 Cumulative progressive personalization
We also evaluated a variant of the progressive
method in which we periodically relearned the
LoRA adapter from the cumulative set of all eval-
uation text seen thus far. The hope was that this
would allow more robust updates to the adapter as
the amount of text increased.

As in the base-initialized progressive condition
described in the previous subsection, we did not
adapt on the seed set, and the evaluation set was
processed chronologically in 128-phrase chunks.
The cumulative variant differed in how the adapter
was updated. After scoring each non-final chunk,
we reloaded the original non-personalized OPT-
13B checkpoint, initialized a new LoRA adapter,
and fine-tuned it on all evaluation phrases observed
up to that point. In contrast, the base-initialized pro-
gressive method continued fine-tuning the existing
adapter on only the newly scored chunk. Thus, the
cumulative adaptation sets contained 128 phrases,
256 phrases, 384 phrases, and so on.

The cumulative approach obtained a mean per-
character perplexity of 2.03 and mean keystroke
savings of 67.84% on TEST. These mean results
were similar to those of base-initialized sequential
progressive LoRA. Compared with seed-initialized

128 256 512 1024
Left-context limit (characters)

2.00

2.05

2.10

2.15

2.20

Pe
rp

lex
ity
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Progressive

Figure 1: Perplexity at left-context limits of 128, 256,
512 and 1024 characters. Results on TEST for OPT-13B
without fine-tuning (Base), personalized using a LoRA
adapter on the seed set (LoRA), and personalized using
a LoRA adapter on the seed set and updated during
evaluation (Progressive).

progressive LoRA, the cumulative approach had
higher mean perplexity and lower mean keystroke
savings. The cumulative approach was also slower.
Base-initialized progressive LoRA required an av-
erage of 38 seconds per fine-tuning update, while
the cumulative approach needed 233 seconds.

4.8 Left context influence
Despite trying a variety of parameter fine-tuning
approaches, we saw little gain beyond simply us-
ing the pretrained OPT-13B model conditioned on
512 characters. To investigate whether long left
context was really limiting the upside to model
parameter fine-tuning, we compared per-character
perplexity for Base, one-time LoRA, and one-time
LoRA + progressive LoRA at left context limits of
128, 256, 512, and 1024 characters. Base used pre-
trained OPT-13B without parameter adaptation at
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Figure 2: Per-user changes in per-character perplexity (PPL) relative to the non-personalized OPT-13B baseline
(Base) for the 44 TEST users. From top to bottom, the panels show full-parameter fine-tuning, one-time LoRA,
seed-initialized progressive LoRA, and base-initialized progressive LoRA. ∆PPL denotes the method’s perplexity
minus that of Base; negative values indicate lower perplexity. Users are sorted independently from the largest to the
smallest improvement in each panel.

each context limit. The left-context limit controlled
how much text from previous phrases was supplied
during prediction, not the length of the training ex-
amples. For each user, one-time LoRA used the
same seed-trained adapter at all four context limits,
without further fine-tuning.

For progressive LoRA, we ran the chronolog-
ical predict-then-update procedure separately at
256 and 512 characters, using the same fine-tuning
settings and 128-phrase update interval. At 128
and 1024 characters, we re-evaluated the saved
adapter sequence from the 512-character run with-
out repeating the training. The first chunk used
the seed-trained adapter, and each later chunk used
an adapter updated only on earlier chunks. Thus,
no chunk was scored using an adapter trained on
that chunk. As shown in Figure 1, perplexity de-
creased as left context increased. Both personal-
ized models had lower mean perplexity than the
non-personalized model at every tested left-context
limit, and progressive LoRA had the lowest per-
plexity at all four context limits. At 1024 char-
acters, mean perplexity was approximately 2.02

for Base, 2.01 for one-time LoRA, and 2.00 for
progressive LoRA. Notably, with less left context,
the perplexity advantage of the approaches that
adapted model parameters increased. This suggests
that parameter-based personalization may still be
useful when shorter left context is desired to re-
duce inference costs or avoid retaining a user’s past
writing between text entry sessions.

4.9 Per-user variability
We also inspected per-user changes in perplexity
relative to the non-personalized OPT-13B baseline.
Full fine-tuning and LoRA reduced perplexity for
38 and 41 of the 44 users, respectively. Progressive
LoRA reduced perplexity for all users, while base-
initialized progressive LoRA reduced perplexity
for 43 of 44 users, with only a small increase for
one user (Figure 2).

Thus, the improvements we saw were broadly
distributed across users rather than being driven by
a small number of users with unusually large gains.
The base-initialized result also shows that chrono-
logical updates can provide broadly consistent per-
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sonalization gains even without adaptation on the
seed half, although progressive LoRA produced
the most consistent per-user improvements. Fig-
ure 4 in Appendix B shows per-user keystroke sav-
ings for Base and the three seed-adapted conditions.
Keystroke savings varied across users, whereas dif-
ferences among these methods for a given user
were generally small.

4.10 Paired comparisons between methods
We compared Base, one-time LoRA, one-time
LoRA + progressive LoRA, and progressive LoRA
(base-initialized). The one-time LoRA + pro-
gressive LoRA condition started from a seed-
trained adapter, whereas progressive LoRA (base-
initialized) started from Base without seed-set adap-
tation. These comparisons focused on the contri-
butions of seed-set adaptation and progressive up-
dates within LoRA, using Base as the reference.
We evaluated all six method pairs for perplexity
and keystroke savings, using a left context charac-
ter limit of 512. Comparisons with full fine-tuning,
the statistical baselines, and cumulative-reset per-
sonalization were outside the scope of this analysis.

For each method pair and metric, we calculated
the difference between method A and method B for
each of the TEST users, subtracting B from A. We
report the mean of these 44 differences. To estimate
a 95% percentile bootstrap confidence interval, we
generated 100,000 bootstrap samples. Each sample
contained 44 differences drawn with replacement
from the original 44 user differences. We calcu-
lated the mean of each sample and used the 2.5th
and 97.5th percentiles of these bootstrap means as
the interval endpoints (Efron and Tibshirani, 1986).

The mean differences and bootstrap confidence
intervals describe the size of the differences be-
tween methods and the uncertainty in these esti-
mates. We used two-sided Wilcoxon signed-rank
tests to assess the statistical significance of differ-
ences between methods (Wilcoxon, 1945). We cal-
culated exact conditional p-values, excluding zero
differences and assigning average ranks to tied ab-
solute differences. We report W as the smaller of
the rank sums for positive and negative differences,
and n as the number of nonzero paired differences.

We applied Holm’s step-down Bonferroni cor-
rection across all 12 signed-rank tests (six method
pairs for each of the two metrics) to control the
family-wise error rate at 0.05 (Holm, 1979). Statis-
tical significance was determined using the Holm-
adjusted p-values, not the bootstrap intervals. The

bootstrap intervals are unadjusted and should be
interpreted individually, not as providing simulta-
neous 95% coverage across all comparisons.

The signed-rank test assumes independent user
differences that are symmetric about zero under the
null hypothesis. It is not specifically a test of the
mean difference.

Table 4 reports the paired mean differences, con-
fidence intervals, comparison results, and per-user
improvement counts. 11 of the 12 signed-rank
comparisons were significant after Holm correc-
tion. The unadjusted bootstrap intervals showed a
consistent pattern: they excluded zero for the 11
statistically significant comparisons and included
zero for the remaining non-significant comparison.

All three adaptation conditions had lower mean
perplexity and higher mean keystroke savings
than Base. One-time LoRA + progressive LoRA
achieved the lowest mean perplexity and highest
mean keystroke savings among the four conditions.
Relative to one-time LoRA, it reduced mean per-
plexity by 0.00772 and increased mean keystroke
savings by 0.103%, improving perplexity for 34
users and keystroke savings for 36. Both compar-
isons were statistically significant, but the addi-
tional typing-effort benefit was small.

Progressive LoRA (base-initialized) also im-
proved over Base without seed-set adaptation.
Among the 12 comparisons at the 512-character
context setting, the only nonsignificant result was
its perplexity difference from one-time LoRA (ex-
act conditional two-sided Wilcoxon signed-rank
test: W = 349, n = 44, Holm-adjusted p =
0.0896). Its mean keystroke savings was 0.067%
lower than one-time LoRA (W = 285, n = 43,
Holm-adjusted p = 0.0450). All ten other com-
parisons had Holm-adjusted p < 0.001. Overall,
the paired analysis supports small additional bene-
fits from parameter adaptation beyond recent user-
specific context, rather than large improvements in
typing effort. All statistics were computed from
unrounded per-user scores.

5 Discussion

Our results separate the benefit of using a stronger
language model from the additional benefit of per-
user adaptation. The mixture of an n-gram model
with adaptive PPM improved both perplexity and
keystroke savings relative to the static 12-gram
model. This shows that a lightweight count-based
model can benefit from adapting to a user’s text.
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Metric Method A Method B Mean ∆ 95% CI Result Users: A vs. B

(Holm) Better Worse Tied

PPL↓ LoRA Base −0.016 [−0.020,−0.012] A better 41 3 0
PPL↓ Progressive Base −0.024 [−0.028,−0.021] A better 44 0 0
PPL↓ Progressive (base) Base −0.015 [−0.018,−0.012] A better 43 1 0
PPL↓ Progressive LoRA −0.008 [−0.012,−0.004] A better 34 10 0
PPL↓ Progressive (base) LoRA +0.002 [−0.003,+0.005] Not sig. 19 25 0
PPL↓ Progressive Progressive (base) −0.009 [−0.012,−0.007] A better 41 3 0

KS↑ LoRA Base +0.313 [+0.269,+0.357] A better 43 1 0
KS↑ Progressive Base +0.416 [+0.363,+0.468] A better 42 1 1
KS↑ Progressive (base) Base +0.246 [+0.197,+0.297] A better 42 1 1
KS↑ Progressive LoRA +0.103 [+0.072,+0.135] A better 36 8 0
KS↑ Progressive (base) LoRA −0.067 [−0.115,−0.021] B better 18 25 1
KS↑ Progressive Progressive (base) +0.170 [+0.134,+0.209] A better 42 0 2

Table 4: Paired comparisons of per-character perplexity (PPL) and keystroke savings (KS) over TEST users with a
512-character left-context. LoRA denotes one-time adaptation; Progressive and Progressive (base) denote seed-
and base-initialized progressive LoRA. Differences are A minus B: negative PPL and positive KS differences
favor A. KS differences are percentage points. CIs are unadjusted 95% paired-bootstrap intervals. The result
identifies the method with the better observed mean for significant comparisons (two-sided Wilcoxon signed-rank
test, Holm-adjusted p < 0.05 across 12 tests). “Not sig.” denotes a nonsignificant comparison.

However, the adaptive mixture was still substan-
tially worse than the non-personalized OPT-13B
baseline. Thus, in our setting, a pretrained LLM us-
ing long recent context provided a larger improve-
ment than adapting the statistical language model.
Since OPT-13B also used a much longer left con-
text than the 12-gram model, this comparison re-
flects both the stronger pretrained model and its
ability to condition on more of a user’s recent text.

The context-length comparison in Figure 1
shows how left context and model parameter adap-
tation interact. Perplexity decreased as the left-
context limit increased for the baseline model,
the LoRA-adapted model, and the progressively
adapted LoRA model. The progressive LoRA
method had the lowest mean perplexity at 128, 256,
512, and 1024 characters of left context, but the gap
between the Base model and both adapted models
narrowed as more context became available. The
advantage of the progressive LoRA method over
one-time LoRA adaptation also became smaller at
the longer context limits, with the additional per-
plexity reduction halving between 512 and 1024
characters. This suggests that left context and
parameter adaptation provide partly overlapping
user-specific information. Adaptation was more
useful when less recent text was available to the
model, whereas long left context allowed the non-
personalized model to recover more of this infor-
mation without changing its parameters.

LoRA achieved predictive performance compa-
rable to full-parameter fine-tuning while requir-
ing less fine-tuning time. The progressive LoRA
method, which updated the adapter every 128
phrases, further reduced mean perplexity and im-
proved all 44 TEST users. However, the additional
improvement in mean keystroke savings over one-
time LoRA adaptation was small. Perplexity mea-
sures the probability assigned across all characters,
whereas keystroke savings depend on whether the
desired word appears in one of the available pre-
diction slots. Small changes in the character proba-
bility distribution may therefore reduce perplexity
without changing the word completions offered.

The base-initialized progressive model also im-
proved over the non-personalized OPT-13B base-
line and reduced perplexity for 43 of 44 users, de-
spite receiving no adaptation on the seed set. This
shows that chronological updates can provide use-
ful personalization when earlier user data are not
available. In contrast, cumulative progressive per-
sonalization did not improve over the simpler pro-
gressive procedure. Reinitializing the adapter and
relearning it from all evaluation text observed thus
far provided no additional benefit. Although the
mean differences among the personalized OPT-13B
models were small, seed-initialized progressive
LoRA reduced perplexity for 34 of the 44 users
compared with one-time LoRA. Compared with
Base, it reduced perplexity for all 44 users.
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6 Conclusion

We evaluated non-personalized, one-time person-
alized, and progressively personalized language
models for predictive typing under a chronological
predict-then-update protocol. A non-personalized
OPT-13B model using long left context already out-
performed both the static 12-gram model and the
adaptive 12-gram + PPM mixture. Parameter adap-
tation provided smaller additional gains: LoRA
closely matched full-parameter fine-tuning, while
progressive LoRA obtained the lowest mean per-
plexity and the most consistent per-user improve-
ments. Its relative advantage was larger when the
available left context was shorter.

We also found that periodically updating the
pretrained model using a user’s new messages im-
proved predictions, even without first fine-tuning
it on a collection of that user’s earlier messages.
The limited change in keystroke savings among
the adapted OPT-13B models showed that lower
perplexity does not necessarily produce a compa-
rable reduction in simulated typing effort. This is
likely because small changes in a model’s predic-
tive ability (as measured by perplexity), may not
materially impact a keyboard’s top word predic-
tions. Taken together, these results identify long
recent user-specific context as the primary source
of improvement, with efficient progressive adapta-
tion providing a smaller, complementary benefit.

Limitations

Our work has a number of limitations. We used
one global set of hyperparameters selected on de-
velopment users and applied it to all TEST users,
even though users had very different amounts of
available text. Users with short, medium, and long
histories may benefit from different fine-tuning hy-
perparameters, such as learning rate, number of
epochs, and dropout.

We evaluated on a dataset containing sent emails
of Enron employees. This data is now quite dated
and may not reflect modern language usage. The
genre of business email may also not be representa-
tive of other predictive typing settings such as infor-
mal person-to-person conversations that might oc-
cur on mobile devices, social media, or be needed
in the everyday lives of AAC users. However, to
our knowledge, there are no similar datasets con-
taining the communications of a large number of
people over a long period of time.

Our progressive adaptation method used an up-

date frequency of 128 phrases based on experi-
ments we conducted on development data. But
we did not study the trade-off between update fre-
quency and computational cost in a deployed sys-
tem. It is possible a different chunk size might offer
a more acceptable end-user experience.

The LLM we tested had 13 B parameters and
required a powerful GPU for adaptation and in-
ference. The strong ability of left context to pro-
vide user personalization likely benefited from the
“emergent” in-context learning abilities of the large
model we used. Deploying such a large model on
a user’s device, as might be necessitated to main-
tain user privacy, may require advances in mobile
device hardware (e.g. GPU resources) and the soft-
ware infrastructure to efficiently deploy powerful
models on edge devices (e.g. model quantization).
Alternatively, it would be interesting to investigate
combining a large cloud-based model with an on-
device personalized model.

We used an OPT LLM released in 2022. While
past work showed the OPT family performed well
compared to a variety of other model families
(Gaines and Vertanen, 2025), there may be more
recent LLMs that perform even better. While OPT
performed well in English for our experiments, it
may not be the best choice for users who need to
write in other languages.

Our findings were based on simulating the
keystroke savings of a hypothetical perfect user.
This user made no typing mistakes and made opti-
mal use of offered word predictions. Actual real-
world user performance may differ and needs val-
idation by observing users writing a substantial
amount of text over a long period of time.

We did not systematically repeat the fine-tuning
experiments with different random seeds. Our
paired-bootstrap confidence intervals reflect uncer-
tainty from sampling users, not variability across
training runs. Repeating fine-tuning with different
seeds would help assess the stability of the adapta-
tion gains we saw in our experiments.
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A Enron dataset processing

We started with the version of the original En-
ron Personalization Validation Set provided by
Adhikary and Vertanen (2023). For each Enron
employee, the dataset has a time-ordered list of
phrases from the employee’s sent emails. We kept
only phrases that contained no digits. Each re-
tained phrase was then converted to lowercase and
filtered so that only letters, spaces, and apostrophes
remained. Table 5 summarizes the total amount
of data in the full DEV and TEST splits after our
preprocessing. As shown in Table 5, the amount
of text ranged widely between users. We split each
user’s chronological stream in half, using the first
half as seed data and the second half for evaluation.

Figure 3 shows the number of phrases remain-
ing after preprocessing for each user in the full
development and test partitions. To reduce the
time needed for hyperparameter search, we selected
DEV users from our full development set: dev03,
dev06, dev09, dev14, dev21, dev24, dev27, dev34,
dev36, and dev37. We used this subset for model
selection and hyperparameter tuning. Our TEST set
included all 44 users in the test partition.
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Partition Total Per-user words

Users Phrases Words Median Min. Max.

Development 45 109,696 1,069,532 13,585 2,581 177,216
Test 44 92,784 968,531 11,651 2,196 107,709

Table 5: Dataset statistics after preprocessing.
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Figure 3: Number of phrases available after preprocessing for each user in the full development partition (left) and
the TEST set (right). Users are ordered from most to fewest phrases. Asterisks and darker labels in the left panel
mark the 10 users selected for the DEV set used for model selection and hyperparameter tuning.
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B Per-user keystroke savings

Figure 4 shows per-user keystroke savings for the
non-personalized OPT-13B baseline and the three
seed-adapted conditions. Keystroke savings var-
ied substantially across users, whereas differences
among the methods for a given user were generally
small.
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Figure 4: Per-user keystroke savings on TEST for the Base, full-parameter fine-tuning, LoRA fine-tuning, and
progressive LoRA (Progressive). Higher values indicate a greater percentage reduction in keystrokes relative to
letter-by-letter typing. Users are shown in test-user ID order.

C Hyperparameter tuning

We tuned hyperparameters for full fine-tuning, one-
time LoRA, and seed-initialized progressive LoRA.
For each method, we selected the settings that gave
the lowest mean per-character perplexity across
our DEV set, drawn from the full partition of 45
development users. Each tuning trial ran on four
NVIDIA A100 GPUs with 40 GB of memory each.
We used DeepSpeed ZeRO stage 3 (Rajbhandari
et al., 2020) to reduce memory requirements on
each GPU. All trials used OPT-13B with up to 512
characters of left context. Hyperparameter tuning
used approximately two GPU-days per method. We
measured LLM inference latency using FP16 on a
single NVIDIA A100 GPU per evaluation process.

We varied the dropout rate, learning rate, weight
decay, and the number of training epochs. We
selected the learning rate from the candidate set [5e-
6, 7e-6, 8e-6, 1e-5, 1.3e-5, 1e-4, 3e-4, 3e-3]. The
learning-rate schedule had two additional tunable
parameters: the number of warmup steps, selected
from 0 to 10, and the stable fraction, selected from
0.00 to 0.80. The stable fraction controlled the
fraction of training steps for which the learning
rate was held fixed before decay.

The progressive LoRA method had a parameter
chunk size controlling how often we re-fine-tuned
the adapter. We started each of DEV users with a

model fine-tuned on their seed set using the best hy-
perparameters found for the non-progressive LoRA
method. We then selected the chunk size from the
candidate set [64, 128, 256, 512, and 1024]. Table 6
shows the values of our tuned hyperparameters for
each of our methods.
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Adaptation
Chunk

size
LoRA
rank

LoRA
α Dropout

LR
schedule

Warmup
steps

Stable
fraction

Learning
rate

Weight
decay Epochs

Full fine-tuning – – – 0.20 WSD 2 0.15 1× 10−5 0.05 2
One-time LoRA – 8 16 0.10 WSD 2 0.15 3× 10−4 0.00 2
Progressive LoRA
(seed-initialized) 128 8 16 0.10 WSD 2 0.15 3× 10−4 0.00 1
Progressive LoRA
(base-initialized) 128 8 16 0.10/0.05a Linear 2 – 3× 10−4 0.00 1
Cumulative
progressive LoRA 128 8 16 0.10 Linear 2 – 3× 10−4 0.00 1
aAdapter dropout was 0.10 for the first update and 0.05 for subsequent updates.

Table 6: Hyperparameters used for the five OPT-13B personalization methods. Chunk size is measured in phrases.
For progressive methods, entries describe evaluation-stage updates and epochs are per update. LR denotes learning
rate; WSD denotes warmup–stable–decay, and Linear denotes linear decay after warmup. Dropout applies to the
model for full fine-tuning and to the adapter otherwise. Dashes indicate inapplicable settings.

120



Proceedings of the 10th Widening NLP Workshop, pages 121–127
October 28, 2026 ©2026 Association for Computational Linguistics

Do Multilingual Encoders Produce Language-Consistent Semantic IDs?

Abhinav Bohra*

Amazon
bohraabhinav8@gmail.com

Anuj Bohra*

Rutgers University
anujbohra232003@gmail.com

Abstract

Semantic IDs (SIDs) compress item embed-
dings into discrete code sequences used in
generative retrieval. We ask whether a mul-
tilingual encoder is sufficient for different-
language renderings of the same product to
receive language-consistent SIDs. Using Ama-
zon ESCI listings rendered in English, Spanish,
and Japanese, we test whether translations re-
main close to their English source, whether
residual quantization is unusually sensitive to
translation-induced movement, and whether
multilingual or language-balanced quantizer fit-
ting improves SID agreement. Multilingual
E5 places translations measurably apart: un-
der an English-heavy fit, a Japanese transla-
tion preserves the first SID code of its En-
glish counterpart in only 7.7% of cases, com-
pared with 89.0% for an English rewording.
Distance-matched product-directed controls
produce nearly the same full-SID mismatch
as translation, providing no evidence that the
quantizer selectively amplifies language direc-
tions. Balancing the fitting mixture makes code-
book use more uniform but further reduces
cross-lingual prefix agreement: Spanish first-
code consistency falls from 28.3% to 6.6%,
while an English-only fit preserves it for 67.6%
of Spanish translations. These results show that
multilingual exposure and balanced codebook
use alone do not guarantee language-consistent
SIDs.

1 Introduction

Multilingual item catalogs are not naturally aligned
parallel datasets. The same product may be
represented differently across languages because
descriptions are written, translated, or localized
through independent processes. A Semantic ID
(SID) computed from listing text is therefore an
identifier for a particular textual representation, not
automatically for the underlying product. This

*Equal contribution.

distinction matters for multilingual retrieval and
recommendation systems, where equivalent items
must remain reachable across languages (Bonab
et al., 2021).

SIDs are often treated as language agnostic when
they come from a shared multilingual encoder. This
assumption depends on two conditions: transla-
tions of the same product must remain close in
encoder space, and whatever displacement remains
must not push the product into a different discrete
code prefix. The distinction matters because simi-
larity in a continuous embedding space decreases
gradually, whereas exact SID lookup does not:
one changed code can send the item to a differ-
ent branch of the tree.

We test three questions: whether translations
remain close to the English source relative to same-
language rewordings, whether the quantizer is un-
usually sensitive to translation-induced movement,
and whether multilingual or balanced quantizer fit-
ting improves cross-lingual SID agreement. We
use product listings from the Amazon Shopping
Queries Dataset (ESCI) (Reddy et al., 2022). Each
listing is translated into Spanish and Japanese with
NLLB (NLLB Team et al., 2022), while English
paraphrases provide a same-language reference.
We compare translation-induced displacement with
distance-matched isotropic and product-directed
controls, and repeat the English–Spanish analysis
with Qwen2.5-3B-Instruct to reduce dependence
on a single translation model.

Multilingual E5 already separates equivalent
products by language. Residual quantization (Lee
et al., 2022; Rajput et al., 2023; Vats et al., 2025a,b)
turns this displacement into SID-prefix changes,
but the product-directed control provides no evi-
dence that the quantizer is especially sensitive to
language directions. Under an English-heavy fit,
E5 also assigns substantially less first-level capac-
ity to Spanish and Japanese. A balanced mixture
reduces this capacity gap but produces even lower
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prefix agreement across translations. LaBSE does
not show the same capacity imbalance, indicating
that this effect depends on the encoder–quantizer
combination.

Together, these results show that encoder dis-
placement, quantizer behavior, and balanced code-
book use are distinct issues. Making codebook use
more uniform across languages does not guarantee
consistent SID prefixes, and multilingual exposure
alone is insufficient for cross-lingual SID align-
ment.

2 Related Work

Residual quantization maps a continuous represen-
tation to a sequence of discrete codebook entries
(Lee et al., 2022). In recommendation, TIGER
(Rajput et al., 2023) used this idea to create seman-
tic IDs for items and trained a sequence model to
generate the ID of the next item.

Several recent papers approach multilingual
alignment by changing how the identifier is built.
MGR-CSC (Huang et al., 2025), for example, repre-
sents documents with multilingual keyword atoms
and allows equivalent keywords to share atoms
across languages. Parallel tokenizers (Al Kautsar
and Koto, 2025) work at the subword level instead,
aligning independently trained vocabularies so that
translated words can receive the same token indices.
Both approaches build alignment into the identifier
itself. We study the unmodified pipeline, where
the SID is whatever the quantizer produces from a
multilingual embedding, because that is the config-
uration practitioners deploy when they assume the
encoder handles languages for free.

The closest work on quantizer stability is DRQ
(Wang et al., 2026), which studies how semantic
IDs change when item embeddings are moved and
uses code overlap and codebook capacity to eval-
uate the quantizer. We follow a similar idea, but
we find that the direction of the movement matters.
A random change can move an embedding by the
same distance as a translation while still taking it
through a region that is not typical of real product
embeddings. We therefore add a product-directed
control, where the movement follows a direction
defined by another observed product embedding.
This is useful because language representations are
often concentrated in a narrow part of the embed-
ding space (Ethayarajh, 2019; Gao et al., 2019). We
also compare multilingual E5 with LaBSE (Feng
et al., 2022), which is trained to place translations

close together in a shared embedding space.

3 Experimental Design

3.1 Dataset

We use ESCI because it provides a large real-world
product-search catalog and includes US, Spanish,
and Japanese locales, which motivate our three-
language setting. However, ESCI does not provide
a parallel catalog with a reliable cross-locale map-
ping for the same product. Comparing native locale
listings would mix language with product identity,
catalog composition, writing style, and field com-
pleteness. We therefore sample English listings and
generate parallel Spanish and Japanese versions of
the same product text.

We filter the US catalog by removing exact nor-
malized title duplicates and obtain about 1M candi-
dates. From these, we sample 20K products using
seed 42. Each input contains the title, brand, color,
and the first 120 words of the bullet points. The
mean input length is 607 characters.

3.2 Translations and paraphrases

The main multilingual dataset uses NLLB-200-
distilled-1.3B with greedy decoding for EN→ES
and EN→JA. NLLB was run with a 128-token
source and output cap. To measure the effect of
source truncation, we reconstruct the exact trun-
cated English input seen by NLLB and embed it
as EN-TRUNC. To reduce dependence on a single
translation model, we also translate the full 20K
corpus with Qwen2.5-3B-Instruct; this replication
focuses on English–Spanish.

English paraphrases provide a same-language
reference. The light paraphrase applies sentence
reordering and a small set of synonym substitutions.
Another structural transformation was also tested
but produces a smaller embedding displacement
and is included only in the appendix. These rule-
based paraphrases are controls, not substitutes for
naturally written paraphrases.

3.3 Distance-matched controls

We use distance-matched controls to test whether
translation-induced movement is unusually disrup-
tive to SID assignment. If translation is uniquely
amplified by the quantizer, it should produce more
SID changes than equally distant realistic perturba-
tions.

All source embeddings are L2-normalized. For
source x and target cosine distance d, let θ =
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arccos(1 − d). The isotropic control samples a
unit vector u orthogonal to x:

xiso = cos θ x+ sin θ u.

This control matches the translation distance but
moves in an arbitrary direction in the embedding
space.

For the product-directed control, we sample an-
other product embedding z and project its direction
onto the tangent space at x:

v =
z− (x⊤z)x
∥z− (x⊤z)x∥2

, xprod = cos θ x+sin θ v.

This construction does not guarantee that every
intermediate point lies on the true data manifold,
but its direction is defined by an observed product
embedding and is therefore more realistic than an
arbitrary isotropic direction.

3.4 Encoders and quantizer
The main encoder is multilingual-E5-large (Wang
et al., 2024), a multilingual retrieval encoder,
run in fp16 with 1024-dimensional outputs and
the required passage: prefix. We use LaBSE
(Feng et al., 2022), which is explicitly trained for
cross-lingual alignment, as an independent encoder
check. Embeddings are L2-normalized. The two
embedding spaces differ sharply: E5 has a shared-
offset proxy ∥x̄∥22 of 75.4% and an average random-
pair cosine similarity of 0.754± 0.022, compared
with 32.6% and 0.321 for LaBSE.

The RQ-VAE uses three levels with 256 codes
per level and a 256-dimensional latent space, Eu-
clidean codebook assignment, and a cosine recon-
struction loss. Inputs are centered before quanti-
zation and renormalized. Without centering and
frequent dead-code recycling, the first level col-
lapses to a single code (Appendix A). Remaining
architecture and optimization settings are given in
Appendix E.

3.5 Fitting mixtures
We use three fitting mixtures to test whether mul-
tilingual exposure and language balance improve
SID consistency. Each quantizer is fitted on 16K
products and evaluated on a 4K-product held-out
set. Condition A is an English-only baseline. Con-
dition B uses 80% English, 10% Spanish, and 10%
Japanese, representing an English-heavy multilin-
gual fit. Condition C uses equal proportions of all
three languages to test whether balancing the fitting
data improves cross-lingual agreement.

Product identities and counts remain fixed; only
the rendering assigned during fitting changes. We
train three seeds, 42, 123, and 789. The Qwen
robustness arm uses separate English–Spanish mix-
tures of 100/0, 90/10, and 50/50; these are kept
separate because they are not numerically identical
to the three-language NLLB conditions.

3.6 Evaluation Metrics

We report paired cosine distance, five-fold cross-
validated language-probe accuracy, Jaccard@10,
full SID mismatch, and effective capacity:

Keff(L) = 2HL ,

HL = −
∑

c

pL(c) log2 pL(c).

where pL(c) is the fraction of items assigned to
code c at level L. Prefix consistency at depth d is
the fraction of alternate renderings whose first d
codes match those assigned to the corresponding
English listing. This metric measures reachability
under exact SID-prefix lookup; it is not an end-to-
end generative-retrieval score.

4 Results

4.1 Encoder separation by language

E5-large LaBSE

Shared-offset proxy 75.4% 32.6%
Random-pair cosine 0.754± 0.022 0.321

d(EN, ES) 0.081 0.145
d(EN, JA) 0.113 0.165
ES / paraphrase 7.4× 13.7×
JA / paraphrase 10.3× 15.6×
Language probe 99.9± 0.1% 84.6%
Jaccard@10 (EN, ES) 0.41± 0.21 0.43± 0.21
Jaccard@10 (EN, JA) 0.33± 0.17 0.39± 0.19

Table 1: Encoder diagnostics on 20,000 parallel prod-
ucts. The table uses the original full-English source for
comparability across encoders. Probe chance is 33.3%.

For E5, the Spanish and Japanese translations are
0.081 and 0.113 cosine distance from the English
source, compared with 0.011 for the light English
paraphrase. A linear classifier trained on the frozen
embeddings reaches 99.9 ± 0.1% accuracy when
predicting the language. The nearest-neighbor sets
also change: Jaccard@10 is 0.41 for Spanish and
0.33 for Japanese. The translations therefore do
not remain in the same local neighborhood as the
English listing.
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Language classification accuracy is lower for
LaBSE, at 84.6%, but its translated pairs are not
closer in cosine distance. The two measures cap-
ture different properties. Classification accuracy
indicates whether language can be recovered from
the embedding population, whereas paired distance
measures whether two translations of the same
product remain close.

4.2 Encoder displacement as prefix failure

Mix Query translation d=1 d=2 d=3

A EN rewording .901 .619 .396
A ES .676 .239 .081
A JA .643 .171 .037

B EN rewording .890 .605 .379
B ES .283 .055 .016
B JA .077 .002 .000

C ES .066 .017 .003
C JA .048 .009 .001

Table 2: E5 SID-prefix consistency on 4k held-out prod-
ucts, averaged over three seeds. A query succeeds at
depth d when its first d codes match the SID assigned
to the English listing.

Table 2 measures whether translations preserve
the SID prefix assigned to the corresponding En-
glish listing. Under the 80/10/10 mixture, first code
consistency is 89.0% for an English rewording,
28.3% for Spanish, and 7.7% for Japanese. Full
SID agreement for Japanese is effectively zero.

This is where the continuous encoder shift be-
comes a discrete prefix failure. A translated embed-
ding may remain close to the English embedding in
cosine distance while crossing the boundary of the
first code. An exact prefix lookup then follows a
different branch, and the English-indexed product
is no longer contained in that subtree.

4.3 Product-directed control

The isotropic control suggests stronger disruption
from translation: full-SID mismatch is 0.981 ver-
sus 0.756 for Spanish and 0.995 versus 0.887 for
Japanese. The product-directed control removes
this gap, with 0.981 versus 0.976 for Spanish and
0.995 versus 0.998 for Japanese. We therefore find
no evidence that the quantizer selectively amplifies
language directions. Instead, product-supported
movements cross code boundaries more often than
isotropic ones. Because mismatch is already near
saturation, small residual differences may remain
hidden, but the stronger control does not support

Target
distance Translation Isotropic

Product-
directed

Spanish .981 .756 .976
Japanese .995 .887 .998

Table 3: Full SID mismatch under the E5 80/10/10 quan-
tizer, using EN-TRUNC as the source. Both controls
match each translation’s cosine distance. The product-
directed control uses a direction defined by another ob-
served product embedding.

the large effect suggested by the isotropic compari-
son.

4.4 Balanced fitting hurts prefix agreement

Encoder Mix Keff (L1) Prefix@1

EN ES JA ES JA

E5 B 76 30 16 .283 .077
E5 C 49 42 42 .066 .048
LaBSE B 101 91 90 – –

Table 4: Effective first-level capacity on equal-size
language pools and E5 first-code consistency with the
English-indexed SID. Mixture B is 80/10/10; mixture C
uses equal thirds.

Under the E5 80/10/10 mixture, effective first-
level capacity is 76/30/16 for English, Spanish,
and Japanese; equal-thirds fitting narrows this to
49/42/42. Prefix agreement, however, falls from
28.3% to 6.6% for Spanish and from 7.7% to 4.8%
for Japanese. The English-only quantizer preserves
the first code for 67.6% of Spanish and 64.3%
of Japanese translations. Thus, balanced code
use does not imply cross-lingual code agreement.
Qwen shows the same trade-off: English–Spanish
first-code agreement drops from 0.39 to 0.24 to
0.04 as the Spanish share of the fitting set increases
(Appendix C).

5 Conclusion

Cross-lingual SID inconsistency begins in the en-
coder space, but exact-prefix lookup makes the
effect much more severe. A modest change in co-
sine distance can alter the first code, after which the
indexed product is no longer reachable through the
same subtree. The product-directed control gives
no evidence that the quantizer is unusually sensi-
tive to language directions. However, the quantizer
still reflects the geometry of its inputs. Under an
English-heavy fitting mixture, E5 assigns substan-
tially less effective first-level capacity to Spanish
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and Japanese. Balancing the fitting mixture reduces
this capacity gap, but it also lowers cross-lingual
prefix agreement. By contrast, the English-only
quantizer, despite seeing no non-English examples
during fitting, preserves the first code for roughly
two-thirds of the translations. These results suggest
that multilingual exposure and balanced codebook
use are not sufficient for SID alignment. Multilin-
gual SID systems will likely need an objective that
directly encourages parallel renderings to share as-
signments, rather than relying on a multilingual
encoder or a balanced fitting corpus to produce that
agreement indirectly.

Limitations

The Spanish and Japanese texts are machine trans-
lations rather than naturally written listings be-
cause ESCI does not provide reliable cross-locale
matches for the same products. Consequently, the
measured displacement may reflect both language
differences and artifacts introduced by machine
translation. Replication with Qwen reduces de-
pendence on a single translation model but does
not eliminate this confound. The study also cov-
ers only Spanish and Japanese as non-English lan-
guages, limiting broader generalization. Finally,
prefix consistency measures exact SID reachability,
not end-to-end retrieval quality; the detailed Qwen
analysis is limited to English–Spanish.

Ethics Statement

The experiments use a public product-search
dataset and contain no personal information. We
measure differences between textual translations,
not attributes of people. A failure to retrieve
non-English listings could affect users in those lo-
cales, but this paper does not measure individual or
population-level harm.
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A Level-1 Collapse and Mitigation

Our initial RQ-VAE runs assigned every item to a
single first-level code. Later levels used roughly 45
codes each, reducing the observed ID space from
2563 to approximately 452 ≈ 2,000 tuples. The
training loss did not clearly reveal this failure, but
the resulting first-level drift and utilization mea-
surements were not meaningful.

Variant Change L1 alive Keff Collision

V0 baseline 1 1 21%
V1 add centering 22 20 1.9%
V2 RVQ library, cosine 256 217 50%
V5 final configuration 256 102 4.3%
V7 reset every 2 epochs 8 6 99%

Table 5: Representative collapse ablations on 20,000
items. V5 is used in the main experiments.

The dominant shared direction in the E5 em-
beddings places the raw vectors in a narrow cone.
Centering spreads the inputs presented to the quan-
tizer, while per-step dead-code recycling prevents
one early code from dominating the first level. Us-
ing cosine distance for codebook assignment kept
more codes active, but it also produced highly cor-
related levels and a large full SID collision rate at
this scale. The final configuration therefore uses
Euclidean assignment with a cosine reconstruction
loss. These choices address collapse in the present
setting; they are not intended as evidence that the
same configuration is optimal for larger catalogs.

B Low Displacement Surface
Perturbations

The rule based Spanish and Japanese perturbations
move the E5 embeddings by 0.0064 and 0.0239,
compared with 0.081 and 0.113 for the NLLB trans-
lations. They produce little or no capacity asymme-
try and substantially understate the cross-lingual
separation observed with NLLB. Their full SID
mismatch remains higher than that of the isotropic
control, although neither condition is close to satu-
ration.

Spanish Japanese

Mix Rendering Trans. Iso. ∆ Trans. Iso. ∆

B surface 42.8 24.7 +18.1 77.7 47.2 +30.5
C surface 46.9 24.7 +22.2 78.6 47.6 +31.0
B NLLB 99.0 82.0 +17.0 99.8 91.4 +8.4
C NLLB 99.5 86.1 +13.4 99.9 94.0 +5.9

Table 6: full SID mismatch against the original isotropic
control. These numbers are retained as measurements,
not as evidence of language-selective quantizer amplifi-
cation.

These results show why the realism of a displace-
ment control must be considered before interpret-
ing its margin. The isotropic comparison alone
cannot support a language specific causal claim,
because the product-directed control in Table 3 re-
moves nearly all of the observed difference.

C Qwen Full-Corpus Replication

Qwen2.5-3B-Instruct translated the same 20,000-
product corpus used in the main study. The re-
ported downstream comparison uses English and
Spanish with separate two-language mixtures: AQ

is 100/0, BQ is 90/10, and CQ is 50/50. The NLLB
values in Table 7 are recomputed under the same
binary mixtures and should not be compared di-
rectly with the three-language NLLB conditions in
Table 2.

Metric Qwen NLLB

EN–ES distance .0807 .0760
Distance / paraphrase 9.9× 9.3×
Jaccard@10 .453 .487
Keff (L1), BQ: EN/ES 50/11 49/17
Prefix@1 ES, AQ/BQ/CQ .39/.24/.04 .34/.13/.003
Prefix@1 EN rewording .78–.83 .76–.83

Table 7: Full-corpus English–Spanish translator replica-
tion. The two-language mixtures are defined above and
are separate from the main NLLB experiment.

Both translators exceed their isotropic control.
Against the product-directed control, the remaining
margins are only 0.001–0.006 at a mismatch rate
near 0.99. We do not treat those differences as
evidence of selective amplification.

D Direction and Category Checks

Back-translation produces high mismatch in both
directions. In the reverse setting, however, the
Spanish and Japanese source texts are themselves
machine translations, and the audit uses only the
isotropic control. We therefore use this experiment
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only to rule out a simple one-way penalty against
non-English inputs.

Direction Translation Isotropic Margin

EN→ES .994 .794 +.200
ES→EN .989 .717 +.272
EN→JA .996 .895 +.100
JA→EN .993 .902 +.090

Table 8: Direction reversal under the E5 80/10/10 quan-
tizer. The product-directed interpretation from the main
paper also applies here.

We also divide the held-out English embeddings
into 20 k-means clusters. Under mixture B, Span-
ish full SID mismatch ranges from 0.968 to 0.997
across clusters, with a standard deviation of 0.008.
Japanese mismatch ranges from 0.998 to 1.000.
The effect is therefore not limited to a single coarse
product group in the embedding space.

E Compute and Reproducibility

The RQ-VAE encoder is Linear(1024, 1024),
GELU, LayerNorm, Linear(1024, 256), and the
decoder mirrors it. The objective adds a commit-
ment term weighted by β = 0.25 to the cosine re-
construction loss. Each model trains for 20 epochs
with batch size 1024 using Adam at a learning rate
of 10−3.

All experiments ran on a single NVIDIA L4
GPU with 24 GB of memory. NLLB transla-
tion of 20,000 products into Spanish and Japanese
took approximately 20 minutes and was cached.
With translations and embeddings cached, the main
quantizer-training and analysis suite completed
in approximately 3.3 minutes. The implementa-
tion uses PyTorch, NumPy, sentence-transformers,
vector-quantize-pytorch, CTranslate2, Transform-
ers, scikit-learn, and pandas.
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Abstract

Many Bangla words are at once personal
names and culturally loaded common nouns:
মায়া (Maya) is both a girl’s name and a word for
affectionate compassion. Choosing the right
reading demands cultural knowledge that is
scarce in the pretraining data of modern lan-
guage models. We introduce Bangla Cultur-
ally Entangled Homograph (BanglaCEH)
disambiguation and build a Bangla benchmark
of 1,516 expert-verified sentences and 3,032 la-
belled occurrences in which one word appears
twice with two distinct readings, each labelled
with a culturally grounded category and an ex-
planation of the reasoning behind it. Across
open- and closed-source models, we find a
systematic dominant-meaning bias, models de-
fault to the common-noun sense and overlook
the name. A Bangla-specific model fails un-
der every prompting regime we test, showing
that language-specific pretraining alone does
not confer cultural grounding. We further
show that contrastive chain-of-thought prompt-
ing can sharply reduce this bias without train-
ing, and that distilling cultural explanations
teaches small (1–3B) models to reason toward
the correct reading rather thanmemorise labels,
cutting dominant-meaning bias from as high
as 100% to under 5% and turning the failed
Bangla-specific model into our strongest sys-
tem.

1 Introduction

Word-sense ambiguity is a long-standing challenge
in NLP, but a particularly difficult and understud-
ied variant arises when a single word functions
simultaneously as a personal name and as a cul-
turally loaded common noun. In Bangla this is
pervasive: parents routinely name children after
words denoting prized emotions, virtues, or spiri-
tual states, so one surface form carries both an in-
dividuating (name) reading and an abstract (con-
cept) reading. The word মায়া (Maya) is at once

Figure 1: The Bangla Culturally Entangled Homograph
(BanglaCEH) task. মায়া (Maya) appears twice in one
Bangla sentence first as a name, then as the emotion
it is named after and the model must disambiguate the
two using cultural knowledge alone.

a common girl’s name and a word for deep affec-
tionate compassion; আিরফ (Arif ) is both a boy’s
name and, in Sufi theology, one who possesses
intuitive knowledge of the divine. Resolving the
intended reading demands cultural and pragmatic
knowledge beyond surface lexical statistics.
We term this phenomenon the Bangla Culturally

Entangled Homograph (BanglaCEH) and argue it
is a sharp diagnostic of genuine cultural ground-
ing. Unlike conventional word-sense disambigua-
tion, a BanglaCEH cannot be resolved by fre-
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quency or distributional cues: both readings coex-
ist in the same cultural space, and disambiguation
hinges on recognising when a form names a per-
son versus invokes the concept it drawn from mak-
ing BanglaCEH especially demanding for models
trained on high-resource, Western-centric corpora.
LLMs are known to encode a Western-

dominance bias and to struggle with low-resource
cultures (Belay et al., 2025; Yu et al., 2025);
language-specific competence does not entail
cultural competence, and in-language prompting
alone does not supply cultural context (Belay
et al., 2025). For Bangla, recent work has pro-
duced capable models and benchmarks (Nahin
et al., 2025; Raihan and Zampieri, 2025; Joy
and Shatabda, 2026), but evaluation has centred
on knowledge, reasoning, and classification,
leaving cultural grounding in everyday lexical
usage largely unexamined. Related studies show
that fluent Bangla output can mask systematic
register failures (Shuvo et al., 2026) and persistent
hallucination (Adib et al., 2026) symptoms of
shallow rather than grounded understanding.
We introduce the BanglaCEH task and build

a benchmark of Bangla sentences in which one
word appears twice with two distinct readings,
each annotated with one of six culturally grounded
categories and an explanation of the underlying
cultural reasoning. Evaluating open and closed-
source models, we uncover a systematic dominant-
meaning bias: models default to the common-noun
reading and overlook the personal-name reading
(Figure 1). A Bangla-specific model fails under
every regime we test, confirming that language-
specific pretraining alone does not confer cul-
tural grounding. We further show that contrastive
chain-of-thought prompting can sharply reduce
this bias without training, though its effect is
strongly model-dependent, and that distilling cul-
tural reasoning into small models teaches them to
reason toward the correct reading rather than mem-
orise labels.
Contributions:1(i) We formalise BanglaCEH dis-
ambiguation, a task isolating cultural grounding
from surface lexical competence in a low-resource
language. (ii) We release a BanglaCEH bench-
mark with token-level cultural categories and
cultural-reasoning explanations. (iii) We evalu-
ate open- and closed-source models under zero-

1Dataset and code are available at https://github.com/
ashuvo25/BanglaCEH

shot, few-shot, contrastive chain-of-thought, and
knowledge-distillation regimes, revealing a consis-
tent dominant-meaning bias and the failure of a
Bangla-specific model across all settings. (iv) We
show contrastive reasoning and distilled supervi-
sion mitigate this bias, and analyse when and why
they succeed or fail.

2 Related Work

Word-sense disambiguation (WSD) is a long-
standing NLP problem (Navigli and Ponzetto,
2010; Raganato et al., 2017), and remains espe-
cially hard for morphologically rich, low-resource
languages where annotated corpora are scarce
(Habtamu and Gizachew, 2024; Masethe et al.,
2024); recent work has extended WSD evaluation
to under-resourced settings through hybrid sense
annotation (Goworek et al., 2025) and dedicated
Arabic and Urdu resources (Khalilia et al., 2024;
Saeed et al., 2019), while studies probing whether
large language models truly grasp word senses re-
port that surface fluency often masks shallow lex-
ical understanding (Meconi et al., 2025; Ortega-
Martín et al., 2023). Our BanglaCEH task dif-
fers from classical WSD in that the competing
readings a personal name versus the culturally
loaded concept it derives from are not lexically
distinct senses but culturally entangled ones, re-
quiring pragmatic and cultural knowledge rather
than dictionary sense inventories. This connects
our work to a rapidly growing literature on the cul-
tural competence of LLMs, which finds that mod-
els encode a Western-dominance bias and under-
perform on the values and everyday knowledge
of low-resource cultures (Belay et al., 2025; Yu
et al., 2025), and that language-specific ability
does not guarantee cultural grounding (Belay et al.,
2025). For Bangla specifically, recent efforts have
produced dedicated language models and knowl-
edge benchmarks (Nahin et al., 2025; Raihan and
Zampieri, 2025; Joy and Shatabda, 2026), yet cul-
tural grounding in everyday lexical usage remains
underexplored, and fluent Bangla generation can
still hide systematic register and factuality fail-
ures (Shuvo et al., 2026; Adib et al., 2026). Fi-
nally, our mitigation strategy builds on chain-of-
thought prompting (Wei et al., 2022) and on knowl-
edge distillation of reasoning into smaller models
(Magister et al., 2023; Hsieh et al., 2023), where a
teacher model’s rationales are distilled into a com-
pact student; unlike prior distillation work that tar-
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gets mathematical or commonsense reasoning, we
distil cultural reasoning, teaching small models to
justify why a given occurrence is a name or a con-
cept rather than merely to reproduce the label.

3 Dataset Construction

Task formulation: Each instance in our bench-
mark is a single Bangla sentence in which one
word form appears twice with two distinct read-
ings. Given the sentence and the target word, a
model must assign each of the two occurrences one
of six culturally grounded categories: Name, Con-
cept, Emotion, Emotional State, Collective State,
and Spiritual, and justify each assignment. Cru-
cially, the two readings are not arbitrary lexical
senses but culturally entangled ones: the same
form functions once as a personal name and once
as the emotion, concept, or spiritual state from
which that name is conventionally drawn.
Word selection: We do not rely on a fixed name
registry or lexical database. Instead, a native
Bangla speaker manually curated words such as মা-
য়া (Maya), আশা(Asha), and গগন (Gagan) that are
both common Bangla given names and culturally
loaded common nouns. This expert-driven selec-
tion deliberately targets forms with a genuine dual
reading, which a generic name list would not iso-
late, at the cost of coverage reflecting a single an-
notator’s naming knowledge Section (7).
Multi-model generation: For each selected word,
we generated sentences and accompanying cul-
tural explanations using three state-of-the-art mod-
els as complementary generators: Claude Fable 5,
Kimi K3, and Gemini 3.5 Flash, producing 690,
480, and 346 instances respectively. Multiple gen-
erators reduce the stylistic and distributional bias
of a single teacher and yield greater lexical and
structural diversity.
Cross-model and human verification: We ap-
plied a two-stage verification protocol. First, out-
puts were cross-checked round-robin by a different
model (Claude verified by Kimi, Kimi by Gemini,
Gemini by Claude), flagging inconsistent labels or
explanations without any model auditing its own
output. Second, every instance was manually re-
viewed by two native Bangla-speakers (profile in
appendix A), who corrected labels, explanations,
and culturally inaccurate reasoning. Human verifi-
cation is the final authority; the cross-model stage
only surfaces candidate errors for the reviewer.
Annotations: Each verified instance contains

Word গগন (Gagan)
Category Name↔ Concept

Sentence সমুদ্রৈসকেত সূযর্াস্ত েদখেত েদখেত গগন
এর মেন হেলা, প্রাচীন েশ্লােক 'গগন' িদেয়
িঠক এই আকাশ; নেভামণ্ডল-েকই েবাঝােনা
হেতা।

Gloss Watching the sunset, it struck Gagan
that ancient verse used ‘Gagan’ for
exactly this the celestial firmament.

Occ. 1 Name a person, the grammatical
subject

Occ. 2 Concept the celestial firmament

Cultural note Bengali naming turns words for
nature, deities, and virtues into
personal names; গগন is thus once a
living identity and once a cultural
concept.

Table 1: An example BanglaCEH instance. The same
form গগন (Gagan) appears twice with a name reading
and a concept reading. The full bilingual schema is in
Appendix C.

Category Count Label Count

Name↔Concept 795 Name 1,152
Concept↔Emotion 193 Concept 988
Name↔ Spiritual 179 E+C State 171
Name↔Emotion 178 Emotion 542
Emotion↔ State 171 Spiritual 179

Instances 1,516 Labels 3,032

Table 2: BanglaCEH statistics entanglement categories
(left) and token-level label count (right). E = Emotional,
C = Collective

token-level labels for both occurrences, a natural-
language explanation of why each occurrence car-
ries its label, and a concise cultural-entanglement
note describing the naming convention that links
the two readings. These explanations form the
supervision signal for our knowledge-distillation
experiments Section (4). An example instance is
shown in Table 1; the complete field schema and a
raw JSON record are provided in Appendix C.
Statistics: The final benchmark contains 1,516
verified instances, each contributing two labelled
occurrences. Table 2 reports the distribution over
entanglement categories and over the six labels.
Name and Concept are the most frequent labels, re-
flecting the prominence of name–concept entangle-
ment in Bangla naming practice, while Emotional
state and Spiritual form a rarer long tail that we
find models handle least reliably in Section (5).
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Figure 2: Overview of our methodology, spanning dataset creation, prompt-based evaluation (zero-shot, few-shot,
C-CoT), knowledge-distillation fine-tuning with LoRA, and evaluation on held-out BanglaCEH sentences using
automatic, human, and LLM-based judges.

4 Methodology

We evaluate the BanglaCEH task under four
regimes of increasing supervision: zero-shot
prompting, few-shot prompting, Cultural Chain-
of-Thought (C-CoT) prompting, and knowledge-
distillation (KD) fine-tuning. The first two es-
tablish how much cultural grounding models pos-
sess without task-specific adaptation; the latter two
are our proposed interventions for mitigating the
dominant-meaning bias. All regimes are evaluated
on the same held-out test set to enable direct com-
parison. We split the benchmark into 78% train-
ing, 10% validation, and 12% test partitions with
a fixed seed. Target words are disjoint across par-
titions. Figure 2 provides an overview of the full
pipeline.

4.1 Prompting Baselines
Zero-shot: The model receives the sentence and
an instruction to assign each of the two occur-
rences of the target word a label from the six cate-
gories, with no examples. This measures amodel’s
out-of-the-box cultural grounding. Few-shot: We
prepend a small number of labelled in-context ex-
amples before the query, testing whether demon-
strations alone without weight updates help the
model recognise the entangled readings.

4.2 Cultural Chain-of-Thought
Standard chain-of-thought prompting elicits inter-
mediate reasoning before a final answer (Wei et al.,
2022), but it does not counteract a model’s prior
tendency to collapse both occurrences onto the
dominant sense. We introduce Cultural Chain-
of-Thought (C-CoT) (Appendix D), a contrastive
variant that explicitly forces the model to argue

both candidate readings for each occurrence be-
fore committing. For every occurrence, the model
must (i) state why the form could be a Name, (ii)
state why it could be the competing cultural cate-
gory (Concept, Emotion, Spiritual, or State), and
(iii) decide which reading the sentential and cul-
tural context supports. By requiring the suppressed
reading to be articulated before a decision is made,
C-CoT directly targets the dominant-meaning bias
rather than merely eliciting free-form rationale. C-
CoT requires no training and is applied at inference
time.

4.3 KD Fine-Tuning

Our final regime tests whether the cultural reason-
ing behind each label can be taught to a small
model rather than merely prompted. We fine-
tune compact open-source models on the human-
verified cultural explanations in our benchmark,
following a knowledge-distillation formulation in
which a student model learns to reproduce the rea-
soning traces of stronger teacher models (Hsieh
et al., 2023; Magister et al., 2023). Crucially,
the training target is the full cultural explanation
followed by the label, not the label alone: the
model first generates the reasoning that justifies
each occurrence’s reading and only then emits the
final labels. This encourages the model to inter-
nalise the pattern of cultural reasoning rather than
memorise a surface mapping from word to label.
We use parameter-efficient fine-tuning via Low-
Rank Adaptation (Hu et al., 2021) in its quantized
form, QLoRA (Dettmers et al., 2023), which back-
propagates gradients through a frozen 4-bit base
model into low-rank adapters, enabling training
of billion-parameter models on a single consumer
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GPU. Loss is computed only over the target rea-
soning and label tokens, with the prompt masked,
so that supervision is concentrated on the cultural
reasoning the model must learn to produce. We se-
lect the checkpoint with the lowest validation loss
and apply early stopping to prevent overfitting.

4.4 Models

We evaluate amix of open- and closed-sourcemod-
els spanning a range of parameter scales. The open-
source set comprises Qwen2.5-1.5B, Llama-3.2-
3B, Gemma-3-1B, Ministral-3B, and the Bangla-
specific TituLLM; the last is included specifi-
cally to test whether language-targeted pretrain-
ing confers cultural grounding. We include GPT-
4o-mini as a strong closed-source reference. The
prompting baselines are evaluated across all mod-
els, while C-CoT and knowledge-distillation (KD)
fine-tuning are applied to a representative sub-
set spanning small general-purpose and Bangla-
specific models.

4.5 Evaluation Metrics

We evaluate along two tracks. The label track
measures disambiguation accuracy through Exact
Match (both occurrences correct), Average Score
(Average Score is the percentage of total points
earned over the maximum possible points, see
Appendix(F.1)), together with Macro- and Micro-
averaged F1 over the six labels. We addition-
ally report a Hallucination rate the fraction of out-
puts producing a label outside the valid set and,
as our central diagnostic, a Dominant-Bias rate
measuring how often a model misses a Name la-
bel and defaults to the entangled cultural reading.
The reasoning track evaluates the quality of gener-
ated cultural explanations against the gold explana-
tions using chrF (Popović, 2015) and BERTScore
(Zhang et al., 2019). In addition, we assess outputs
through a Human-as-a-Judge and LLM-as-a-Judge
evaluation.

5 Result Analysis

Table 3 reports performance across all four
regimes. We organise our analysis around four
findings: the severity of the dominant-meaning
bias under prompting, the model-dependent be-
haviour of C-CoT, the decisive effect of KD fine-
tuning, and the striking reversal of the Bangla-
specific model.

5.1 Zero-Shot Prompting

Under zero-shot prompting, every open-source
model shows a pronounced dominant-meaning
bias, defaulting to the common-noun reading
and misclassifying the personal-name occurrence.
Bias ranges from 62.5% ( Ministral) to 100%
(Gemma, TituLLM), with exact match below 11%
for all open models. The failure modes differ:
Ministral and Llama produce valid but wrong la-
bels, while others collapse entirely TituLLM hallu-
cinates on 100% of inputs and Gemma shows com-
plete (100%) bias, indicating the name reading is
not even represented as a candidate. The closed-
source GPT-4o-mini is markedly stronger 43.87%
exact match, 0.65% hallucination yet retains a non-
trivial 16.35% bias. This open–closed gap holds
across every metric, confirming BanglaCEH dis-
ambiguation is genuinely hard: even a capable
proprietary model without task-specific adaptation
misreads the name as the entangled concept in
roughly one in six cases. Uniformly low Macro-
F1 (0.005–0.467) further shows zero-shot failure
is disproportionate on rarer cultural labels, not
merely the frequent name/concept pairing.

5.2 Few-Shot Prompting

Adding a few in-context examples improves most
models over zero-shot, but the gains are incon-
sistent and leave the core bias largely unresolved.
Gemma benefits most dramatically, rising from
0.91% to 31.29% exact match as its dominant-
meaning bias falls from 100% to 39.5% evidence
that demonstrations can teach a model to repre-
sent the name reading it previously ignored. Qwen
and Llama show more modest gains (exact match
0.65%→8.39% and 10.97%→22.58%), with bias
dropping into the low-20% range for both. Two
models resist this trend: Ministral degrades under
few-shot prompting exact match falls from 9.0%
to 5.8% with bias barely moving (62.5%→60.6%),
the demonstrations disrupting rather than guiding
its predictions while TituLLM remains effectively
non-functional, hallucinating on 100% of inputs in
both regimes despite a nominal rise to 0.31% exact
match, confirming its failure is one of task repre-
sentation rather than a shortage of examples. GPT-
4o-mini again leads, reaching 49.68% exact match
with bias reduced to 2.88%, its strongest prompt-
ing result. Overall, few-shot prompting narrows
but does not close the gap: even the best open-
source configuration (Gemma, 31.29%) trails GPT-
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EM↑ Avg↑ Ma-F1↑ Mi-F1↑ chrF↑ BERT↑ Hall.↓ Bias↓
Open-source

Qwen2.5-1.5B

Zero-shot 0.65 22.90 0.115 0.229 1.96 0.291 52.90 63.46
Few-shot 8.39 36.45 0.227 0.365 17.70 0.301 54.84 23.08
C-CoT 30.97 52.26 0.300 0.523 24.30 0.178 0.00 2.88
QLoRA-KD 85.16 92.58 0.737 0.926 79.35 0.784 1.65 0.00

Llama-3.2-3B

Zero-shot 10.97 20.97 0.144 0.210 1.71 0.295 40.00 65.38
Few-shot 22.58 40.00 0.239 0.400 16.20 0.289 34.19 22.12
C-CoT 15.16 15.81 0.153 0.158 27.80 0.144 43.23 75.00
QLoRA-KD 82.42 90.38 0.722 0.904 77.04 0.760 1.10 2.80

Ministral-3B Zero-shot 9.00 22.60 0.158 0.226 2.19 0.251 41.30 62.50
Few-shot 5.80 20.30 0.126 0.203 10.92 0.270 30.30 60.60

gemma-3-1b-it Zero-shot 0.91 13.23 0.079 0.132 10.01 0.072 16.13 100.0
Few-shot 31.29 54.19 0.339 0.542 17.59 0.285 7.74 39.50

titulm-1b

Zero-shot 0.11 2.33 0.005 0.006 2.33 0.032 100.0 100.0
Few-shot 0.31 33.55 0.115 0.335 5.77 0.037 100.0 40.22
C-CoT 1.14 2.77 0.012 0.014 13.23 0.048 89.12 92.13
QLoRA-KD 87.91 92.58 0.758 0.926 79.50 0.790 1.65 4.20

Closed-source

GPT-4o-mini Zero-shot 43.87 64.19 0.467 0.642 19.10 0.299 0.65 16.35
Few-shot 49.68 72.26 0.623 0.723 32.60 0.296 0.00 2.88

Table 3: BanglaCEH results across four regimes. ↑ higher is better; ↓ lower is better. EM = Exact Match, Avg
= Average Score, Ma-F1 / Mi-F1 = Macro / Micro F1, BERT = BERTScore-F1, Hall. = Hallucination, Bias =
Dominant-Bias (all %). C-CoT and QLoRA-KD were run on closed-source prompting reference. For each model,
the best value per metric is in bold.

4o-mini by a wide margin, and dominant-meaning
bias remains substantial for every open model mo-
tivating the reasoning- and training-based interven-
tions we examine next.

5.3 Cultural Chain-of-Thought
C-CoT produces the largest prompting-time im-
provement we observe, but only for models able to
follow its contrastive structure. On Qwen2.5-1.5B,
it drives dominant-meaning bias from 63.46%
(zero-shot) to 2.88%, eliminates hallucination en-
tirely (0%), and raises exact match to 30.97% a
level no other prompting configuration reaches for
this model. Forcing the model to articulate the
suppressed name-reading before committing coun-
teracts the bias without parameter updates, sup-
porting our hypothesis that the dominant-meaning
failure is one of reasoning order rather than miss-
ing knowledge. The benefit does not transfer
uniformly: on Llama-3.2-3B, C-CoT is counter-
productive dominant-meaning bias rises to 75%
and hallucination climbs to 43.23%, both worse
than the zero- and few-shot baselines. The degra-
dation coincides with a sharp rise in unparseable
outputs: Llama’s extended contrastive reasoning
often fails to terminate in the required label format,
so otherwise valid predictions are discarded. C-

CoT’s effectiveness is thus contingent on sustain-
ing format adherence over long reasoning chains
an important limitation for smaller and lower-
resource models. TituLLM remains largely non-
functional under C-CoT (89.12% hallucination,
1.14% exact match); contrastive reasoning cannot
compensate for a model that does not reliably rep-
resent the task. Together, these results show C-
CoT can nearly eliminate dominant-meaning bias
when a model can execute it, but not a universal
remedymotivating the training-based approach we
examine next.

5.4 QLoRA-KD Fine-Tuning
The QLoRA-KD regime yields the strongest re-
sults by a wide margin. All three fine-tuned
models exceed 82% exact match and reduce
dominant-meaning bias to at most 4.2% an order-
of-magnitude improvement over their best prompt-
ing configuration. Qwen2.5-1.5B reaches 85.16%
exact match with 0% dominant-meaning bias and
1.65% wrong predictions, while Llama-3.2-3B,
which C-CoT had degraded, recovers to 82.42%
exact match and 2.8% bias. This confirms that
the dominant-meaning failure is not an inherent
limitation of these models but a gap that targeted
supervision can close. Crucially, the improve-
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ment extends to reasoning quality, not merely la-
bel accuracy. For Qwen, BERTScore rises from
0.178 under C-CoT to 0.784 under QLoRA-KD
and chrF from 24.3 to 79.35, indicating that the
fine-tuned model generates cultural explanations
closely aligned with the gold reasoning rather than
producing correct labels for spurious reasons. Be-
cause the distillation target pairs each label with its
cultural justification, the model learns the pattern
of cultural reasoning that licenses a reading rather
than a surface word-to-label mapping precisely the
capability that prompting failed to elicit.
These gains are obtained with parameter-

efficient adaptation on models of only 1–3B pa-
rameters. Notably, Qwen2.5 fine-tuned model sur-
passes the strongest closed-source prompting base-
line (GPT-4o-mini few-shot, 49.68% exact match,
2.88% bias) by a large margin. We stress that
this is not a like-for-like comparison GPT-4o-mini
is evaluated only under prompting, not fine-tuned
but it establishes that a small, openly available
model, once taught cultural reasoning, can substan-
tially outperform a much larger proprietary model
prompted on the same task. The residual gap be-
tween Micro- and Macro-F1 ( 0.926 vs. 0.737 for
Qwen) indicates that errors now concentrate al-
most entirely in the rarer cultural labels, which
we identify as the primary remaining challenge
(full per-label results and confusionmatrices in Ap-
pendix H). An ablation study is provided in Ap-
pendix B.1, confirming the importance of reason-
ing supervision.

5.5 Human & LLM Judge Evaluation

Human GPT-5.4

Model H.↓ B.↓ H.↓ B.↓ ∆max

Qwen2.5-1.5B 1.7 0.0 1.6 0.0 0.1
Llama-3.2-3B 1.1 2.5 1.1 2.8 0.3
titulm-1b 1.7 4.0 1.7 4.2 0.2

Table 4: Human and LLM (GPT-5.4) judge evaluation
of the fine-tuned (QLoRA-KD) models. H. = halluci-
nation rate (%), B. = dominant-meaning bias (%); ↓ =
lower is better; ∆max denotes the maximum absolute
disagreement between judges.

To verify that the fine-tuned models reach
correct labels through culturally sound reason-
ing, we evaluate their outputs with two indepen-
dent judging stages: two human judges (native
Bangla speakers) and an LLM judge, GPT-5.4 (the
prompt template is provided in Appendix E). Each

judge scores every output for hallucination and
dominant-meaning bias; results are reported in Ta-
ble 4. The two judging stages agree closely, differ-
ing by at most 0.3 percentage points on any met-
ric, which both corroborates our automatic evalu-
ation and supports the use of an LLM judge as a
scalable proxy for human assessment. Consistent
with the automatic results, all three fine-tunedmod-
els exhibit near-zero hallucination (1.1%–1.7%)
and minimal dominant-meaning bias (0.0%–4.2%)
under both judges, confirming that their post-
distillation predictions are not only accurate but
also judged culturally faithful by human experts.

6 Discussion

Our results separate two mechanisms for resolv-
ing culturally entangled homographs: surfacing
knowledge already latent in a model’s parameters,
and acquiring knowledge it lacks. Prompting, in-
cluding contrastive C-CoT, engages only the for-
mer it helps only insofar as cultural grounding is
already present and can be reorganised through rea-
soning order, which is why C-CoT nearly elim-
inates the dominant-meaning bias on Qwen yet
leaves TituLLM, which lacks such grounding, ef-
fectively unchanged. Knowledge-distillation fine-
tuning engages the latter: supervising on cultural
explanations rather than labels alone induces the
reasoning that connects a name to its source con-
cept, so predictions follow from reasoning rather
than memorised surface mappings. Under this
regime accuracy and reasoning quality improve to-
gether rather than in isolation the models do not
merely predict the right label but justify it with
culturally faithful explanations, a coupling our hu-
man and LLM judges independently corroborate.
These gains proved sensitive to how the adapta-
tion was configured. Because the benchmark is
small relative to adapter capacity, an initial higher-
capacity setting overfit within a few epochs; reduc-
ing the adapter rank and learning rate and strength-
ening regularisation delayed overfitting and low-
ered the validation minimum, and combined with
early stopping this configuration transferred un-
changed across all three models, indicating that the
recipe is not narrowly tuned to a single architecture
(Appendix G).
The most consequential result is the reversal

of the Bangla-specific model: non-functional un-
der every prompting regime, yet best-in-class af-
ter distillation. This suggests that monolingual
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pretraining supplies a useful substrate more faith-
ful tokenisation of Bangla script and denser expo-
sure to the relevant names and morphology but not
task competence itself; the substrate instead allows
limited reasoning supervision can be absorbed far
more efficiently than by a general model with a
weaker lexical prior. For low-resource, culturally
rich languages that lack large instruction-tuned sys-
tems, this points to a reproducible recipe: pair
a compact language-specific model with a small
set of cultural reasoning traces and adapt it with
parameter-efficient fine-tuning. Although our ex-
periments focus on Bangla, the proposed frame-
work is language-agnostic and could be evaluated
on other languages with similar name–concept en-
tanglement.
Two limitations qualify these conclusions. First,

the benefit of C-CoT is model-dependent: it helps
only when a model can sustain the required out-
put format across long reasoning chains, and de-
grades performance where it cannot, as observed
for Llama. Second, the persistent gap between
Micro- and Macro-averaged F1 after fine-tuning
shows that the rarer cultural labels remain the hard-
est, locating the current bottleneck in long-tail data
scarcity rather than in the method, and marking tar-
geted expansion of these categories as the clearest
direction for future work.

7 Conclusion

We introduced Bangla Culturally Entangled Ho-
mograph (BanglaCEH) disambiguation, a task in
which the same Bangla word must be read once
as a personal name and once as the cultural con-
cept it is drawn from, and released a benchmark of
annotated instances paired with cultural-reasoning
explanations. Across open- and closed-source
models we found a systematic dominant-meaning
bias models default to the common-noun sense
and overlook the name and showed that language-
specific pretraining alone does not fix it: the
Bangla-specific model failed under every prompt-
ing regime. Yet the same model became the
strongest system once fine-tuned on distilled cul-
tural reasoning, reaching near-perfect disambigua-
tion with the bias eliminated. Our results suggest
that cultural grounding is not conferred by mono-
lingual pretraining alone, but can be improved
through supervision with reasoning-annotated ex-
amples. This provides a practical approach for im-
proving cultural disambiguation in low-resource

languages. Evaluating its applicability to other lan-
guages with similar name–concept entanglement
remains an important direction for future work.

Limitations

Our benchmark has several limitations. First, word
selection was performed manually by a single na-
tive Bangla speaker rather than drawn from a name
registry or lexical database; while this deliberately
targets forms with a genuine dual reading, it means
coverage reflects one annotator’s naming knowl-
edge andmay under-represent regional or less com-
mon names. Second, the sentences and cultural
explanations were initially produced by large lan-
guage models and subsequently verified by two na-
tive Bangla-speaking experts. Although every in-
stance was manually reviewed, model-generated
text may still exhibit subtle stylistic regularities
that a fully human-authored corpus would not.
Third, although every instance was independently
reviewed by two native Bangla-speaking annota-
tors and the resulting inter-annotator agreement
was high (Cohen’s κ = 0.95), the annotation
process still relied on a relatively small annotator
pool. While disagreements were resolved through
discussion using a shared annotation guideline,
involving more annotators from diverse regional
and linguistic backgrounds would further improve
the robustness and generalizability of the bench-
mark. Finally, our fine-tuning experiments use
parameter-efficient adaptation on small models un-
der limited compute, so the reported gains may not
transfer directly to larger models or full-parameter
fine-tuning.
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A Annotator Profile

The dataset was verified by two native Bangla-
speaking annotators with graduate-level back-
grounds in Computer Science and prior experience
in Bangla NLP research. Both annotators inde-
pendently reviewed the labels and cultural reason-
ing associated with each instance. Disagreements
were resolved through discussion using a shared
annotation guideline. The resulting inter-annotator
agreement, measured using Cohen’s κ, was 0.95,
indicating almost perfect agreement.

B Result Analysis Extend

B.1 Ablation Study
Table 5 examines the contribution of reasoning-
aware knowledge distillation by comparing zero-
shot inference, label-only distillation, and the full
QLoRA-KD framework. Zero-shot prompting
performs poorly on the BanglaCEH task, achiev-
ing only 0.65% Exact Match with high dominant-
meaning bias (63.46%) and hallucination (52.9%),
indicating that the pretrained model lacks suffi-
cient cultural grounding. Introducing label-only

knowledge distillation substantially improves Ex-
act Match to 41.33% and Macro-F1 to 48.12%,
demonstrating that supervision from teacher pre-
dictions is beneficial. However, the model
still exhibits considerable dominant-meaning bias
(34.56%) and a high hallucination rate (36.11%),
suggesting that labels alone are insufficient for
learning the underlying cultural distinctions. In
contrast, the full QLoRA-KD framework, which
distills both cultural reasoning and labels, achieves
85.16% Exact Match and 73.7% Macro-F1 while
reducing dominant-meaning bias to 0% and hal-
lucination rate 1.65%. These results show that
the largest gains are obtained by supervising the
reasoning process rather than the prediction labels
alone.

Method EM↑% Bias↓% Hall.↓% Macro-F1↑%
Zero-shot 0.65 63.46 52.9 11.50
KD (Label-only) 41.33 34.56 36.11 48.12
QLoRA-KD 85.16 0 1.65 73.7

Table 5: Ablation study for Qwen2.5-1.5B. ↑ indicates
higher is better and ↓ indicates lower is better.

C Dataset Schema and Example Record

Each instance in the BanglaCEH benchmark is
stored as a JSON record with the fields listed be-
low. The body of the paper (Table 1) shows a con-
densed view; here we give the complete bilingual
schema and a full raw record.
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{
"id": 1516,
"word_bangla": "গগন",
"word_roman": "Gagan",
"category": "Intra-sentential
(Name↔Concept)",

"input": {
"narrative_bangla":

"...গগন এর মেন হেলা...",
"label_1": "Name",
"label_2": "Concept"

},
"token_labels": {
"token_1": "Name",
"token_2": "Concept"

},
"cultural_entanglement_note":
"Gagan carries the concept of the
celestial firmament in Bengali
cultural imagination while remaining
a common given name."

Figure 3: A raw BanglaCEH benchmark record (con-
densed). Bangla fields render in native script; the
full schema additionally includes bilingual justifica-
tions, cultural-entanglement paragraphs, and full expla-
nations omitted here for space.

D Cultural Chain-of-Thought Prompt

Figure 4 shows the full Cultural Chain-of-Thought
(C-CoT) prompt template. Unlike standard chain-
of-thought, it forces the model to argue both the
name and the competing cultural reading for each
occurrence before committing to a label, directly
targeting the dominant-meaning bias.

E LLM-as-a-Judge Prompt

Figure 5 shows the prompt given to the LLM judge
(GPT-5.4) for evaluating the fine-tunedmodels. To
mitigate known judge biases (Zheng et al., 2023;
Thakur et al., 2025), the judge model is distinct
from all models under evaluation, and the human
annotators were given an identical rubric to ensure
the two judges measure the same quantities.

F Formula

F.1 Average Score

Each BanglaCEH instance contains two target oc-
currences. A prediction receives one point for
each correctly classified occurrence (maximum
two points per instance). The Average Score is
computed as

Average Score = Total points earned
Number of instances× 2

× 100.

[System]

You are an expert in Bangla cultural
linguistics. Some Bangla words are
simultaneously a person's NAME and a
culturally meaningful concept, emotion, or
spiritual state. Explain WHY each occurrence
carries its meaning, then give the final
labels.

[User]

The Bangla word `গগন' (Gagan) appears TWICE
in this sentence with two different meanings.

Sentence: {narrative}

Reason contrastively for EACH occurrence:

For Occurrence 1:
- Argument A: why it could be a Name.
- Argument B: why it could be an Emotion /
Concept / Spiritual / State.
- Decision: which reading the context
supports.

For Occurrence 2:
- Argument A: why it could be a Name.
- Argument B: why it could be an Emotion /
Concept / Spiritual / State.
- Decision: which reading the context
supports.

After reasoning, end with EXACTLY this block:

FINAL:
Occurrence 1: <label>
Occurrence 2: <label>

Valid labels: Name, Emotion, Concept,
Spiritual, Emotional State, Collective State

Figure 4: The Cultural Chain-of-Thought (C-CoT)
prompt template. The model must articulate a Name
argument and a competing cultural-category argument
for each occurrence before producing the final labels,
counteracting the dominant-meaning bias.

Thus, Average Score reflects occurrence-level
accuracy, whereas Exact Match requires both oc-
currences in an instance to be classified correctly.

G Hyperparameter Settings

Table 6 lists the final QLoRA fine-tuning configu-
ration, applied without modification across all fine-
tuned models. We arrived at these values by mon-
itoring validation loss: an initial higher-capacity
configuration (rank 32, α = 64, learning rate
2×10−4, dropout 0.05, weight decay 0.01) overfit
within three epochs, so we reduced adapter capac-
ity and learning rate and increased regularisation
until the validation curve stabilised.

H Per-Label Analysis

To locate where residual errors concentrate after
fine-tuning, we report per-label precision, recall,
and F1 for the three QLoRA-KD models in Ta-
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You are an expert evaluator of Bangla
cultural linguistics, judging a model's
performance on the Bangla Culturally
Entangled Homograph (BanglaCEH) task, where
one Bangla word appears twice in a sentence
with two different meanings (e.g., once
as a NAME and once as a CONCEPT, EMOTION,
SPIRITUAL, or STATE reading). You are given a
batch of items, each with the sentence, gold
labels, gold reasoning, and the model output.

Valid labels: Name, Emotion, Concept,
Spiritual, Emotional State, Collective State.

Per-item judgement:
- match_1: does the model's Occurrence-1 label
equal the gold label?
- match_2: does the model's Occurrence-2 label
equal the gold label?
- bias: did the model label a gold NAME
occurrence as a non-name (cultural) reading?
- hallucinated: did the model output a label
outside the valid set, or fail to produce a
parseable label?

Aggregation (over N items):
Exact% = 100 × (match_1 AND match_2) / N
Partial% = 100 × (exactly one match) / N
Bias% = 100 × (bias) / (items with a gold
Name)
Hall.% = 100 × (hallucinated) / N

Output: return ONLY a JSON object, rounded to
one decimal
{"model", "hallucination_pct", "bias_pct",
"exact_pct", "partial_pct"}

Figure 5: The LLM-as-a-judge prompt (GPT-5.4). The
judge scores each output for label match, dominant-
meaning bias, and hallucination, then aggregates into
the percentage metrics reported in Table 4.

ble 7. Two patterns are consistent across all mod-
els. First, Name is recovered almost perfectly
(F1 ≥ 0.98 everywhere), confirming at the label
level that the dominant-meaning bias central to our
study is eliminated by distillationmodels no longer
default away from the name reading. Second, the
errors that remain fall almost entirely on Emotion
and Spiritual (F1 as low as 0.59 and 0.62), while
Name and Concept are handled reliably. Notably,
Emotion is not among the rarest labels, suggest-
ing its difficulty stems from semantic proximity
to the State readings rather than from data scarcity
alone. This concentration of error in the long tail
accounts for the gap between Micro- and Macro-
averaged F1, and indicates that the remaining chal-
lenge is one of data scarcity in culturally rarer read-
ings rather than a limitation of the method itself.

Hyperparameter Value

Quantisation
Precision 4-bit NF4
Double quantisation Yes
Compute dtype fp16

LoRA
Rank (r) 16
α 32
Dropout 0.1
Target modules q,k,v,o,gate,up,down

Optimisation
Learning rate 1× 10−4

LR schedule cosine
Warm-up ratio 0.1
Weight decay 0.05
Optimiser paged AdamW (8-bit)
Max gradient norm 0.3

Training
Effective batch size 16 (grad. accum. 8)
Max epochs 8
Early stopping val. loss, patience 3
Checkpoint best val. loss
Max sequence length 768

Hardware
GPU 1× NVIDIA T4 (16GB)
Decoding (inference) greedy

Table 6: Final QLoRA-KD fine-tuning hyperparame-
ters, applied identically across Qwen2.5-1.5B, Llama-
3.2-3B, and TituLLM-1B.
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Qwen2.5-1.5B Llama-3.2-3B TituLLM-1B

Label P R F1 P R F1 P R F1

Name 1.00 1.00 1.00 0.99 0.97 0.98 1.00 0.97 0.99
Concept 0.92 0.91 0.91 0.97 0.85 0.91 0.98 0.91 0.94
Emotional State 0.97 0.97 0.97 0.80 0.95 0.87 0.89 1.00 0.94
Collective State 0.96 1.00 0.98 0.76 0.96 0.85 0.92 1.00 0.96
Emotion 0.61 0.85 0.71 0.65 0.55 0.59 0.93 0.74 0.82
Spiritual 0.89 0.47 0.62 0.77 0.94 0.85 0.57 0.89 0.70

Table 7: Per-label precision (P), recall (R), and F1 for the three fine-tuned (QLoRA-KD) models. Name achieves
near-perfect F1 across all models; the rarest labels (Emotion, Spiritual) remain hardest.
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Abstract

Automatic SOAP note generation can ease
the documentation burden on physicians, but
existing reasoning methods often omit clini-
cally important information and generate un-
supported content. Progress in Thai is fur-
ther hindered by the lack of publicly available
datasets. We propose ASCRIBE, a physician-
inspired reasoning framework that ascribes
a clinical-significance level to each extracted
atomic fact in the conversation before sum-
marization, making a general-purpose LLM a
more reliable scribe. We also release ThaiClin-
icBench, the first de-identified Thai clinical
summarization benchmark of real encounters,
together with a synthetic training corpus de-
rived from real clinical notes. As a prompt, AS-
CRIBE outperforms chain-of-thought prompt-
ing on GPT-5.4 and Gemini 3.1 Pro across the
physician-aligned LLM-judge metrics and im-
proves on standard prompting by up to 10.3
points on the completeness LLM-judge met-
ric. As a GRPO reward, it enables a Gemma-
4-E4B model trained solely on synthetic data
to match Gemini 3.1 Pro in factual precision
and surpass it in completeness. Code and
data can be found at https://github.com/
loolootech/ascribe.

1 Introduction
Comprehensive clinical documentation is critical
for patient safety yet highly time-consuming, a seri-
ous burden in regions with low doctor-to-patient ra-
tios such as Southeast Asia (Kanchanachitra et al.,
2011). AI medical scribes commonly address
this through a transcribe-summarize pipeline (Fin-
ley et al., 2018): an automatic speech recogni-
tion (ASR) system transcribes the encounter, and a
summarization system converts it into a structured
note such as the SOAP (Subjective, Objective, As-
sessment, Plan) format (Weed, 1968). However,
transcripts are error-prone due to the spontaneous,

disfluent nature of clinical conversation. This
problem is compounded in low-resource languages
like Thai, whose conversational and dialectal nu-
ances challenge even frontier large language mod-
els (LLMs) (Limkonchotiwat et al., 2025).

Prior work on clinical summarization primarily
fine-tunes models on paired dialogue transcripts
and summaries from English datasets (Yim et al.,
2023; Abacha et al., 2023b). When such data are
limited, recent efforts synthesize transcripts from
patient profiles via agent simulation (Ge et al.,
2025). For prompting techniques, while chain-of-
thought (CoT) has been used to encourage clini-
cal reasoning across medical tasks (Nachane et al.,
2024; Wu et al., 2024), it often accumulates errors,
resulting in poorly grounded outputs (Wu et al.,
2025). Crucially, these efforts remain unvalidated
for Thai: to our knowledge, no public Thai dataset
supporting SOAP note generation exists, leaving
both data and reasoning gaps unresolved.

To close the data gap, we adapt the transcript
synthesis pipeline of Ge et al. (2025). By lever-
aging a real internal corpus of paired transcripts
and SOAP notes, we synthesize a new Thai train-
ing corpus, S-ICOPD, which we release along
with ThaiClinicBench, a de-identified benchmark
of real encounters and physician-authored SOAP
notes collected from a Thai clinic.

To close the reasoning gap, we introduce
ASCRIBE (Atomic, Significance-Based Clinical
Reasoning Framework for Medical ScrIBE), a
clinically grounded reasoning framework that
improves note quality both as a prompt tem-
plate and as Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) rewards. Inspired by
physician history-taking, ASCRIBE decomposes
a dialogue into atomic facts (Min et al., 2023;
Chen et al., 2024b), ranks them by clinical sig-
nificance, and generates the SOAP note from this
reasoning trace (Figure 1). We evaluate notes
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on Thai encounters with two physician-aligned
LLM-as-a-judge metrics, ClaimEntailment (com-
pleteness) and SOAPPrecision (factual grounding),
that also serve as verifiable RL rewards. As a
prompt, ASCRIBE improves frontier LLMs by up
to 10.3 points over standard prompting. As GRPO
rewards, ASCRIBE lets a fine-tuned Gemma-4-
E4B (Team et al., 2026) surpass Gemini 3.1 Pro on
completeness by over 10 points, even when trained
only on synthetic data.

In summary, our contributions are:

• ASCRIBE, a physician-inspired framework
that ranks atomic clinical facts by significance
and improves SOAP notes both as a prompt
and as GRPO rewards.

• A Thai transcript-synthesis pipeline, with
real-data-seeded synthetic transcripts match-
ing real-transcript SFT performance and sur-
passing it on completeness under GRPO.

• Two released datasets: S-ICOPD, the syn-
thetic training corpus, and ThaiClinicBench,
the first medical-scribe benchmark from a
Thai clinic.

2 Related Work
Clinical Note Generation. Early work de-
veloped section-aware SOAP note generation
pipelines (Krishna et al., 2021), with subse-
quent studies releasing English datasets and
benchmarks (Abacha et al., 2023b,a; Yim et al.,
2023). Later work improved performance using
in-domain pre-training (Grambow et al., 2022),
extractive-abstractive summarization (Neupane
et al., 2024), transcript synthesis (Ge et al.,
2025), and prompting techniques (Kernberg et al.,
2024). Yet LLM-generated notes still suffer from
omission, hallucination, and poor out-of-domain
generalization (Kernberg et al., 2024; Chen and
Hirschberg, 2024).

Reasoning in Medical Tasks. LLMs show
strong medical reasoning using chain-of-thought
(CoT) prompting (Wei et al., 2022), with Med-
PaLM 2 reaching expert-level accuracy on med-
ical licensing exams (Singhal et al., 2025). Re-
cent work grounds this reasoning in clinical knowl-
edge, such as anchoring it in knowledge seeds (Wu
et al., 2024) or mirroring physicians’ diagnosis
with few-shot examples (Nachane et al., 2024).

However, recent evidence shows that CoT often de-
grades performance on clinical text, with failures
driven by hallucination and weak grounding rather
than faithful reasoning (Wu et al., 2025); this ex-
tends to SOAP note generation from clinical di-
alogue (Faisal, 2026). Motivated by these find-
ings, we instead enforce structured reasoning over
atomic clinical facts, not free-form generation.

Evaluating Clinical Notes and RLVR. Con-
ventional overlap metrics such as ROUGE corre-
late inconsistently with physician judgment and
miss clinically critical omissions and hallucina-
tions (Abacha et al., 2023c). Instead, prior
work evaluates notes by detecting omitted atomic
facts (Schumacher et al., 2023), grading errors by
clinical impact (Asgari et al., 2025), or measuring
claim-level precision and recall (Xie et al., 2024),
the last of which was adapted into a GRPO reward
for reinforcement learning with verifiable rewards
(RLVR) (Shao et al., 2024; Jhaveri et al., 2025).
Unlike prior work that rewards only the final note,
we also reward the reasoning trace by supervising
clinical fact extraction and significance attribution.

3 Proposed Method

We formulate SOAP note generation as a sequence-
to-sequence summarization task. Given a tran-
script of a physician–patient encounter, a lan-
guage model produces a structured clinical note
in SOAP format, comprising the Subjective find-
ings reported by the patient, the Objective find-
ings from physical exams and diagnostic results,
the physician’s Assessment, and the management
Plan. Concretely, we follow the SOAP-inspired
four-division scheme of Yim et al. (2023) in our
experiments, with each section emitted as a list of
entries, which we refer to as statements.

We approach this task from two angles. First,
we study LLM summarization. Since conventional
prompting strategies such as CoT struggle to im-
prove clinical note quality (Wu et al., 2025; Faisal,
2026), we propose a sequence of reasoning steps
and a reasoning-driven fine-tuning method to ad-
dress it. Second, we tackle clinical data scarcity
in low-resource languages like Thai, by explor-
ing synthetic transcript generation as a fine-tuning
dataset and outlining how such encounter tran-
scripts could be synthesized from a clinical note.
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Atomic Fact Extraction and  
Clinical Significance Classification

𝐀 ~ 𝒑(𝐀|𝒙)

Patient

Physician
Dx-impact Today visit is for HTN follow-up

ผู้ป่วยมาตามนัดเรื่องความดันโลหิต

Tx-impact
Late sleep is associated 
with elevated BP
การนอนดึกสัมพันธ์กับความดันที่สูงขึ้น

F/U Continue home BP monitoring 
แพทย์ให้ผู้ป่วยวัดความดันที่บ้านต่อ

Required Prior blood tests showed hyperlipidemia 
ผู้ป่วยมีไขมันในเลือดสูงจากผลเลือดก่อนๆ

Future Factory meals are mostly fried/stir-fried 
อาหารที่โรงงานสว่นใหญเ่ป็นของผัด/ทอด

Irrelevant Administrative scanning action 
แพทย์จะสแกนบันทึกความดันเข้าระบบ

Subjective

- F/U HTN
- Consistent home BP
- Some high BP due to late sleep

Tx-impact Patient monitors BP daily at home 
ผู้ป่วยวัดความดันที่บ้านสม่ำเสมอเกือบทุกวัน

Clinical Encounter Transcript
𝒙

Structured Clinical Note
𝒚 ~ 𝑝θ(𝒚|𝒙, 𝐀)

You are here today for your 
scheduled hypertension 

follow-up right?
วันนี้มาตามนัด 

เรื่องความดันสูงใชไ่หมครับ

Your BP is 132/78.  
Were there any moments 

when the BP becomes higher 
than usual?

ความดันวันนี้วัดได้ 123/78 นะ  
แล้วมีชว่งไหนที่ความดัน 
สูงขึ้นกว่าปกติไหมครับ

Oh your previous blood tests 
also showed high lipids. 

What kind of food do you 
usually have?

เออผลเลือดหลายครั้งที่ผา่นมา 
ไขมันในเลือดสูงด้วยนะ  

ปกติป้ากินข้าวแบบไหนหรอ

OK, same meds for 
hypertension. Please 

recording your BP at home.
งั้นหมอให้ยาความดันตามเดิม แล้วก็ 

บันทึกความดันที่บ้านต่อเนื่องนะ

I will scan the BP record you 
brought into the system.
เดี๋ยวผมจะสแกนบันทึกความดัน 

ที่ให้มาไว้ในระบบให้ครับ

Yes. I have been checking  
BP at home every day.
ใชค่่ะ ชว่งนี้วัดความดันที่บ้านทุกวันเลย

It tends to increase on days 
when I sleep late.
เหมือนวันไหนนอนดึก  
ความดันจะสูงนิด ๆ อ่ะค่ะ

I usually eat at the factory’s 
canteen. Most meals are stir-
fried or fried foods.
สว่นใหญกิ่นอาหารที่โรงงานค่ะ   
เป็นพวกข้าวผัดกับของทอดอ่ะหมอ

LLM

Objective

- BP: 132/78 mmHg

Assessment

- Controlled HTN
- Hyperlipidemia

Dx-impact Patient’s BP is 132/78
ว้นนี้วัดความดันผู้ป่วยได้ 132/78

Tx-impact Doctor prescribe same HTN drugs 
แพทย์สั่งยาความดันตามเดิม Plan

- Advice: avoid sleeping late to avoid 
high BP

- Remed for HTN
- Review home BP next F/U
- Plan diet counselling

Does not meaningfully contribute to the patient 
care.

Figure 1: ASCRIBE’s SOAP generation pipeline. Atomic facts are extracted from the transcript x and classified
by their clinical significance to form the reasoning trace A, which conditions generation of the final SOAP note y.

3.1 ASCRIBE: Reasoning over Atomic Facts
and Clinical Significance

Physicians conducting history-taking listen for key
facts as they emerge, directing their attention to-
wards clinically impactful statements while filter-
ing out irrelevant ones. Inspired by this process,
we introduce ASCRIBE, a structured reasoning
framework that decomposes clinical summariza-
tion into two steps: atomic fact extraction and clini-
cal significance classification, as illustrated by Fig-
ure 1.

Atomic Fact Extraction. To ground the model’s
reasoning in explicit, verifiable units of informa-
tion, we first use an LLM to extract atomic facts
from the transcript before summarization. In-
spired by prior work on atomic facts and propo-
sitions (Min et al., 2023; Chen et al., 2024b), we
define three conditions tailored to clinical text:

• Standalone completeness: Each fact must be
a self-contained, natural sentence that is in-
terpretable on its own, with all references re-
solved to explicit subject names.

• One idea: Each fact must contain a single
idea, with compound statements split into sep-
arate facts unless a clause is not meaningful
on its own (e.g., a causal or temporal clause),
in which case it stays attached so the main fact
remains complete.

• Uniqueness: A fact statedmultiple timesmust
appear only once, in its most complete and
specific form.

In our experiments, we extract facts with an
LLM whose instruction was tuned against LLM
judges, referred to as the Atomic Fact LLM Judges,
that validate generated atomic facts against a
physician-curated gold set in a precision-recall
fashion and achieve substantial physician agree-
ment (Appendix B.1).

Clinical Significance Classification. We define
six levels of clinical significance, ranked by how
much a fact could impact patient safety and care as
detailed in Table 1.

We co-designed these levels with certified
physicians, drawing on causality found in clin-
ical settings and the Problem-Oriented Medical
Record (Weed, 1968), which underlies SOAP and
is mandated in Thailand’s national medical-record
standards (National Health Security Office (Thai-
land), 2020). The first three levels mirror what a
SOAP note must support, namely the assessment,
the plan, and mandated documentation, while the
remaining levels extend this logic to longitudinal
care. An LLM classifier reproduces the physicians’
labels with substantial agreement (Appendix B.2).

Structured Reasoning-based Generation. We
combine the fact extraction and classification into
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Level Description
Diagnosis-
impacting

Essential information supporting the diag-
nosis or assessment of the current visit (e.g.,
chief complaint, symptoms, clinical find-
ings, disease progression, physical exami-
nation, signs, laboratory or imaging find-
ings).

Treatment-
impacting

Details regarding or influencing the man-
agement of the current visit (e.g., medi-
cations, procedures, follow-up plans, treat-
ment recommendations).

Required Patient information required by clinical
standards, regardless of the current com-
plaint (e.g., comorbidities, drug allergies,
smoking/alcohol history).

Follow-up-
relevant

Details not essential to the current visit but
useful for subsequent follow-ups (e.g., ad-
vices given, referrals, treatment goals).

Future-
reference

Details useful for future reference but un-
likely to affect the current episode of care
(e.g., irrelevant family history, social his-
tory, unrelated medical history).

Irrelevant Does not meaningfully contribute to cur-
rent or future clinical decision-making
(e.g., redundant statements, vague com-
plaints, hyper-specific context, administra-
tive details, physician explanations).

Table 1: Clinical significance levels used for categoriz-
ing atomic facts. Levels are listed from most to least
significant.

a single reasoning trace. Given a transcript x, the
model pθ first generates the trace A as a set of
atomic facts with their evidence and clinical sig-
nificance,

A = {(fi, ei, si)}Ni=1, (1)

where fi is an atomic fact, ei is a short support-
ing span from the transcript that grounds it, si is
its predicted clinical significance level, and N is
the number of extracted atomic facts. The model
then generates the SOAP note y in the same decod-
ing pass, conditioned on both the transcript and the
reasoning trace,

y ∼ pθ(y | x,A). (2)

Conditioning on A encourages the model to iden-
tify and prioritize clinically impactful facts before
producing the SOAP note, rather than summariz-
ing directly or relying on free-form reasoning.

Policy
LLM

Generated Facts
+ Clinical Sig.

f₁ Dx

f₂ Mx

… …

Generated 
Clinical Note
S

O

A

P

Transcript Reference Facts
+ Clinical Sig.

f*₁ Dx

Mx

RAF Rsig Rfact Rcomp Rformat
GRPO 

Update

Reference 
Generation

Rewards

GRPO Training Loop

… …

f*₂

Figure 2: GRPO training pipeline. The generated AS-
CRIBE reasoning trace A and SOAP note from the pol-
icy LLM are scored by the five rewards of Section 3.2.2,
which jointly drive the GRPO update. Certain rewards
require reference facts whose generation details are in
Section 4.4.

3.2 Fine-Tuning Small Language Models for
SOAP Note Summarization

Due to their capability to be deployed in on-
premise settings, Small Language Models (SLMs)
are our candidate summarization models, for
which we explore both supervised and reinforce-
ment learning techniques.

3.2.1 Supervised Fine-Tuning (SFT)
We apply LoRA-based SFT (Hu et al., 2022) in
two settings: standard prompting, which trains the
model to generate only SOAP notes from clinical
transcripts; and structured reasoning, where the tar-
get is prepended with a reference reasoning trace.

3.2.2 Reinforcement Learning with Verifiable
Rewards (RLVR)

To align the model with ASCRIBE reasoning, we
adopt GRPO (Shao et al., 2024) with LoRA as
shown in Figure 2. We use our structured reason-
ing to define five reward functions that optimize
both reasoning and final note quality, each scaled
to the range [0, 1], as follows:

Atomic Fact Reward. Let A and A∗ =
{(f∗

j , e
∗
j , s

∗
j )}Mj=1 denote the sets of generated and

reference atomic facts, respectively. We define two
Atomic Fact LLM Judges to compare the two sets
independently and identify semantically matching
facts (Appendix B). We denote c(i) as the index
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of the reference fact f∗
c(i) matched to the generated

fact fi assigned by the Atomic Fact LLM Judge,
with c(i) = ∅ when no match exists. Atomic pre-
cision and recall are computed as:

Precatomic =
#matched generated facts

N
,

Recatomic =
#matched reference facts

M
.

The final reward is their harmonic mean:

RAF =
2Precatomic Recatomic
Precatomic + Recatomic

. (3)

Clinical Significance Reward. For each gener-
ated fact fi and its matched reference fact f∗

c(i), we
compare si against the reference significance label
s∗c(i). If no reference fact is matched, the prediction
is considered incorrect. The reward is computed
as:

Rsig =
1

N

N∑

i=1

1
[
si = s∗c(i)

]
. (4)

Format Reward. Rformat checks that the gener-
ated note follows the required SOAP note structure;
the reward is reduced if a generated note does not
follow the format.

Completeness Reward. Following evaluation-
driven GRPO for clinical summarization (Jhaveri
et al., 2025), we use the ClaimEntailment metric
described in Section 5 as the Rcomp reward. This
directly encourages generated SOAP notes to pre-
serve clinically important facts from the encounter.

Factual Grounding Reward. Following Jhaveri
et al. (2025), we use the SOAPPrecisionmetric out-
lined in Section 5 as the Rfact reward, which en-
courages clinical statements in the SOAP note y to
remain factually supported by the encounter tran-
script.

3.3 Synthesizing Encounter Transcripts
As real clinical transcripts are scarce in low-
resource languages like Thai, we explore synthetic
transcript generation by adapting the pipeline of
Ge et al. (2025) to our settings. Our pipeline
takes a SOAP note as the seed patient profile,
from which the physician–patient dialogue tran-
scripts were synthesized in two stages. First, in-
tent planning constructs a weighted directed intent
graph that models probabilistic conversation flow

and selects an intent path grounded in the profile.
Second, transcript generation synthesizes the dia-
logue based on that path. See Appendix C for full
details.

Intent Planning. Following Ge et al. (2025), we
construct an intent graph from a corpus of real
physician–patient conversations. Each training
transcript is first abstracted into an intent skeleton,
a sequence of conversational intents discussed dur-
ing the encounter. These intent skeletons are then
aggregated into an intent graphG = (V,E), where
V represents intents and E represents transitions
whose weights refer to the transition probabilities.
For each seed patient profile, we gather candidate
intent paths by performing depth-first search on G.
To ensure the path is consistent with the profile, we
limit the search space to intent nodes correspond-
ing to the profile, then rank the resulting paths with
an LLM judge, selecting the one with the highest
score.

Transcript Generation. Given a patient profile
and the chosen intent path, a doctor agent and a
patient agent generate the encounter transcript, ad-
dressing one intent at a time. Generation for each
intent continues until an LLM judge determines
that the intent has been fulfilled or the per-intent
turn limit has been reached. Each completed di-
alogue section is then validated against ten rules
adapted from Ge et al. (2025) for Thai clinical con-
versations. If validation fails, the section is regen-
erated using the validator’s feedback. The pipeline
proceeds to the next intent once the section passes
validation or the retry budget is exhausted, retain-
ing the final attempt.

4 Datasets
We use three datasets in this study: an internal
outpatient corpus of Thai physician–patient en-
counters (ICOPD), a new real-world benchmark
(ThaiClinicBench), and a synthetic training corpus
(S-ICOPD) built from ICOPD. All real conversa-
tion transcripts are manually produced by human
annotators. We describe each dataset and how the
reference training targets are constructed.

4.1 Internal Clinical OPD Dataset (ICOPD)
The ICOPD dataset is a private corpus of 400
consented outpatient-department (OPD) encoun-
ters collected in Thailand. The conversations are in
colloquial Thai, with dialectal medical terms com-
mon in Thai clinical settings. For each encounter,

145



we obtain the transcript, the physician-written note,
and an LLM-constructed reference SOAP note for
SFT (Section 4.4). The conversations average 328
words (1.34k characters). We split the corpus into
training (300), validation (50), and test (50) sets.

4.2 ThaiClinicBench
We curate ThaiClinicBench, a benchmark of man-
ually de-identified and consented OPD encoun-
ters collected from a medical clinic in Thailand.
It contains 44 encounters (pairs of transcript and
physician-written SOAP note). The conversations
average 703 words (2.89k characters). All encoun-
ters serve as an out-of-distribution test set. To the
best of our knowledge, this is the first Thai medical-
scribe benchmark released for research.

4.3 Synthetic ICOPD Dataset (S-ICOPD)
Beyond the real encounters, we construct a
synthetic ICOPD using the transcript synthesis
pipeline (Section 3.3) as an additional training
dataset. We seed it with the physician-written
SOAP notes of ICOPD, each serving as the patient
profile from which we synthesize an encounter
transcript. Running it on the training and valida-
tion splits yields 295 and 50 synthetic transcripts,
respectively, with 5 training cases excluded as the
pipeline does not produce a usable transcript. Each
synthetic transcript is then re-summarized with the
pipeline of Section 4.4 to obtain its reference data,
so that every text in S-ICOPD is model-generated.

4.4 Reference Training Target Generation
We generate a reference set of atomic facts and
their significance labels for each encounter us-
ing Gemini 2.5 Pro with prompts in Appendix B.
These serve as the reference facts behind RAF and
Rsig during RLVR, the input to evaluation metrics
in Section 5, and the reasoning targets for SFT.

For SFT, we construct reference SOAP notes in
two stages. We first generate a draft SOAP note
from the transcript alone using Gemini 3.1 Pro con-
ditioned on the proposed structured reasoning and
then refine it with GPT-5.4 (Appendix A.4) to fur-
ther improve overall quality.

5 Evaluation Metrics
Following Yim et al. (2023), we calculate ROUGE-
L (Lin, 2004) and BLEURT (Sellam et al., 2020)
to measure lexical and semantic similarity between
generated notes and SOAP notes written by cer-
tified physicians. To better assess clinical qual-

ity, we adopt an LLM-judge framework inspired
by DocLens (Xie et al., 2024), simplifying their
Claim Precision pipeline by judging the generated
note directly rather than extracting claims from it
first. These adapted LLM judges compute two
complementary metrics and are validated for align-
ment with physicians (details are provided in Ap-
pendix D).

ClaimEntailment (CE) measures completeness
of the generated SOAP note by using reference
atomic facts to evaluate whether each fact was en-
tailed by the generated note (i.e., recall). We also
introduce CE-Impact, which calculates CE only
on the three highest clinical significance levels
(Diagnosis-impacting, Treatment-impacting, and
Required) to further measure the recall of clinically
important facts.

SOAPPrecision (SP) measures factual ground-
ing by verifying whether each statement in the gen-
erated SOAP note is explicitly supported by the
encounter transcript (i.e., precision). It allows for
paraphrasing and terminology normalization (e.g.,
from lay language to medical jargon) but penalizes
unsupported, inferred, or hallucinated content.

6 Experimental Settings

Prompting Baselines. We use GPT-5.4 and
Gemini 3.1 Pro as our baselines under three zero-
shot prompting strategies: standard SOAP note
generation (Yim et al., 2023), CoT, and our pro-
posed structured reasoning (see Appendix A for
prompt details).

Fine-tuning Baselines. We use Gemma-4-E4B-
it (Team et al., 2026) as the base SLM for all
fine-tuning experiments. We compare our solu-
tion against three GRPO baselines: ROUGE-L
uses the ROUGE-L score between the generated
and reference SOAP notes as the reward, represent-
ing a conventional lexical-overlap optimization
baseline (Ou et al., 2026). BGE-M3 uses BGE-
M3 (Chen et al., 2024a) embedding similarity be-
tween the generated and reference SOAP notes as
the reward, following prior work (Akarajaradwong
et al., 2025) that adopts it for fine-tuning Thai
LLMs. ClinicEval uses Completeness and Fac-
tual Grounding rewards following the evaluation-
integrated GRPO training for clinical summariza-
tion (Jhaveri et al., 2025). See Appendix E for
training details.
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7 Experimental Results
We evaluate the effectiveness of ASCRIBE for
zero-shot prompting and SLM fine-tuning, com-
pare SFTwith GRPO, and analyze the contribution
of the proposed reward. We further study the ef-
fectiveness of our synthetic training data, the rela-
tionship between conventional and clinical metrics,
and robustness to ASR noise. Table 2 outlines our
full experimental results.

Effectiveness of Structured Reasoning. The
ASCRIBE prompt outperforms both standard and
CoT prompting in the zero-shot setting. For
Gemini 3.1 Pro, the ASCRIBE prompt improves
SP/CE/CE-Impact over standard prompting by
+3.4/+2.2/+3.7 on ICOPD and +2.6/+6.8/+9.1 on
ThaiClinicBench. GPT-5.4 shows even larger
gains of +4.7/+5.1/+7.2 and +5.8/+6.9/+10.3, re-
spectively. The same trend largely holds for
Gemma-4-E4B in the zero-shot setting. In contrast,
CoT prompting yields smaller CE gains while re-
ducing conventional metrics and, in some cases,
SP. For SFT settings, structured reasoning gener-
ally improves CE and CE-Impact, particularly on
ThaiClinicBench, but its effect on SP is mixed.

SFT vs. GRPO. SFT generally achieves higher
ROUGE-L, which could be attributed to being su-
pervised against curated reference SOAP notes, but
the differences in BLEURT scores are less consis-
tent. In contrast, trainingmodels with GRPO using
clinically grounded rewards substantially improves
SP, CE, and CE-Impact, reflecting that lexical sim-
ilarity alone does not necessarily represent the clin-
ical quality of the notes.

Effectiveness of RLVR. Among GRPO variants
trained on real ICOPD data, the ASCRIBE reward
achieves the best overall clinical performance,
obtaining the highest SP, CE, and CE-Impact
on ICOPD (87.1/62.1/71.2) and similarly strong
results on ThaiClinicBench (89.4/64.0/72.1).
Trained with the ASCRIBE reward, Gemma-4-
E4B also outperforms proprietary Gemini 3.1 Pro
across all LLM-judge metrics and GPT-5.4 on CE,
despite having only 4.5B effective parameters.

Notably, baseline performance varies substan-
tially with the reward design. Optimizing for
ROUGE-L maintains high SP but severely reduces
CE, while optimizing for BGE-M3 improves CE
but obtains the lowest SP of any GRPO baseline.
Crucially, optimizing for ClinicEval substantially
improves CE while maintaining comparable level

of SP, demonstrating the value of directly optimiz-
ing for clinical quality. However, by rewarding
the intermediate reasoning trace as well, training
GRPO with ASCRIBE rewards improves both SP
and CE.

Ablation of Structured Reasoning Prompt and
Rewards. Focusing on the results of models
trained on real data with GRPO reward, we found
that the ASCRIBE prompt primarily improves
SP, whereas our reward provides more consistent
gains across the clinical metrics. Substituting
the standard prompt with the ASCRIBE prompt
improves SP by +1.3 on ICOPD and +1.4 on
ThaiClinicBench, while CE remains comparable.
Under the ASCRIBE prompt, replacing the Clin-
icEval reward with our reward further improves
SP/CE/CE-Impact by +2.3/+0.3/+0.2 on ICOPD
and +1.1/+0.5/+0.3 on ThaiClinicBench.

Effectiveness of Synthetic Training Data. Un-
der SFT, training on synthetic data alone per-
forms comparably to training on real data; on
ThaiClinicBench, synthetic-only training with the
standard prompt achieves SP/CE/CE-Impact of
83.7/49.1/56.1 versus 83.9/50.6/56.5. However,
combining real and synthetic data lowers CE in
every SFT settings, e.g., from 53.8 to 51.8 on
ThaiClinicBench with our prompt despite a higher
SP. These results suggest that synthetic data could
substitute for real data in SFT, but naively mixing
the two datasets does not bring further gains.

Under GRPO, synthetic-only training outper-
forms real-only training in CE and CE-Impact, im-
proving from 62.1/71.2 to 64.9/75.7 on ICOPD and
from 64.0/72.1 to 69.7/77.9 on ThaiClinicBench,
with comparable SP. Mixed training yields similar
CE, including the highest CE of 70.0 on ThaiClin-
icBench, but lower SP. These gains suggest that
synthetic transcripts are also effective for RLVR.

We hypothesize that the performance degrada-
tion found in both SFT and GRPO settings stems
from distributional differences between the cor-
pora which were naively mixed. Real conversa-
tions contain disfluencies and colloquial expres-
sions that might only be partially captured by syn-
thetic transcripts.

Clinical vs. Conventional Evaluation. Fron-
tier LLMs achieve strong clinical performance
while also attaining competitive ROUGE-L and
BLEURT scores. However, the trends across base-
lines show that conventional metrics do not con-
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ICOPD ThaiClinicBench
Model /
Training

GRPO
Reward

Training
Data Prompt SP CE CE-

Impact ROUGE-L BLEURT SP CE CE-
Impact ROUGE-L BLEURT

Frontier LLM prompting

Gemini 3.1 Pro
– – Standard 83.5 52.6 63.3 0.3467 0.3366 86.6 51.6 58.8 0.3390 0.2488
– – CoT 81.0 53.2 64.3 0.3387 0.3177 84.7 52.0 59.8 0.3205 0.2430
– – Ours 86.9 54.8 67.0 0.3406 0.3220 89.2 58.4 67.9 0.3170 0.2525

GPT-5.4
– – Standard 90.5 54.5 64.0 0.3413 0.3299 92.5 55.7 64.3 0.3023 0.2623
– – CoT 90.9 58.6 68.2 0.3169 0.3194 93.3 58.6 68.8 0.2809 0.2545
– – Ours 95.2 59.6 71.2 0.3032 0.3237 98.3 62.6 74.6 0.2781 0.2627

Gemma-4-E4B-it fine-tuning

Zero-shot – – Standard 84.7 38.4 46.6 0.3180 0.3183 87.7 42.5 48.0 0.3003 0.2707
– – Ours 87.0 44.2 53.4 0.3026 0.3207 87.0 46.6 52.9 0.2915 0.2803

SFT

– Real Standard 75.1 46.6 57.3 0.3420 0.3224 83.9 50.6 56.5 0.3083 0.2593
– Real Ours 79.3 46.3 57.0 0.3395 0.2946 85.3 53.8 59.5 0.2961 0.2545
– Synth Standard 80.9 43.4 53.4 0.3272 0.3159 83.7 49.1 56.1 0.2928 0.2506
– Synth Ours 77.2 45.5 55.7 0.3276 0.3060 82.9 50.8 57.0 0.2863 0.2520
– Real+Synth Standard 78.5 41.9 51.1 0.3433 0.3112 83.0 48.8 56.7 0.3050 0.2550
– Real+Synth Ours 77.5 45.5 55.7 0.3491 0.3164 86.7 51.8 59.5 0.2993 0.2483

GRPO

ROUGE-L Real Standard 86.8 33.9 40.2 0.3489 0.3034 87.9 35.7 40.3 0.3149 0.2725
BGE-M3 Real Standard 81.4 48.8 59.3 0.3120 0.3366 84.4 52.3 58.8 0.2946 0.2687
ClinicEval Real Standard 83.5 61.4 70.3 0.2293 0.3143 86.9 63.7 72.3 0.2052 0.2396
ClinicEval Real Ours 84.8 61.8 71.0 0.2551 0.2979 88.3 63.5 71.8 0.2323 0.2467
Ours Real Ours 87.1 62.1 71.2 0.2773 0.2898 89.4 64.0 72.1 0.2487 0.2450
Ours Synth Ours 86.0 64.9 75.7 0.2478 0.2786 89.6 69.7 77.9 0.2143 0.2280
Ours Real+Synth Ours 83.2 64.4 75.1 0.2306 0.3203 85.2 70.0 77.0 0.2105 0.2509

Table 2: Comparison of ASCRIBE prompting and fine-tuning against baseline methods on the ICOPD test split and
ThaiClinicBench. Ours denotes the corresponding ASCRIBE prompt or reward, Real denotes training on ICOPD,
and Synth denotes training on S-ICOPD. Higher values indicate better performance for all metrics. Underline marks
the best result within each model/training block, and bold marks the best result within each approach (frontier LLM
prompting vs. Gemma-4-E4B-it fine-tuning). SP, CE, and CE-Impact are reported on a 0–100 scale.

sistently reflect clinical quality. For example, SFT
and ROUGE-L-optimized GRPO can obtain high
lexical-similarity scoreswithout corresponding im-
provements in CE. Conversely, ClinicEval GRPO
substantially improves CE and CE-Impact at the
cost of ROUGE-L. These results suggest that con-
ventional and clinical metrics capture complemen-
tary aspects of quality and that lexical similarity
alone is insufficient for evaluating clinical notes.

Robustness to ASR Transcripts. Because real-
world medical scribes rely on ASR systems,
we evaluate robustness by replacing the human-
annotated transcripts in ThaiClinicBench with
ASR-generated transcripts (Appendix F). Figure 3
comparesmodel performance on human-annotated
and ASR transcripts. All models obtain lower
CE and SP on ASR transcripts, confirming that
transcription errors degrade note quality. Among
frontier LLMs, our structured prompt achieves the

highest ASR SP and improves CE over standard
prompting for Gemini while remaining competi-
tive for GPT-5.4. For GRPO models, our reward
improves ASR SP over ClinicEval (72.7 vs. 65.1–
69.9), while models with synthetic data achieve
the highest ASR CE. Overall, ASCRIBE vari-
ants improve absolute ASR performance in most
settings, particularly in SP. Nevertheless, GRPO
models generally experience larger performance
drops from human to ASR transcripts than fron-
tier LLMs, highlighting the need for more robust
training against ASR noise.

8 Conclusion
We presented ASCRIBE, a physician-inspired
structured reasoning framework for Thai SOAP
note generation. By explicitly modeling atomic
clinical facts and their clinical significance, AS-
CRIBE prompting consistently outperforms stan-
dard and CoT prompting on frontier LLMs. As
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Figure 3: Human-annotated vs. ASR transcript performance on ThaiClinicBench for CE and SP metrics.
R+S refers to mixing real and synthetic training data and CEval refers to the ClinicEval GRPO reward. Blue
indicates settings that use the ASCRIBE prompt and, where applicable, the ASCRIBE GRPO reward. Labels
denote the score drop from human-annotated to ASR transcripts. Our structured reasoning and synthetic training
achieve the highest scores on ASR in several settings despite larger drops from human transcripts.

a training paradigm, ASCRIBE also provides the
most effective reward formulation for GRPO fine-
tuning, yielding the largest improvements in fac-
tual grounding. With our synthetic clinical encoun-
ters seeded from real clinical notes, ASCRIBE
training achieves competitive performance with-
out using additional real clinical conversations for
model tuning, making the framework particularly
attractive for clinical environments where data gov-
ernance constrains access to external LLMs and
real patient data. Finally, we release the synthetic
clinical encounters and ThaiClinicBench, provid-
ing a practical foundation for developing clinically
reliable medical scribes for Thai and other low-
resource languages.

Limitations
Our study is limited to a small number of outpa-
tient encounters, a single SLM, and only the Thai
language. This also includes the LLM judges that
were used in our study. While they were vali-
dated for physician alignment and obtained a high
level of alignment, they were validated on a lim-
ited number of encounters against a single board-
certified physician, meaning inter-rater agreement
could not be reported. Although synthetic tran-
scripts showed signs of improving the models on
which they were trained, theymay not fully capture
the diversity and complexity of real clinical conver-

sations yet. Even though the synthesis pipeline ac-
cepts SOAP notes from any source, including ran-
dom generations, we used physician-written ones
as the seed patient profile, so it is not fully syn-
thetic. However, we re-summarized the synthetic
encounters to ensure no leakage. We have not yet
identified an optimal strategy for combining real
and synthetic data, as naive mixing yields incon-
sistent improvements. We also acknowledge that
our primary metrics, namely ClaimEntailment and
SOAPPrecision, also serve as GRPO rewards, so
models trained with them are evaluated in part on
their own training signal. Real user studies with
physicians on the generated results are still lack-
ing. ASR errors still cause considerable perfor-
mance degradation, particularly for GRPO-trained
models, highlighting the need for more robust ap-
proaches to handle noisy transcripts. For ethical
considerations, please refer to Appendix H.
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Appendix

This appendix provides supplementary method-
ological, implementation, and evaluation details
for ASCRIBE. Note that the prompt figures show
the system instructions only; the complete prompts
and the input templates are available in our reposi-
tory.
• Appendix A presents the prompts for standard,
chain-of-thought, and ASCRIBE-based SOAP
note generation, together with the reference
SOAP refinement prompt.

• Appendix B describes the construction and vali-
dation of the reference atomic facts and clinical
significance.

• Appendix C details the synthetic transcript gen-
eration pipeline.

• Appendix D shows the ClaimEntailment and
SOAPPrecision judges, with their alignment
with physician annotations.

• Appendices E and F provide the SFT and GRPO
training hyperparameters and the ASR robust-
ness setup.

• Appendix H details ethical considerations for
each dataset.

• Appendix G presents qualitative examples of fac-
tual grounding and clinical information cover-
age.

A SOAP Note Generation Prompt

This section provides the prompts used throughout
the experiments, for both frontier LLMs and fine-
tuned SLMs. All prompting experiments were con-
ducted with the temperature set to 0.

Across all prompts, the note is returned as JSON
with each of the four SOAP sections given as a list
of statements, sometimes referred to as points in
the prompts.

A.1 Standard Prompt

We adopt the standard SOAP note generation
prompt from ACI-BENCH (Yim et al., 2023).
Given a physician–patient conversation, the model
is instructed to generate a structured SOAP note in
JSON format containing the four sections: Subjec-
tive’s History of Present Illness, Objective’s Phys-
ical Exam, Objective’s observable and diagnostic
Results, and Assessment and Plan. The complete
prompt is shown in Figure 4.

A.2 Chain-of-Thought Prompt
Following Wu et al. (2025), we extend the stan-
dard prompt in Appendix A.1 by requiring the
model to produce an explicit chain-of-thought rea-
soning process before generating the final SOAP
note. The output additionally contains a free-form
reasoning_steps field while keeping the same
SOAP note generation objective. The complete
prompt is shown in Figure 5.

A.3 ASCRIBE Structured Reasoning Prompt
We propose ASCRIBE prompt, our physician-
inspired structured reasoning prompt, in Sec-
tion 3.1. It first decomposes the conversation into
atomic clinical facts, predicts the clinical signif-
icance of each fact, and then generates the final
SOAP note conditioned on the resulting reasoning
trace. Unlike free-form chain-of-thought prompt-
ing, the intermediate reasoning is explicitly struc-
tured and grounded in transcript evidence. The
complete prompt is shown in Figure 6.

A.4 Refining Reference SOAP Notes
To improve the quality of the reference summaries
used for supervised fine-tuning, we refine the draft
SOAP notes, generated by Gemini 3.1 Pro with
the ASCRIBE structured reasoning prompt, us-
ing GPT-5.4. The refinement prompt instructs the
model to verify every statement against the source
transcript, remove unsupported or imprecise infor-
mation, recover omitted clinically relevant find-
ings, and preserve the original SOAP structure.
The complete prompt is shown in Figure 7.

B Additional Details on the Generation
of Reference Atomic Facts

We use a two-stage pipeline that first extracts
atomic facts and then classifies each fact’s signif-
icance level. These atomic facts serve as a refer-
ence for calculating the reward and supporting the
ClaimEntailment metric.

B.1 Atomic Fact Extraction
The atomic fact extractor was implemented with
Gemini 2.5 Pro with 8,192-token thinking budget
using the prompt shown in Figures 8. Given a tran-
script of the physician–patient encounter, atomic
facts were extracted in accordance with the three
atomicity conditions outlined above in Section 3.1.

To ensure a high quality of the extracted atomic
facts, we evaluate the extractor using the two
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SOAP Note Generation Prompt
Summarize the Thai doctor–patient conversation to generate a Thai clinical note with four sections: HISTORY OF PRESENT ILL-
NESS, PHYSICAL EXAM, RESULTS, ASSESSMENT AND PLAN.
Return valid JSON that matches this schema exactly:

{
"history_of_present_illness": ["point 1", "point 2"],
"physical_exam": ["point 1"],
"results": ["point 1"],
"assessment_and_plan": ["point 1"]

}

Use concise Thai clinical wording, keeping common medical terms in English when appropriate. Use [] for sections not present in
the conversation. Do not invent details. The conversation is:

Figure 4: Standard prompt used for SOAP note generation following the ACI-BENCH (Yim et al., 2023) study.

SOAP Note Generation Prompt with Chain-of-Thought
Summarize the Thai doctor–patient conversation to generate a Thai clinical note with four sections: HISTORY OF PRESENT ILL-
NESS, PHYSICAL EXAM, RESULTS, ASSESSMENT AND PLAN.
Solve it in a step-by-step fashion, return your answer in the following format, PROVIDE DETAILED ANALYSIS BEFORE THE
RESULT:
Return valid JSON that matches this schema exactly:

{
"reasoning_steps": "free-form analysis of how the conversation maps to each SOAP section",
"history_of_present_illness": ["point 1", "point 2"],
"physical_exam": ["point 1"],
"results": ["point 1"],
"assessment_and_plan": ["point 1"]

}

Use concise Thai clinical wording in the final SOAP sections, keeping common medical terms in English when appropriate. Use []
for sections not present in the conversation. Do not invent details. The conversation is:

Figure 5: CoT for SOAP note generation based on ACI-BENCH (Yim et al., 2023) and Wu et al. (2025).

Atomic Fact LLM Judges, the ReferenceRecall and
GeneratedPrecision judges, which are also used by
the Atomic Fact Reward (Eq. 3) and the Clinical
Significance Reward (Eq. 4).

On a separate internal validation set of 23 en-
counters, we compared the atomic facts extracted
by our prompt against the expert-curated gold-
standard atomic facts in a precision-recall fashion.
The tuned extractor is then used to generate the ref-
erence atomic facts as reasoning trace targets.

The ReferenceRecall judge measures whether
every gold-standard atomic fact was included by
attempting to find matches for each gold-standard
atomic fact and classifies them as either Matched,
Missing Details, or Not Found. Missing Details
represents cases where some clinically relevant in-
formation, such as symptom details, was missing.
It uses the prompt shown in Figure 9.

The GeneratedPrecision judge measures
whether each generated atomic fact was supported

by classifying each generated atomic fact as
Matched, Excess Details, or Not Found against the
gold-standard atomic facts. Excess Details refers
to cases where some ungrounded information was
introduced. It uses the prompt shown in Figure 10.

The two judges were also implemented with
Gemini 2.5 Pro, using 8,192-token thinking bud-
get. We validate both judges against a physician
annotation of the same task, obtaining a Cohen’s κ
of 0.744 for the ReferenceRecall judge and 0.764
for the GeneratedPrecision judge, as shown in Ta-
ble 3. Table 4 reports the resulting physician-
judged performance of the atomic extractor. Re-
call is the more consequential property here, since
the extracted facts serve as the reference set for the
atomic fact reward (Eq. 3), the clinical significance
reward (Eq. 4), and the ClaimEntailment metric.

B.2 Clinical Significance Classification
The clinical significance levels were designed as
a hierarchy to represent causality between clini-
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Metric Acc. Prec. Rec. F1 κ MAE Pearson Spearman #Facts
GeneratedPrecision 92.0 79.2 94.7 83.3 0.764 – 0.896 0.828 651
ReferenceRecall 95.5 80.9 90.3 82.4 0.744 – 0.857 0.816 571
ClinicalSignificance 81.1 73.6 74.1 73.2 0.743 0.604 0.711 0.762 571

Table 3: The agreement between the LLM judges used for atomic facts and a Thai board-certified physician on the
23-encounter internal validation set. #Facts refers to the number of facts; generated atomic facts for GeneratedPre-
cision and gold-standard atomic facts for ReferenceRecall and ClinicalSignificance.

Direction Matched Missing
Details

Excess
Details

Not Found
(no reference match) #Facts

ReferenceRecall 92.3 4.2 – 3.5 571
GeneratedPrecision 83.9 – 5.5 10.6 651

Table 4: Atomic fact extractor performance labeled by a board-certified physician on the 23-encounter internal
validation set. Values are percentages of the judged facts. Not Found indicates that a fact had no counterpart in the
gold-standard set, not that it was unsupported by the transcript.

cal notions and how one could influence another.
Moreover, to circumvent subjectivity present in
clinical decisions as much as possible, we focus
on the patient care, starting from immediate care
and extending to longitudinal care. Diagnosis-
impacting facts affect the assessment of the current
visit, which cascades down to consequent manage-
ment and future treatment. Treatment-impacting
details are needed to prescribe the correct man-
agement. Required facts include the details re-
quired by clinical standards, which may or may
not affect the diagnosis and/or treatment. Follow-
up-relevant contains the details that might not be
crucial in the immediate care, but could be useful
context for follow-ups. Future-reference contains
the details that could be useful for longitudinal pa-
tient care or provide more context for the patient’s
life. Lastly, Irrelevant facts are facts that do not
contribute to the care and thus should be promptly
dropped.

Concretely, the multi-class classification is per-
formed by Gemini 2.5 Pro, with 8,192 thinking
budget using the prompt shown in Figure 11, and
takes in the list of atomic facts to be classified as the
user prompt. Note thatGood for follow-up in the in-
struction refers toFollow-up-relevant, For future in
the instruction refers to Future-reference, and Not
needed in the instruction refers to Irrelevant.

In order to ensure physician alignment, we eval-
uated the classifier against the same internal vali-
dation set. Given the gold-standard atomic facts
extracted by a physician, the clinical significance
level of each fact is annotated by physicians. The
LLM is then tasked to classify each atomic fact

into one of the six levels, which are then compared
against the ground-truth significance level. As the
classes are ordinal, we introduce mean absolute er-
ror (MAE) as another metric to judge the perfor-
mance, assigning values to each class (Diagnosis-
impacting as 1, Irrelevant as 6). The human-
alignment results are shown in Table 3. Crucially,
the LLM achieves a Cohen’s κ score of 0.743,
demonstrating a high level of alignment with physi-
cians, and an MAE score of 0.604 showing that er-
rors are usually minor confusion between adjacent
classes.
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SOAP Note Generation Prompt with Structured Reasoning
Summarize the Thai doctor–patient conversation to generate a Thai clinical note with four sections: HISTORY OF PRESENT ILL-
NESS, PHYSICAL EXAM, RESULTS, ASSESSMENT AND PLAN.
Before writing the final SOAP note, build structured reasoning from the transcript.
Atomic fact extraction rules: You are an expert medical scribe assistant fluent in Thai and English; Extract atomic facts from the
medical transcript before writing the final SOAP note; An atomic fact is the smallest self-contained statement that expresses one
verifiable clinical or situational detail; Stand-alone: each fact must be understandable on its own. Do not write pronouns such as “it got
worse” without the clinical referent; Single idea: each fact must contain exactly one relation, condition, symptom, result, action, plan,
or context item; Decompose: split compound statements into separate facts. Avoid conjunctions or multiple clauses that express more
than one idea; Format: write short, natural, complete sentences; Language: use Thai primarily, with English medical terms as needed;
Fidelity: do not infer or add any information not explicitly present in the transcript; Use one reasoning.atomic_bullets list for
the whole conversation. Do not split atomic bullets into SOAP sections; Use [] when the conversation has no supported atomic facts.
For every atomic bullet, assign only a medical_significance value using exactly one label from this list:
Medical significance classification logic: Evaluate each atomic fact using the following strict hierarchy. If a fact fits multiple cate-
gories, assign the highest-priority applicable label.
1. Diagnosis-impacting: The fact concerns the differential diagnosis or findings of this visit. This includes chief complaints, reason
for visit, appointment adherence, labs, imaging, findings, disease progression, or symptom changes.
2. Treatment-impacting: The fact influences treatment plans for this visit. This includes medications, dosage changes, new prescrip-
tions, side effects, compliance, follow-up timing or purpose, procedures, interventions, and details that affect advice given during this
visit.
3. Required: The fact contains hospital-standard required details. This includes underlying conditions, past surgeries, genetic condi-
tions, drug allergies, smoking or drinking status, and amounts, duration, or changes in those exposures.
4. Good for follow-up: The fact is not essential for this visit but is useful for consequent follow-up visits. This includes specific advice
given, additional management-plan details, follow-up symptom details, planned consults, referrals, and treatment goals.
5. For future: The fact is not essential for this visit or near follow-up but may be useful later. This includes appointments for unrelated
conditions, family history, stable social/lifestyle history, and distant past medical history that does not affect current care.
6. Not needed: The fact should be excluded because it adds no clinical value or clutters the record. This includes redundant facts, vague
or non-specific symptoms when a more specific fact exists, hyper-specific low-value details, common knowledge, generic follow-up
reasons, resolved unrelated past illnesses, doctor explanations/prognosis, remaining medication amounts, generic medication details,
and administrative or miscellaneous details.
Additional classification rules: If an atomic fact is a subset of another atomic fact, label the subset as Not needed due to redundancy.
Details that affect advice given during this visit are Treatment-impacting; the advice itself is Good for follow-up. If a vague symptom
is the only mention of that symptom, classify it by its own significance. If a more specific atomic fact captures the same symptom,
label the vague fact as Not needed.
Use atomic facts and their medical_significance labels to build structured step-by-step reasoning as a base for structuring which
topic should be in the final SOAP note.
Use concise Thai clinical wording in the final SOAP sections, keeping common medical terms in English when appropriate. Use []
for missing reasoning bullets and missing SOAP sections. Do not invent details.
Return valid JSON that matches this schema exactly:

{
"reasoning": {
"atomic_bullets": [

{
"atomic_bullet": "one clinically meaningful fact from the conversation",
"evidence_note": "brief evidence grounding showing which part of the transcript directly supports

this atomic fact and label, without adding any new clinical interpretation",↪→
"medical_significance": "Diagnosis-impacting"

}
]

},
"history_of_present_illness": ["point 1", "point 2"],
"physical_exam": ["point 1"],
"results": ["point 1"],
"assessment_and_plan": ["point 1"]

}

NOTES: Extract all facts BEFORE assigning labels; Do NOT filter or remove facts based on medical_significance;
medical_significance must not change or reinterpret the original fact; The atomic fact text must remain unchanged after labeling;
Every SOAP bullet must be directly supported by one or more atomic bullets. Do NOT add new information; PROVIDE BRIEF
EVIDENCE-GROUNDED EXPLANATION FOR EACH BULLET; Do NOT add clinical interpretation beyond the transcript.
The conversation is:

Figure 6: ASCRIBE structured reasoning prompt (Section 3.1). The model extracts atomic facts with supporting
evidence, assigns each a clinical significance level, and then generates the SOAP note conditioned on the resulting
reasoning trace. The significance labels here follows the mapping outlined in Appendix B.2.
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Reference SOAP Note Refinement Prompt
Please act as an impartial clinical-note refinement judge.

You will receive: 1. the original SOAP summary, 2. the source doctor–patient transcript.

Your goal is to produce a refined SOAP summary that improves both: precision: remove, revise, or replace unsupported, contradicted,
overly specific, or imprecise information; coverage: preserve and recover clinically useful facts that are grounded in the transcript.

The transcript is the only source of truth.

Work sequentially:
1. Flatten the original SOAP summary into points in this section order: history_of_present_illness, physical_exam, results,
assessment_and_plan. Assign point_id values starting at 0 in that flattened order.
2. For each original SOAP point, perform evidence lookup and factual evaluation together: identify transcript chunks relevant to the
point; compare the point against those chunks; determine whether the point is fully supported, partially supported, unsupported, or
contradicted; cite only the chunk indexes that justify the decision.
3. Assign factual_prediction: 1 when the point is fully supported by the cited transcript chunks; 0.5 when the point is partially
supported but contains unsupported, overly specific, or imprecise details; 0 when the point is unsupported, contradicted, or cannot be
grounded as written.
Evidence citation rules: If factual_prediction is 1, cited_evidence must contain chunks that fully support the point;
If factual_prediction is 0.5, cited_evidence must contain chunks that support the grounded part of the point; If
factual_prediction is 0 because no transcript evidence exists, cited_evidence should be []; If factual_prediction is
0 because the point is contradicted, cited_evidence should cite the contradicting chunks; cited_evidence must support both the
factual_prediction and corrected_fact.
4. For every original SOAP point, produce corrected_fact. corrected_fact must always be a string.
Rules for corrected_fact: If factual_prediction is 1: preserve the original point, or enrich it with directly supported tran-
script details if they are clinically useful and grounded; If factual_prediction is 0.5: revise the point by removing unsupported,
contradicted, overly specific, or imprecise details; If factual_prediction is 0: replace the point with the closest accurate transcript-
grounded fact from the same clinical topic only if that replacement is clinically useful and belongs in the SOAP note. If no related
grounded fact exists, or if the only related evidence is absence of measurement, uncertainty, or patient concern without a clinical con-
clusion, use an empty string "".
5. Review the transcript directly to identify clinically important missing or underrepresented facts that are not already represented by
any non-empty corrected_fact.
6. Include clinically useful missing facts in missing_facts when they are: explicitly stated or reasonably inferred from the transcript;
important for diagnosis, symptoms, examination, results, management, follow-up, or required documentation; not redundant with
corrected_fact content; specific enough to be useful in a clinical note.
When recovering missing facts, prioritize: chief complaint and key symptoms; symptom duration, severity, progression, and relevant
negatives; abnormal or clinically relevant physical exam findings; abnormal or clinically relevant results; diagnoses or assessments
explicitly stated by the clinician; medications, procedures, investigations, referrals, follow-up, and safety-net advice explicitly discussed.
Do not include small talk, repeated confirmations, administrative details, vague concerns without clinical conclusion, or low-value
conversational filler.
7. Put each missing fact into the most appropriate SOAP section: history_of_present_illness, physical_exam, results, or
assessment_and_plan. Each missing_facts item must include: point, reasoning, cited_evidence.
8. Build the final refined_summary by combining: all non-empty corrected_fact values; clinically important missing_facts.

Grounding rules: Use information explicitly stated or reasonably inferred from the casual Thai conversation; Reasonable inference
may include common conversational paraphrases and clearly implied meanings; Clinical term normalization is allowed when the tran-
script clearly describes the finding in lay or conversational language; Do not add unsupported medical assumptions, likely clinical
implications, new diagnoses, severity, temporality, laterality, measurements, or causal relationships that are not grounded in the tran-
script; Preserve clinically meaningful grounded details such as symptom, duration, severity, laterality, location, frequency, medication,
dose, test result, and plan whenever supported by the transcript; Do not replace specific grounded facts with vague summaries; Place
each fact in the most clinically appropriate SOAP section based on clinical meaning, not only wording similarity; Avoid duplicates.
If a fact is already represented by corrected_fact, do not repeat it in missing_facts or refined_summary; Keep the refined
summary concise, clinically useful, and in the same language as the original summary when possible.

The final refined_summary should be the final corrected and coverage-improved SOAP note. The missing_facts section is an
audit trail explaining which clinically useful facts were added or restored for coverage.

Return structured JSON with exactly these top-level keys: eval, missing_facts, refined_summary.

Requirements: eval must contain one item for every original-summary point, using point_id values assigned by flattening
original_summary in section order; Each eval item must contain exactly these keys: point_id, point, factual_prediction,
explanation, cited_evidence, corrected_fact; corrected_fact must always be a string. Use "" only when no related
grounded and clinically useful replacement fact exists; cited_evidence must contain only valid zero-based transcript chunk
indexes from the input; missing_facts must contain exactly these keys: history_of_present_illness, physical_exam,
results, assessment_and_plan; each missing_facts item must include point, reasoning, and cited_evidence; each
missing_facts cited_evidence must contain only valid zero-based transcript chunk indexes from the input; refined_summary
must contain exactly these keys: history_of_present_illness, physical_exam, results, assessment_and_plan;
refined_summary should include all non-empty corrected_fact values and clinically important missing facts; Return only valid
JSON.

Figure 7: Prompt used to refine the reference SOAP notes that serve as SFT targets (Section 4.4).
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Atomic Fact Extraction Prompt
You are a clinical scribe — a faithful minute-taker for Thai doctor–patient consultations. Your job is to record everything that was said,
completely and exactly. You are NOT summarising, NOT interpreting, NOT judging importance. You are recording.
Output a list of atomic facts: short, self-contained Thai sentences, each encoding exactly one discrete piece of information that was
stated in the conversation.
Read the entire transcript before writing: Read the transcript fully from start to finish before writing any bullets. Thai consultations
frequently use demonstratives (ตัวนั้น, อันนั้น, เรื่องนั้น, ค่านั้น, ท่ีว่า, ดังกล่าว, ฯลฯ) to refer forward or backward to a specific named entity —
a drug, a lab value, a diagnosis. Because you have already read the whole transcript, you know the specific name. Always use the
specific resolved name in every bullet that refers to that entity, not the demonstrative. Only use a generic descriptor if the referent is
genuinely unnamed anywhere in the transcript.
Two cardinal rules:
1. COMPLETE — capture everything that was said. Extract every distinct fact that was explicitly stated, including: clinical
facts, symptoms, history, physical-examination findings, lab / vital-sign values; diagnoses, assessments, decisions, treatment plans,
medications, follow-up; advice and recommendations; administrative, social, and explanatory statements (e.g. a requested medical
certificate, a referral, the doctor’s explanation of why a symptom happens, information that comes up in small talk). Do not drop a fact
because it seems minor or non-clinical — relevance is judged by a separate downstream module, not by you. When in doubt, include
it.
2. FAITHFUL — never add what was not said. Record only what is explicitly present in the transcript. Do NOT infer, derive,
generalise, or interpret. No clinical elaboration: do not add a drug class, diagnosis, lab interpretation, cause, or consequence that the
speaker did not state. No invented attribution, qualifiers, purposes, numbers, or specifics. Advice ̸= behaviour: if the doctor advised
X, record the advice; do not record that the patient did X. Plan ̸= recommendation: “แพทย์จะไม่สั่งยา” (a decision not to prescribe) is
not “แพทย์แนะนําว่าไม่ต้องใช้ยา” (advising against it). Keep the act exactly as stated.
These two rules pull in opposite directions on purpose: a bullet that drops something that was said is incomplete; a bullet that adds
something that was not said is unfaithful. Avoid both.
Atomicity: One idea per bullet. Split compound statements (และ, แต่, …) when each part is a genuinely separate fact. Do not over-split:
if a clause is not meaningful on its own, keep it attached to the fact it completes. When you split a shared context, copy the shared subject
/ condition / trigger into each resulting bullet so each one stands alone, e.g. “ผู้ป่วยมีอาการคล่ืนไส้และท้องเสียหลังรับประทาน Metformin”
→ “ผู้ป่วยมีอาการคล่ืนไส้หลังรับประทาน Metformin” / “ผู้ป่วยมีอาการท้องเสียหลังรับประทาน Metformin”. Use full subjects (ผู้ป่วย / แพทย์), never
pronouns. Emit each distinct fact only once. When the same fact is repeated, confirmed, or restated during the conversation, write
it once — using the most complete version (resolved names, specific numbers). Do not write both the vague early mention and the
specific later clarification as separate bullets; keep only the resolved one.
Keep exactly what was said — but never invent it: When the following appear in the transcript, they belong in the bullet. When they
do not appear, do not add them.

Element Keep it when present

Source / speaker Who said, found, assessed, or decided it, and the nature of the act (บอกว่า / รายงานว่า / ตรวจพบว่า / ประเมินว่า
/ แนะนําว่า / จะ…). Use แพทย์คนก่อน / แพทย์ท่านเดิม only if the transcript actually distinguishes a prior
physician.

Temporal & causal clauses หลังจาก, เมื่อ, ต้ังแต่, เนื่องจาก, เพราะ — keep joined to the fact when it is incomplete without them.
Purpose clauses เพื่อ…, สําหรับ… attached to a recommendation stay with that recommendation.
Scope / regularity
qualifiers

ประจํา, เป็นประจํา, ทุกวัน, บางครั้ง, แค่, เท่านั้น, เฉพาะ, ด้วยตนเอง, ในร่ม, ท่ีบ้าน, ฯลฯ

Values & specifics numbers, doses, ranges, durations, laterality, drug / lab names — exactly as stated.

Output format: Write each fact as a complete, natural Thai sentence; Keep English only for proper medical terms (drug names, lab
names) that have no standard Thai equivalent; One fact per item. Return the full list; do not omit facts for brevity.

Figure 8: The system prompt used for the atomic fact extraction step which contains the three atomicity rule as
described in Section 3.1
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ReferenceRecall Judge Prompt
You are an expert medical documentation evaluator assessing RECALL: for each REFERENCE atomic bullet, determine whether its
clinical content is captured by the GENERATED bullets.
Context: Atomic bullets are extracted from clinical consultation transcripts. Each bullet encodes one discrete clinical fact. You
compare REFERENCE (gold standard) bullets against GENERATED (system output) bullets to measure recall — how much of the
reference is preserved.
Classification:
Matched: Every medically/clinically significant detail of the reference bullet is fully represented by one or more generated bullets.
Synonyms, paraphrasing, and language/translation differences are acceptable provided the clinical meaning is equivalent.
Missing Details: The reference bullet’s topic appears in the generated bullets, but at least one medically/clinically significant detail is
absent or altered — a specific value, range, temporal qualifier, severity, or clinical modifier that would affect clinical interpretation or
documentation accuracy.
Not Found: No generated bullet addresses the same clinical fact or topic. The information is entirely absent from the generated output.
Decision Steps: For each reference bullet:
1. Identify all generated bullets that are semantically related to it.
2. If none exist → Not Found.
3. If related bullets exist, check whether ALL clinically significant details are covered: All covered → Matched; Some covered, key
details missing → Missing Details.
What Is Clinically Significant: Numeric values, ranges, or thresholds (e.g. “100–110 mmHg” vs. vague “normal range”); Temporal
qualifiers (e.g. “when sleeping late”, “for 3 days”, “since last week”); Laterality, severity, or frequency modifiers; Medication names,
doses, or administration routes; Specific diagnoses, procedures, or test results; Presence or absence of a symptom or finding.
Do NOT penalise for synonyms, paraphrasing, or language/translation differences that carry the same clinical meaning.
Important Clarifications:
Generated bullet containing MORE than the reference is not a problem here. When a generated bullet covers all clinical content
of a reference bullet and additionally introduces extra details, the reference bullet is still Matched. “Missing Details” applies only
when the generated side is MISSING something from the reference. Do NOT assign “Missing Details” because a generated bullet
happens to go beyond what the reference states — that is a concern for the generated-side evaluation, not the reference-side.
Attribution and the source of a clinical fact are clinically significant. Consider the full picture of who did what, not just the bare fact.
Clinical interpretation vs. underlying data: A clinician’s explicit assessment, judgment, or announced interpretation of a finding is not
equivalent to the finding itself. If the reference records that a clinician assessed or concluded something, a generated bullet that states
only the underlying measurement or bare fact — without preserving the clinician’s interpretive role — is Missing Details. Identity
of the actor: Which clinician performed an action (e.g., a previous treating physician vs. the current one) is clinically distinct. The
absence of this distinction is Missing Details. Patient intent vs. patient action: A patient’s expressed desire or request is not the same
clinical fact as what the patient is actually doing. If the reference encodes intent or request, a generated bullet describing the patient’s
action or the clinician’s response does not cover the reference fact. Clinical decision vs. recommendation: An explicit clinical decision
or plan carries a different meaning from advice or recommendation. Substituting one for the other may constitute Missing Details or
Not Found depending on howmuch the meaning changes. Clinician’s statement vs. resulting patient behavior: If the reference records
something the clinician communicated or decided, a generated bullet describing the patient’s resulting behavior does not capture the
reference fact.
Purpose or rationale attached to a recommendation is a documented detail. When a reference bullet documents advice together
with its stated purpose or rationale, that purpose is part of the clinical record. A generated bullet that captures the advice but drops the
stated purpose is Missing Details.
Frequency and scope qualifiers change clinical meaning. Modifiers that describe how often, how routinely, or how exclusively
something occurs (e.g., regularly, always, only/exclusively) are clinically significant when applied to medication use, symptom patterns,
or patient behaviors. Their absence is Missing Details.
Parenthetical synonyms and labels are not independent clinical details. If the reference bullet includes a parenthetical that is merely
a common synonym, abbreviation, or explanatory label for the same concept already named in the bullet, its absence in the generated
output is NOT a missing clinical detail, provided the core concept is preserved.
Output: Evaluate every REFERENCE bullet in the order provided. Return one entry per bullet, using the bullet’s 1-based index
number (bullet_index) as shown in the numbered input list.

Figure 9: The system prompt used for the reference-side (recall) atomic judge.
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GeneratedPrecision Judge Prompt
You are an expert medical documentation evaluator assessing PRECISION: for each GENERATED atomic bullet, determine whether
its clinical content is supported by the REFERENCE bullets.
Context: Atomic bullets are extracted from clinical consultation transcripts. Each bullet encodes one discrete clinical fact. You
compare GENERATED (system output) bullets against REFERENCE (gold standard) bullets to measure precision — how much of
the generated output is grounded in the reference.
Classification:
Matched: Every medically/clinically significant detail of the generated bullet is fully supported by one or more reference bullets.
Synonyms, paraphrasing, and language/translation differences are acceptable provided the clinical meaning is equivalent.
Excess Details: The generated bullet’s topic appears in the reference bullets, but the generated bullet introduces at least one medical-
ly/clinically significant detail that goes beyond what the reference states — an added value, qualifier, or clinical modifier not present
in the reference.
Not Found: No reference bullet addresses the same clinical fact or topic. The generated bullet’s content is entirely absent from the
reference.
Decision Steps: For each generated bullet:
1. Identify all reference bullets that are semantically related to it.
2. If none exist → Not Found.
3. If related bullets exist, check whether ALL details in the generated bullet are supported by the reference: All supported→ Matched;
Extra details present beyond the reference → Excess Details.
What Is Clinically Significant: Numeric values, ranges, or thresholds; Temporal qualifiers (e.g. duration, timing, frequency); Lateral-
ity, severity, or frequency modifiers; Medication names, doses, or administration routes; Specific diagnoses, procedures, or test results;
Presence or absence of a symptom or finding.
Do NOT penalise for synonyms, paraphrasing, or language/translation differences that carry the same clinical meaning.
Important Clarifications:
Reference bullet having MORE content than the generated bullet is not the concern here. When a reference bullet contains more
detail than the generated bullet — for example, the reference attributes a finding to a clinician but the generated bullet states only
the bare fact — this does NOT make the generated bullet Excess Details. The generated bullet is only Excess Details for content it
introduces BEYOND the reference. Dropped reference content (e.g., attribution, context) is a recall concern evaluated on the reference
side, not here.
Explicit specificity added beyond the reference is Excess Details. When the generated bullet introduces a specific type, category,
or label — such as naming a particular medication class, specifying a clinical subtype, or adding a procedure category — that is not
stated in any reference bullet, this is Excess Details. The detail need not be clinically implausible; it only needs to go beyond what the
reference explicitly documents. Inferability from clinical context does not make it supported.
Scope and exclusivity qualifiers added beyond the reference. Words that restrict or narrow a fact (e.g., “only”, “exclusively”, “never”,
“always”) are clinically significant. If the reference does not explicitly support such a qualifier applied to the same fact, its presence in
the generated bullet is Excess Details.
Language subtlety tolerance — when to keep Matched. The instruction not to penalise synonyms and paraphrasing applies broadly.
When the difference between reference and generated content lies in phrasing style rather than clinical substance — for example,
“symptoms subsided” vs “symptoms resolved”, or “medication did not help” vs “medication did not help much” — these express
clinically equivalent meaning and should be Matched. Apply Excess Details only when the generated bullet introduces a genuinely
distinct clinical claim not derivable from the reference wording. If you are unsure whether a phrasing difference changes the clinical
meaning, default to Matched.
Output: Evaluate every GENERATED bullet in the order provided. Return one entry per bullet, using the bullet’s 1-based index
number (bullet_index) as shown in the numbered input list.

Figure 10: The system prompt used for the generated-side (precision) atomic judge.

160



Clinical Significance Classification Prompt
Medical Significance Classification
Role & Task: You are an experienced Clinical Resident and Senior Clinical Documentation Specialist. Your goal is to process a
list of “atomic facts” extracted from a doctor–patient encounter and classify their medical significance. The medical significance
classifications will be used to determine which facts should be included/excluded from the medical record to ensure accurate and
efficient clinical documentation.
You will receive a list of {{count}} indexed atomic facts:

[
{"atomic_fact_1": "First atomic fact text..."},
{"atomic_fact_2": "Second atomic fact text..."},
...

]

Classification Logic: Evaluate each atomic fact using the following medical significance levels. This is a strict hierarchy. If a fact fits
multiple categories, assign the HIGHEST (lowest numbered) level.
1. Diagnosis-impacting: (Highest priority) The atomic fact concerns the differential diagnosis or findings of this visit. This includes:
Information that changes or refines the list of possible diagnoses being considered; Chief complaint(s) and details regarding the reason
for the visit (including patient’s adherence to appointments); Labs, imaging, or findings; Disease progression or changes in symptoms.
2. Treatment-impacting: The atomic fact influences the treatment plans of this visit. This includes: Medications (past dosage,
changes in dosage, new medications prescribed, side effects, patient’s compliance); Follow-up appointment details including timing,
purpose, and planned evaluations; Procedures or interventions planned for this visit; Details that affect advices given during this visit.
3. Required: The atomic fact contains details required by hospital standards. This includes: Underlying conditions, past surgeries,
genetic conditions; Drug allergies; Drinking or smoking status, along with amounts, duration, and changes.
4. Good for follow-up: The atomic fact is not essential for the current visit but is useful for consequent follow-up visits. This includes:
The specific advices given during this visit; Additional details onmanagement plans or symptoms for follow-up visits; Planned consults,
referrals, target treatment goals.
5. For future: The atomic fact is not essential for the current visit and consequent follow-up visits but may be useful for future
reference. This includes: Appointments for other conditions/specialties not related to this visit; Family history; Social history and
lifestyle details at a high level (that likely won’t change soon); Distant past medical history that does not impact current care.
6. Not needed: (Lowest priority) The atomic fact that doesn’t impact current and future diagnosis and treatment, i.e., should
be excluded as they add no clinical value and clutter the record. This includes: Redundancy: Information captured elsewhere or
can be derived from other facts (e.g., lab value interpretations, repeated/overlapping statements); Vague/Subjective: Non-specific
patients phrases or symptoms (e.g., “รู้สึกไม่สบาย”, “ตัวรุม ๆ”, “มึนหัว”), unless it’s the only mention of a specific symptom; Hyper-
specific: Details or reasons that too specific where they has no value for this or future visits (e.g., “กินยาตอนเช้าเพราะต่ืนสาย”,
“ไม่ได้มารับยาตามนัดเพราะรถติด”); Common knowledge: Medical definitions, established diagnostic criteria, or “common sense” future
follow-up reasons (“นัดครั้งหน้าเพื่อติดตามอาการ”, “นัดครั้งถัดไปมารับยา”); Past history of resolved general illnesses that do not impact cur-
rent care (e.g., childhood illnesses, past GERD); Doctor’s explanations or prognosis (e.g., your infection is viral in nature so antibiotics
are not needed, you will likely feel better in a week); Amount of remaining medication and generic medication details; Administrative
or miscellaneous details (e.g., “ผู้ป่วยขอใบรับรองแพทย์เพื่อลางาน”, “ผู้ป่วยไม่มีเครื่องวัดความดันท่ีบ้าน”).
Note: The categories are hierarchical. If an atomic fact fits multiple categories, assign the HIGHEST (lowest numbered) level; Atomic
facts that are subset of other atomic facts should be classified as “Not needed” due to redundancy, while the more comprehensive
fact should be classified according to its own significance; Details that affect advices given during this visit should be classified as
“Treatment-impacting”, while actual advices given should be classified as “Good for follow-up”; In cases where there is only a single
mention of a vague/subjective symptom, it should be classified according to its own significance rather than defaulting to “Not needed”;
However, if there is a more specific atomic fact that captures the same symptom (e.g. เวียนหัว is better than มึนหัว), the vague/subjective
mention should be classified as “Not needed” due to redundancy.
Output Format: IMPORTANT RULE You must return an array of exactly {{count}} classification objects, each corresponding to
the atomic fact at the same index in the input list. Do not skip any items. Your output must be a single JSON object with the following
structure:

{
"atomic_fact_classification": [

{
"index": "Index of the atomic fact",
"justification": "Explain WHY this fits the specific category based on the hierarchy rules.",
"medical_significance": "Diagnosis-impacting" | "Treatment-impacting" | "Required" | "Good

for follow-up" | "For future" | "Not needed"↪→
},
...

]
}

Figure 11: The system prompt used for the clinical significance classification step. Significance labels follow the
mappings outline in Appendix B.2
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Rule Description
R1 Matching speaker. All speaker labels must be

“Doctor” or “Patient” only.

R2 Language use. Language should be conversa-
tional, not overly formal.

R3 Intent matching. Information discussed must
align with the patient profile and the current sec-
tion intent.

R4 Intent focus. Must not miss or derail from themain
focus of the current section.

R5 Turn length. No turn may be empty, too short (<2
words), or excessively long (>120 words).

R6 Repetition. Must not contain excessive repetitive
phrases across turns.

R7 Hallucination. Must not contain medical informa-
tion not found in the patient profile; this includes
the doctor’s own diagnosis and treatment plan.

R8 Medical safety. Must not contain unsafe medical
advice.

R9 No diagnosis (patient). The patient must not self-
diagnose a condition; doctor turns always pass.

R10 No treatment (patient). The patient must not rec-
ommend treatments; doctor turns always pass.

Table 5: The ten validation rules used by the section-
level judge. Each generated section must satisfy all
rules.

C Additional Details on Synthetic
Transcript Generation

Figure 12 outlines the workflow of our transcript
synthesis pipeline, adapted from Ge et al. (2025).

C.1 Intent Planning
Pre-processing. We use Gemini 2.5 Pro to di-
arize transcripts, assigning each turn (defined as
a single uninterrupted speech segment by one
speaker) to either the doctor or the patient, and
grouping the turns into an ordered list of intent
nodes, referred to as the intent skeleton. Each node
contains the role of the dominant speaker of the sec-
tion along with the main topic discussed.

Intent Graph Construction. For each intent
skeleton [v1, v2, . . . , vn] of n intents, every adja-
cent pair (vi, vi+1) is a directed transition, result-
ing in n − 1 transitions per encounter. We con-
struct an intent graph G by aggregating the intent
skeletons from all encounters in our real transcript
corpus to capture common interaction patterns in

clinical visits. Nodes representing the same intent
are merged, nodes occuring only once are dropped,
and opening and closing intents are kept in a sepa-
rate pool. Following Ge et al. (2025), let c(u → v)
be the number of times intent u is immediately fol-
lowed by v anywhere in the corpus, and c(u → ∗),
the total transitions leaving u. The weight of the
edge from any node u to another node v is then:

P (v | u) = c(u → v)

c(u → ∗) (5)

Intent Graph Traversal. The constructed in-
tent graph G provides candidate transitions be-
tween clinical intents. We then traverse the graph
with depth-first search to generate candidate intent
paths. Gemini 2.5 Pro is used to create a traversal
rule to only walk through intent nodes that could
cover information present in the patient profile. We
enumerate at most 500 candidate paths, whose cu-
mulative transition probability (the product of their
edge weights) must exceed τ = 0.02, and send the
top k = 10 most probable paths to the judge.

Gemini 2.5 Pro scores the top-k candidate paths
on two axes: GroundednessGandCompletenessC.
Groundedness penalizes intents with no matching
content in the profile, while Completeness ensures
every section of the patient profile would be cov-
ered. Let P = (v1, . . . , vm) be a candidate intent
path and F the set of non-empty fields in the pa-
tient profile. The judge returns U ⊆ P , the intents
with no basis in the profile, andN ⊆ F , the profile
fields addressed by no intent in P . The two scores
are:

G(P) = 1− |U|
|P| , (6)

C(P) = 1− |N |
|F| , (7)

which are combined into the final path score:

S(P) = wc · C(P) + wg · G(P), (8)

with wc = 0.6 and wg = 0.4, weighting com-
pleteness more heavily since omitting patient in-
formation is harder to recover from than a mildly
irrelevant question. The candidate path with the
highest S is selected.

An opening and a closing intent are drawn from
the separate pool and bookend the final intent path.
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Figure 12: An overall workflow of our synthetic transcript generation pipeline, adapted from Ge et al. (2025).

C.2 Transcript Generation
Agent Design. The two agents, designated as
the doctor agent and the patient agent, are imple-
mented with Gemma-3-12b-it, hosted locally us-
ing vLLM, sharing the engine and sampling set-
tings (0.5 temperature, 512 max tokens/reply) but
keeping separate instructions and message histo-
ries. The conversation always begins with the doc-
tor agent. At each turn, an agent receives (1) the
role system prompt, (2) the current intent, and (3)
the other agent’s latest utterance. The patient pro-
file is integrated into the system prompt to ensure
the synthesized conversation is grounded in it.

Per-Intent Loop. For each intent in the skele-
ton, the two agents take turns. After each ex-
change (the doctor agent asks, and the patient agent
responds), a Gemma-3-12b-it judge (temperature
0.0) answers STOP or CONTINUE to indicate
whether the intent has been fulfilled. If the intent is
fulfilled, or the cap of three exchanges (six turns)

is reached, the generated turns are committed as
a dialogue section and sent to be validated. We
end rounds dynamically as we found that fixing the
number of turns per intent yields sections that re-
peat themselves or end abruptly.

Validation. The dialogue section is judged
against ten validation rules using Gemini 2.5 Pro.
From the twelve filters proposed by Ge et al.
(2025), we adapted nine, dropped three, and added
a hallucination rule. Table 5 lists the validation
rules and Table 6 summarizes the notable changes.
The judge outputs an accept or reject decision,
along with feedback if the dialogue section is re-
jected. On rejection, both agents roll back their
message histories and regenerate the section us-
ing the feedback as additional guidance. We allow
three retry attempts, using the last attempt if all re-
tries fail. While Ge et al. (2025) apply their rules
as deterministic functions to individual utterances
and use a learned reward model to rank the sur-
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Rule Original (Ge et al., 2025) Ours
Role Language Style R2: Doctor utterances should use formal,

precise medical language; patient utter-
ances may include informal expressions,
fillers, or disfluencies.

R2: Language should be conversational,
not overly formal, reflecting spoken Thai
OPD encounters.

Intent Alignment R3: Utterances must mention key terms
relevant to the planned intent.

R3: Information discussedmust align with
the patient profile and the current section
intent.

Turn Length R5: Maximum 100 tokens; minimum 2 to-
kens.

R5: Maximum 120 words; minimum 2
words.

Terminology Validity R8: Must not contain prohibited medical
terms, unsafe advice, or known hallucina-
tion triggers.

R8: Must not contain unsafe medical ad-
vice; unsupported content is covered by
our R7 instead.

Grammar Structure R7: Reject outputs with incomplete sen-
tences (e.g., only punctuation or function
words).

Dropped.

Unapproved Drug Names R11: Drug mentions must use approved
generic names in the hospital formulary.

Dropped.

Temporal Consistency R12: Symptom durations and timelines
must be logically consistent with previous
context.

Dropped.

Hallucination — R7: Must not contain medical information
not found in the patient profile, including
the doctor’s own diagnosis and treatment
plan.

Table 6: Notable changes from the rule-based filters of Ge et al. (2025) to our validation rules. Rules not shown are
carried over with only minor rewording.

vivors, we use an LLM judge to validate the whole
section.

D Additional Details on LLM Judge
Evaluation Metrics

Following the introduction of the LLM judges
in Section 5, this section provides additional de-
tails of the ClaimEntailment and SOAPPrecision
judges. As noted in Appendix A, the prompts
could refer to a statement as a point.

D.1 ClaimEntailment Judge
We employ GPT-5.4-mini with medium reasoning
effort as the judge using the prompt introduced by
DocLens (Xie et al., 2024), shown in Figure 13.
Given a generated SOAP note and a set of refer-
ence facts extracted from the corresponding refer-
ence transcript, the judge independently evaluates
each fact and predicts a binary entailment label. A
prediction of 1 indicates that the fact is fully en-
tailed by the generated SOAP note, while 0 indi-
cates that the fact is not fully supported by the note.
The judge also produces a natural-language expla-
nation for each decision, although only the binary
predictions are used for evaluation.

For a test sample containing N reference facts,
the ClaimEntailment score is computed as the pro-
portion of facts that are judged as entailed:

ClaimEntailment =
∑N

i=1 ei
N

, (9)

where ei ∈ {0, 1} denotes the entailment pre-
diction for the i-th reference fact. The final Clai-
mEntailment reported in the paper is obtained by
macro-averaging this score across all test samples.

We additionally reportClaimEntailment-Impact
(CE-Impact), a variant of ClaimEntailment com-
puted only over clinically impactful reference
facts. Specifically, the evaluation includes only
facts labeled as Diagnosis-impacting, Treatment-
impacting, and Required. CE-Impact is computed
using the same formulation as ClaimEntailment,
but over this subset of clinically significant facts,
thereby emphasizing the metric to represent the
model’s ability to capture information that is more
relevant for clinical decision-making. Let I denote
the set of impactful reference facts. CE-Impact is
computed as:

CE-Impact =
∑

i∈I ei
|I| , (10)
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ClaimEntailment Prompt
Please act as an impartial judge and evaluate whether the Thai clinical note provided by an AI assistant can fully entail each claim
below. Also generate an explanation for your answer. For each claim, please output 1 or 0 for each claim, where 1 means the claim can
be fully entailed by the clinical note, and 0 means the claim contains information that cannot be entailed by the clinical note.
Use strict textual/logical entailment. Do not give credit for medical assumptions, likely implications, or information that is not explicitly
supported by the clinical note.
Return structured JSON with one evaluation for every claim. Preserve each claim_id and the original claim text.

Figure 13: Prompt used for theClaimEntailment judge, adapted fromDocLens (Xie et al., 2024). Given a generated
SOAPnote and a reference fact, the judge returns a binary entailment label with an explanation. Theworked example
included in the prompt is omitted here.

Metric Acc. Prec. Rec. F1 κ Pearson Spearman #Pairs
ClaimEntailment 88.3 98.4 82.4 89.7 0.763 0.788 0.855 571
SOAPPrecision 88.8 96.6 88.9 92.6 0.696 0.739 0.719 240

Table 7: Human alignment results between the LLM judges used for evaluation and a Thai board-certified physi-
cian on the same 23-encounter internal validation set. #Pairs is the number of judged items: reference facts for
ClaimEntailment and generated statements for SOAPPrecision.

where ei ∈ {0, 1} is the entailment prediction
for the i-th impactful reference fact. The final
CE-Impact score is obtained by macro-averaging
across all test samples.

To assess the reliability of the LLM judge, we
conducted a human alignment study with a Thai
board-certified physician. Given the same gener-
ated SOAP note and reference facts, the physician
independently evaluated each reference fact, as-
signing a binary entailment label using the same
evaluation protocol as the LLM judge.

The results are summarized in Table 7. The
LLM judge achieved a Cohen’sκ score of 0.763, in-
dicating substantial agreement with the physician’s
annotations and suggesting that the proposed Clai-
mEntailment judge provides reliable assessments
of clinical factual consistency.

D.2 SOAPPrecision Judge
We employ GPT-5 with medium reasoning ef-
fort as the judge using the prompt shown in Fig-
ure 14. Given a generated SOAP note and the
corresponding reference doctor–patient conversa-
tion, the judge independently evaluates each state-
ment in the generated SOAP note and predicts a
binary factual grounding label. A prediction of
1 indicates that the entire statement is supported
by the reference conversation, while 0 indicates
that the statement contains information that is un-
supported, contradicted, or cannot be established
from the conversation. The judge also produces a

natural-language explanation for each decision as
a reasoning chain of thought.

For a test sample containing P generated SOAP
statements, the SOAPPrecision score is computed
as the proportion of statements that are judged to
be factually supported:

SOAPPrecision =

∑P
i=1 fi
P

, (11)

where fi ∈ {0, 1} denotes the factual grounding
prediction for the i-th generated SOAP statement.
The final SOAPPrecision reported in the paper is
obtained by macro-averaging this score across all
test samples.

To assess the reliability of the LLM judge, we
also conducted a human alignment study with a
Thai board-certified physician. Given the gen-
erated SOAP note and reference doctor–patient
conversation, the physician independently evalu-
ated each generated SOAP statement by assigning
a binary factual grounding label using the same
evaluation protocol as the LLM judge. Table 7
demonstrates a Cohen’s κ score of 0.696, indicat-
ing substantial agreement with the physician’s an-
notations.
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SOAPPrecision Prompt
Please act as an impartial clinical grounding judge. Your task is to evaluate whether each point in a Thai clinical note written by an AI
assistant is supported by the reference doctor–patient conversation. For each point, output:
factual_prediction = 1 if the whole point is supported by the conversation, either directly, by clear paraphrase, or by a strong
and conventional SOAP-style clinical inference.
factual_prediction = 0 if any clinically meaningful part of the point is unsupported, contradicted, over-specific, ambiguous, or
only medically plausible.
This is a grounding task, not a medical correctness task. A point may sound clinically reasonable but should still receive 0 if the
conversation does not support it. At the same time, do not require word-for-word matching when the note uses standard clinical
summarization that preserves the same meaning.
Judging procedure:
1. Break the point into clinically meaningful subclaims. Examples include: symptoms/problems; diagnoses/assessments; disease
status or severity; laboratory values and vital signs; medications and treatments; dose, timing, duration, frequency; body location,
laterality, or qualifiers; causes, purposes, or rationales; demographic details; negative findings.
2. Evaluate each clinically meaningful subclaim separately.
3. Output 1 only if all clinically meaningful subclaims are supported.
4. Output 0 if any clinically meaningful subclaim is unsupported, contradicted, ambiguous, or more specific than the evidence supports.
5. In the explanation, identify the key supporting evidence or clearly identify the unsupported part.
Allowed support: Direct statements or close paraphrases; Evidence combined across multiple parts of the conversation; Conventional
SOAP summarization that preserves the same clinical meaning; Clinical normalization of shorthand, abbreviations, informal language,
or ASR-noisy wording when the intended meaning is clear from context; Strong assessment-level inference supported by multiple
aligned pieces of evidence from the history, examination, investigations, physician discussion, and plan. The goal is to judge clinical
meaning, not exact wording.
Clinical summarization rules: Accept conventional SOAP phrasing when it does not introduce new clinical facts; Accept standard
clinical terminology that directly describes findings already present in the conversation; Accept common assessment labels when the
overall clinical context strongly supports them; Accept routine plan summaries when they accurately describe the action discussed and
do not add new details; Do not reject a point solely because the note is more concise or more clinically phrased than the conversation.
Thai language and shorthand rules: Thai clinical shorthand may be normalized only when both the intended concept and value
are clear from context; Do not convert shorthand into a more specific laboratory test, diagnosis, or measurement when multiple in-
terpretations remain plausible; If the conversation clearly supports only a broader concept, do not automatically infer a more specific
clinical variable; If ASR wording is noisy but the intended meaning is clear, accept it; If multiple interpretations remain plausible, treat
over-specific interpretations as unsupported.
Demographic rules: Sex/gender can be accepted when explicitly stated or when the patient’s own speech consistently and coherently
indicates it with clear speaker attribution; Do not infer sex/gender from isolated cues, from the physician’s speech, or when speaker
identity is ambiguous; Do not infer nationality, age, occupation, or other demographic information unless supported by the conversation.
Medication rules: Medication continuation, discontinuation, modification, exact drug names, dosage, timing, frequency, and treatment
purpose are high-risk details and require strong support; Do not infer medication continuation merely because no stop order was given;
Do not infer medication continuation from medication history, adherence discussion, or medication lists alone; Do not infer exact
medication details unless they are explicitly stated or unambiguously derivable from stated information; Accept medication class
normalization only when the intended class is clear from the conversation.
Causality and purpose rules: Do not create causal, explanatory, or purpose relationships simply because two facts appear together;
Accept causality or purpose onlywhen the relationship is explicitly stated or clearly discussed; Reject explanations, rationales, treatment
purposes, or referral reasons that are merely medically plausible but not grounded in the conversation.
Disease status rules: Qualifiers such as controlled, uncontrolled, stable, progressive, improving, worsening, resolved, or disease
stage require stronger evidence than the diagnosis itself; Do not infer disease status from a single isolated clue; Accept disease status
only when supported by trends, targets, comparisons, physician assessment, management decisions, or multiple converging pieces of
evidence.
Numeric rules: Exact values must be supported by the conversation; Approximate wording may support approximate or range-based
statements, but not precise values; Do not convert approximate values into exact measurements; Do not add precision that is absent
from the conversation.
Negative finding rules: Do not infer absence of symptoms, absence of disease, absence of investigations, absence of risk factors, or
absence of history from silence; Accept negative findings only when explicitly stated, directly answered, or clearly communicated; For
bundled negative findings, each negative finding must be supported.
Bundled point rules: Judge the whole point; Every clinically meaningful component must be supported; However, do not treat
routine restatements of clearly described clinical actions as new unsupported facts; New diagnoses, medications, tests, causes, purposes,
severities, timelines, disease-status qualifiers, or other meaningful additions require support.
Follow-up rules: Follow-up intervals must be supported by the conversation; Follow-up purposes must be explicitly stated or strongly
tied to the physician’s discussion and plan; Do not add future investigations, monitoring goals, or follow-up reasons that were not
discussed.
Decision calibration: Be strict for high-risk factual details such as medications, doses, exact values, causality, disease status, future
plans, and treatment rationale; Be flexible for standard SOAP summarization, common clinical terminology, and clearly grounded
shorthand; Under uncertainty about a clinically meaningful detail, output 0; If factual_prediction is 0, explicitly identify the
unsupported, contradicted, ambiguous, or over-specific component; If the explanation concludes that the point is clearly supported,
factual_prediction should normally be 1.
Return structured JSON with one evaluation for every point, preserving each original point_id and point text.

Figure 14: Prompt used for the SOAPPrecision judge. Given a generated SOAP note and the encounter transcript,
the judge decides whether each clinical statement in the note is factually supported by the transcript. The worked
example included in the prompt is omitted here.
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E Additional Training Details

All experiments were conducted on one NVIDIA
H100 NVL GPU. For ROUGE-L, we use
PyThaiNLP’s newmm tokenizer (Phatthiyaphai-
bun et al., 2023). For BLEURT, we use bleurt-oss-
21/BLEURT-20.

Supervised Fine-tuning. We fine-tune Gemma-
4-E4B-it (Team et al., 2026) using supervised fine-
tuning (SFT) with LoRA (Hu et al., 2022) (r = 32,
α = 64) using the Unsloth framework (Han et al.,
2023). Training uses a maximum sequence length
of 8,192, a learning rate of 9× 10−5 with a cosine
decay scheduler, AdamW (Loshchilov and Hutter,
2019) optimizer, batch size of 16, and 6 epochs,
and selects the checkpoint with the lowest valida-
tion loss.

GRPO. We train GRPO on Gemma-4-E4B-
it (Team et al., 2026) with LoRA (Hu et al., 2022)
(r = 32, α = 64) on the Unsloth framework using
a learning rate of 8 × 10−6 and the AdamW opti-
mization with a cosine decay scheduler. Training
uses a batch size of 16 with 8 sampled generations
per prompt with 0.4 temperature, a maximum com-
pletion length of 4,096 tokens, and 300 optimiza-
tion steps. All LLM judges used as reward func-
tions in the GRPO training are evaluated by Grok-
4.3 using the same instructions to lower training
costs. For the weights of each reward presented
in Section 3.2.2, we use λformat = 3, λAF = 2,
λsig = 1, λcomp = 4, and λfact = 3 as the
weights of Rformat, RAF, Rsig, Rcomp, and Rfact, re-
spectively. The final reward is computed as their
weighted sum:

Rall = λformatRformat + λAFRAF + λsigRsig

+ λcompRcomp + λfactRfact.
(12)

These weights are used for all ASCRIBE-based
GRPO models.

For Rsig, the Atomic Fact LLM Judge may
match a generated fact to multiple reference facts.
Let C(i) = {c(i)1, . . .} denote the set of refer-
ence fact indices matched to the generated fact fi.
The predicted significance label si is considered
correct if it matches the significance label of any
matched reference fact. Otherwise, the prediction
is considered incorrect.

F Additional Details on ASR Robustness
Experiments

In Figure 3, we compare LLM-judge metrics on
manually transcribed and ASR transcripts to eval-
uate robustness to transcription noise. ASR tran-
scripts are generated using a proprietary Whisper-
based model (Aung et al., 2024) fine-tuned on an
internal voicebank containing Thai clinical speech,
which obtains a WER of 29.22 on the ThaiClin-
icBench dataset.

G Qualitative Results
We present two representative encounters to ex-
amine how structured reasoning affects the clini-
cal information preserved in the generated SOAP
notes. For each example, we report the generated
notes and provided a fact-level analysis showing
which facts are entailed. All English translations
are attached for readability and aremade by Claude
Opus.

In the first example (Tables 8 and 9), all mod-
els capture the main symptoms, including dizzi-
ness, nausea, and headache. However, the struc-
tured prompt with Gemini 3.1 Pro preserves more
contextual details, such as working with chemi-
cals throughout the day and normal limb strength,
achieving 8/11 entailed facts compared with 6/11
for free-form CoT. The GRPO model trained on
real encounters also captures normal limb strength
and the lack of nasal protection, but omits the two-
day symptom duration and full-day chemical expo-
sure, yielding 7/11 entailed facts.

The second example (Tables 10, 11 and 12) com-
pares different GRPO reward and training-data set-
tings. All three models recover the major symp-
toms, examination findings, viral assessment, and
symptomatic treatment. Nevertheless, the model
trained with our rewards on real encounters retains
themost complete set of details, including pain dur-
ing phonation and the instruction to monitor for
tonsillar swelling or exudate after returning home,
achieving 22/28 entailed facts. The synthetic-only
model performs similarly on 21/28 facts but misses
several contextual details, whereas the CLINICE-
VAL model omits more follow-up- and encounter-
specific information, achieving 17/28 facts.
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Source transcript

เออ มีอยู่โอเค เมื่อก่อนมันเป็น queue นัดหมาย มันไม่มีเสียงแบบว่า รอ มีนัดเหรอครับ สวัสดีค่ะ สวัสดีครับ เป็นอะไร มาหรอครับ อืมมันเวียนหัวแล้วก็คล่ืนไส้ เพราะ
ว่า ประมาณ เป็นน้ําแอลกอฮอล์หรืออะไรสักอย่าง อ่า แต่เราทํางานเราไม่ได้ปิดจมูก อ๋อ ทําโรงงาน แบบ สารเคมีแล้วเวียนศีรษะ ใช่ ๆ ๆ ท่ีทําเนี้ยท้ังวันเลยวันแรกเค้า
ให้พี่มาช่วย อ๋อ ปวดหัวไหม ปวดหัว แล้วก็คือ 2 วันแล้ว ข้างเดียวหรือ 2 ข้าง ข้างเดียว ข้างไหน ข้าง ข้าง ๆ นี้ ขวา ใช่ อ่อ แขนขา มีแรงปกติดี มีแรงปกติ
Uh, yes, okay. It used to be an appointment queue. There was no sound, like, wait, do you have an appointment? Hello. Hello. What brings you in? Um, I feel
dizzy and nauseous, because, roughly, it’s alcohol or something, ah. But when we work, we don’t cover our nose. Oh, you work in a factory, with chemicals, and
then got dizzy. Yes, yes, yes, doing this all day; on the first day they had me come help. Oh, any headache? Headache, and it’s been 2 days. One side or both
sides? One side. Which side? This side, right here. Right. Yes. Oh, arms and legs have normal strength. Normal strength.

Gemini 3.1 Pro
CoT

Gemini 3.1 Pro
Ours

GRPO Gemma-4-E4B
Ours (Real)

CE 54.5 (6/11 claims) 72.7 (8/11 claims) 63.6 (7/11 claims)

HPI ผู้ป่วยมีอาการเวียนศีรษะ คล่ืนไส้ และปวด
ศีรษะข้างขวา เป็นมา 2 วัน; มีประวัติทํางานใน
โรงงานและสูดดมสารเคมี (คล้ายแอลกอฮอล์)
ตลอดท้ังวันโดยไม่ได้ใส่หน้ากากป้องกัน; ปฏิเสธ
อาการแขนขาอ่อนแรง.

ผู้ป่วยมีอาการเวียนศีรษะ คล่ืนไส้ และปวด
ศีรษะข้างขวาข้างเดียว เป็นมา 2 วัน; ผู้ป่วย
สงสัยว่าอาการเกิดจากการสูดดมสารเคมี
(แอลกอฮอล์หรือสารอ่ืน) จากการทํางานใน
โรงงาน; ผู้ป่วยทํางานสัมผัสสารเคมีท้ังวันในวัน
แรกท่ีไปช่วยงาน โดยไม่ได้ใส่หน้ากากป้องกัน;
แขนขามีแรงปกติดี.

มีอาการเวียนหัวและคล่ืนไส้; อาการอาจ
เก่ียวข้องกับน้ําแอลกอฮอล์หรือสารบางอย่าง; ผู้
ป่วยทํางานในโรงงานท่ีเก่ียวข้องกับสารเคมีและ
ไม่ได้ปิดจมูกขณะทํางาน; มีอาการเวียนศีรษะ
ขณะทํางานท้ังวัน; มีอาการปวดหัวเป็นมา 2 วัน
แล้ว; แขนขาไม่มีแรงปกติ.

The patient has dizziness, nausea, and a
right-sided headache for 2 days; has a history
of working in a factory and inhaling chemicals
(alcohol-like) all day without wearing a
protective mask; denies limb weakness.

The patient has dizziness, nausea, and a
one-sided right headache for 2 days; the
patient suspects the symptoms are caused by
inhaling chemicals (alcohol or another
substance) from working in a factory; the
patient worked with chemical exposure all day
on the first day of helping out, without wearing
a protective mask; limb strength is normal.

Has dizziness and nausea; the symptoms may
be related to alcohol or some substance; the
patient works in a factory involving chemicals
and does not cover the nose while working;
has dizziness while working all day; has had a
headache for 2 days; limbs do not have normal
strength.

PE – Motor power: normal. แขนขามีแรงปกติ.
– Motor power: normal. Limbs have normal strength.

Results – – –

– – –

A&P – Headache and dizziness, likely secondary to
chemical exposure.

–

– Headache and dizziness, likely secondary to
chemical exposure.

–

Table 8: Qualitative comparison of SOAP notes generated by different methods from the same source transcript. CE
is the ClaimEntailment score, computed against the same set of 11 transcript-derived reference claims. To preserve
space, statements are separated with semi-colons (;). Within each section, the top half is the Thai note as generated
and the bottom half is a literal English translation.
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# Reference claim Gemini
CoT

Gemini
Ours

Gemma
Ours

1 ผู้ป่วยมีอาการเวียนหัว (The patient has dizziness) 3 3 3

2 ผู้ป่วยมีอาการคล่ืนไส้ (The patient has nausea) 3 3 3

3 ผู้ป่วยระบุว่าอาการเกิดจากการทํางาน กับสารเคมีคล้ายน้ําแอลกอฮอล์ (The patient states the symptoms
came from working with alcohol-like chemicals)

7 7 7

4 ผู้ป่วยไม่ได้ปิดจมูกขณะทํางาน (The patient did not cover their nose while working) 7 7 3

5 ผู้ป่วยทํางานในโรงงาน (The patient works in a factory) 3 3 3

6 ผู้ป่วยทํางานกับสารเคมีท้ังวัน (The patient works with chemicals all day) 7 3 7

7 วันท่ีเกิดอาการเป็นวันแรก ท่ีผู้ป่วยถูกให้มาช่วยทํางาน (The day symptoms began was the patient’s first
day being brought in to help)

7 7 7

8 ผู้ป่วยมีอาการปวดหัว (The patient has a headache) 3 3 3

9 ผู้ป่วยมีอาการมา 2 วันแล้ว (The patient has had symptoms for 2 days) 3 3 7

10 ผู้ป่วยปวดหัวข้างขวา (The patient has a right-sided headache) 3 3 3

11 ผู้ป่วยมีแรงแขนขาปกติ (The patient has normal limb strength) 7 3 3

Total entailed claims 6/11 8/11 7/11
ClaimEntailment score 54.5 72.7 63.6

Table 9: Claim-level entailment comparison of the generated SOAP notes in Table 8. 3 indicates that the reference
claim is entailed by the generated SOAP note under the ClaimEntailment metric, whereas 7 indicates that it is not
fully entailed. Scores are reported as percentages.

Source transcript

หวัดดีครับ หวัดดีค่ะ วันนี้เป็นไรมาเอ่ย เจ็บคอค่ะ ครับ ไปทําอะไรมาแล้วเจ็บคอ อืม แบบไปเท่ียวไปเจอคนอะไรง้ีมีไหม ไม่ ๆ ไม่มีค่ะ ไม่ ท่ีทํางานมีใครไม่สบายไหม
ไม่ มีค่ะ ไม่มีเลยเนาะ เป็นมาก่ีวันแล้วครับ เมื่อวาน เมื่อวานเนาะ กลืนน้ําลายได้ไหม กลืนน้ําลายแล้วเจ็บเลยไหม กลืน ๆ ได้แต่ว่าเวลากินน้ําก็จะรู้สึกเจ็บนิดนึง อืม มี
ไข้ไหมครับ ไม่มีค่ะ ไม่มีไข้เนาะ ขอดูคอนิดนึงนะ อ่า ทํา อา แป๊บนะ ทําเสียงอา อา เจ็บเนาะเหมือนแบบมันสะอึก อะเงยหน้าขึ้นนิดนึง โอเค โอเค คอแดงนิดนึงนะ
แล้วก็ แต่คอไม่มีหนองนะครับ มี ไอไหม มีนิดนึง มีปวดเมื่อยตามตัวไหมครับ ปวด ปวดเมื่อยตามตัวใช่ไหมครับ อ๋อ อ๋อ แต่ไอ ๆ ด้วยนิดนึงเนาะ มีค่ะ มีไข้มีไหมท่ีบ้าน
ดูตัวรุม ๆ มีไหม ไม่ ไม่มีเลยเนาะ โอเค เอ่อ โอเคเด๋ียวผมให้ยาไปนะ นะครับ มีไอเนี่ยมีเสมหะหรือไอแห้ง ๆ ไอแห้ง ๆ ไอแห้ง ๆ เนาะ แต่ไอเยอะจนรําคาญเลยไหม
หรือว่าแบบไม่ได้เยอะ ไม่ค่อยมีนิดเดียว นิดเดียวเลยเนาะ นิดเดียว แต่ว่าท่ีดูคอแล้ว คอไม่มี ไม่มีหนองในคอนะ แต่ว่าแนะนําว่าถ้ากลับบ้านไปสังเกตหน้าปากดูคอได้
ว่า ตรง tonsil ข้าง ๆ ในคอมันมีบวมมี ๆ หนองบ้างไหม คือบางคนเนี่ยพอมันอาการเป็นวันแรกอะ มันจะแยกยากว่าเป็น bacteria หรือเป็น virus นะครับ แต่จากอา
การเนี่ยค่อนข้างเป็น virus โทษนะ ขอคลําต่อมน้ําเหลืองนิดนึงนะ โอเค คลําต่อมน้ําเหลืองบริเวณคอนะครับ cervical lymph node เนี่ยไม่มีนะครับ ไม่มีต่อมน้ํา
เหลืองท่ีคอโตเนาะ ซึ่งก็อาจจะมีแนวโน้มเป็นอาการติดเชื้อ virus ได้มากกว่า ซึ่งพอเป็นการติดเชื้อ virus เนี่ย เราจะแนะนําให้กินยารักษาตามอาการแล้วพักผอ่น
เยอะ ๆ เอาใบลาไหม ลาก่ีวันดีวันนี้พรุง่นี้ วันเดียวพอ พรุง่นี้ วันเดียวพรุง่นี้ พรุง่นี้ พรุง่นี้โอเค ได้เด๋ียวหมอให้เอายา ยาหยุดนี้ไปด้วยนะ หมายถึงว่าตามปกตินั่นแหละ
นั่นแหละเนาะ นะครับ โอเค ได้ มีข้อสงสัยอยากสอบถามตอนไหนเพิ่มเติมไหมครับ ไม่ ไม่มีเลยเนาะ เด๋ียวลองกินยานะ โอเคค่ะขอบคุณมากค่ะ ครับหวัดดีครับ
Hello. Hello. What brings you in today? A sore throat. Okay. What were you doing before the sore throat? Um, like, did you travel or meet anyone? No, no, I
didn’t. No. Is anyone at work sick? No, there isn’t. No one at all, right? How many days has it been? Since yesterday. Yesterday, right. Can you swallow saliva?
Does it hurt when you swallow? I can swallow, but when I drink water it hurts a little. Um, any fever? No. No fever, right. Let me take a look at your throat. Ah,
say ah. Hold on, say “ah”. Ah. It hurts, right, like a hiccup. Tilt your head up a little. Okay, okay, your throat is a little red, and, but there’s no pus in your
throat. Any cough? A little. Any body aches? Yes. Body aches, right? Oh, oh, and a bit of a cough too, right? Yes. Any fever, feeling feverish at home? No.
None at all, right. Okay, uh, okay, I’ll give you some medicine. Is the cough with phlegm, or dry? Dry. Dry cough, right. But is the cough so bad that it bothers
you, or not much? Not much, just a little. Just a little, right. Just a little. But from looking at your throat, there’s no pus in your throat. But I recommend that
when you get home, you look at your throat in front of the mirror to see whether the tonsils at the sides of your throat are swollen or have any pus. For some
people, on the first day of symptoms, it’s hard to tell whether it’s bacteria or a virus. But from the symptoms, it’s likely a virus. Excuse me, let me feel your lymph
nodes. Okay, palpating the lymph nodes in the neck, no cervical lymph nodes. No enlarged lymph nodes in the neck, right. So it’s more likely to be a viral
infection. And with a viral infection, we recommend taking medicine for the symptoms and getting plenty of rest. Do you want a leave note? How many days,
today or tomorrow? One day is enough, tomorrow. One day, tomorrow. Tomorrow. Tomorrow, okay. Sure, I’ll have you take the medicine, and this “stop
medicine” too. I mean, the usual. Right, okay. Okay, sure. Any other questions you’d like to ask? No, none at all, right. Try taking the medicine. Okay, thank
you very much. Bye.

Table 10: Source transcript of the second qualitative example, used for the SOAP notes in Table 11. The top half is
the Thai transcript and the bottom half is a literal English translation.
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ClinicEval Ours (Real) Ours (Synth)
CE 60.7 (17/28 claims) 78.6 (22/28 claims) 75.0 (21/28 claims)

HPI ผู้ป่วยมาด้วยอาการเจ็บคอ (Sore throat); ไม่
ทราบว่าไปเท่ียวหรือเจอคนท่ีมีอาการหรือไม่
(No recent travel or exposure to sick
people); ไม่พบผู้ป่วยไม่สบายท่ีท่ีทํางาน (No
sick colleagues at work); อาการเป็นมาต้ังแต่
เมื่อวาน (Symptoms started yesterday); กลืน
น้ําลายได้ แต่เจ็บเล็กน้อยเวลากินน้ํา (Can
swallow saliva, but feels slight pain when
drinking water); ไม่มีไข้ (No fever); มีอาการไอ
เล็กน้อย (Mild cough); มีอาการปวดเมื่อยตาม
ตัว (Body aches); ไม่มีไข้ท่ีบ้าน (No fever at
home); ลักษณะไอเป็นไอแห้ง (Dry cough), ไอ
ไม่เยอะมาก (Not much cough); จากการตรวจ
คอ ไม่พบหนองในคอ (No pus observed in the
throat); ผู้ป่วยไม่แน่ใจว่าไอแห้งหรือมีเสมหะ
แต่ระบุว่าไอแห้ง (Patient unsure if phlegm or
dry cough, but stated dry cough).

ผู้ป่วยมาด้วยอาการเจ็บคอ; อาการเริ่มเป็นเมื่อ
วาน; ไม่เคยไปเท่ียวหรือเจอคนป่วย; ไม่มีคนใน
ท่ีทํางานป่วย; กลืนน้ําลายได้แต่เจ็บเล็กน้อย
เวลากินน้ํา; ไม่มีไข้; ทําเสียงอาแล้วเจ็บเหมือน
สะอึก; มีไอเล็กน้อย; มีอาการปวดเมื่อยตามตัว;
ไม่มีไข้ท่ีบ้าน; ไอเล็กน้อย ไม่ค่อยมี; คอไม่มี
หนอง.

ผู้ป่วยมาด้วยอาการเจ็บคอ; อาการเป็นมาต้ังแต่
เมื่อวาน; ผู้ป่วยไม่ได้ไปเท่ียวหรือเจอคนอ่ืนท่ี
ทําให้เจ็บคอ; ท่ีทํางานไม่มีใครไม่สบาย; กลืน
น้ําลายได้แต่เจ็บ; เวลากินน้ํารู้สึกเจ็บนิดนึง; ไม่มี
ไข้; มีไอเล็กน้อย; มีปวดเมื่อยตามตัว; ท่ีบ้านดูตัว
รุม ๆ ไม่มี; ไอแห้ง ๆ; ไอไม่เยอะ นิดเดียว.

The patient presents with a sore throat;
unknown whether they traveled or met anyone
with symptoms; no sick people found at work;
symptoms since yesterday; can swallow saliva,
but slight pain when drinking water; no fever;
mild cough; body aches; no fever at home; the
cough is dry, not much coughing; on throat
examination, no pus found in the throat; the
patient is unsure whether the cough is dry or
productive, but states it is dry.

The patient presents with a sore throat;
symptoms started yesterday; has not traveled
or met sick people; no one at work is sick; can
swallow saliva but has slight pain when
drinking water; no fever; saying “ah” hurts,
like a hiccup; mild cough; body aches; no
fever at home; slight cough, not much; no pus
in the throat.

The patient presents with a sore throat;
symptoms since yesterday; the patient did not
travel or meet others who caused the sore
throat; no one at work is sick; can swallow
saliva but it hurts; feels slight pain when
drinking water; no fever; mild cough; body
aches; no feeling feverish at home; dry cough;
not much cough, just a little.

PE ตรวจคอ: คอแดงเล็กน้อย (Throat: Mild
redness); ตรวจคอ: ไม่พบหนองในคอ (Throat:
No pus); คลําต่อมน้ําเหลืองบริเวณคอ: ไม่พบ
ต่อมน้ําเหลืองโต (Cervical lymph node
palpation: No enlarged cervical lymph
nodes).

ตรวจคอ: คอแดงเล็กน้อย; ตรวจคอ: ไม่มี
หนองในคอ; คลําต่อมน้ําเหลืองบริเวณคอ
(cervical lymph node): ไม่มีต่อมน้ําเหลืองโต.

ตรวจคอพบคอแดงนิดนึง; คอไม่มีหนอง; คลํา
ต่อมน้ําเหลืองบริเวณคอ cervical lymph node
ไม่มีโต.

Throat exam: mild redness; throat exam: no
pus found in the throat; neck lymph node
palpation: no enlarged lymph nodes.

Throat exam: mildly red; throat exam: no pus
in the throat; neck lymph node (cervical lymph
node) palpation: no enlarged lymph nodes.

Throat exam shows slight redness; no pus in
the throat; palpation of the neck lymph nodes:
cervical lymph nodes not enlarged.

Results จากอาการและผลการตรวจ ค่อนข้างมีแนวโน้ม
เป็น Viral infection มากกว่า Bacterial
infection; แนะนําให้สังเกตอาการท่ีหน้าปากคอ
ว่า มี tonsil บวมหรือมีหนองหรือไม่.

จากอาการและผลการตรวจ ค่อนข้างเป็น virus;
แนวโน้มเป็นอาการติดเชื้อ virus มากกว่า.

อาการค่อนข้างเป็น virus; มีแนวโน้มเป็นอาการ
ติดเชื้อ virus มากกว่า.

Based on the symptoms and examination,
more likely a viral infection than a bacterial
infection; advised to check in front of the
mouth and throat whether the tonsils are
swollen or have pus.

Based on the symptoms and examination,
likely a virus; more likely a viral infection.

Symptoms likely viral; more likely a viral
infection.

A&P วินิจฉัยเบื้องต้น: น่าจะเป็น Viral infection;
แนะนําให้รับประทานยาตามอาการ; พักผ่อนให้
มาก; แนะนําให้ลาหยุด 1 วัน; ให้ยาตามปกติ;
หากมีข้อสงสัยให้สอบถามเพิ่มเติม.

วินิจฉัย: คาดว่าติดเชื้อไวรัส (Viral infection);
แนะนําให้กินยารักษาตามอาการและพักผ่อน
เยอะ ๆ; แนะนําให้สังเกตหน้าปากดูคอว่า มี
tonsil บวมหรือมีหนองหรือไม่เมื่อกลับบ้าน; ให้
ใบลา 1 วัน (พรุ่งนี้); ให้ยาตามปกติ.

แนะนําให้สังเกตหน้าปากดูคอว่า tonsil ข้าง ๆ
ในคอมันมีบวมมีหนองบ้างไหม; แนะนําให้กินยา
รักษาตามอาการและพักผ่อนเยอะ ๆ; ให้ใบลา 1
วัน (พรุ่งนี้); ให้ยาหยุดนี้ไปด้วย.

Preliminary diagnosis: likely a viral infection;
advised to take symptomatic medication; rest a
lot; advised to take 1 day of leave; medication
given as usual; ask if there are further
questions.

Diagnosis: suspected viral infection (Viral
infection); advised to take symptomatic
medication and rest a lot; advised to check the
throat in front of the mouth for swollen tonsils
or pus after returning home; 1-day leave note
given (tomorrow); medication given as usual.

Advised to check the throat in front of the
mouth for whether the tonsils at the sides are
swollen or have pus; advised to take
symptomatic medication and rest a lot; 1-day
leave note given (tomorrow); also given this
“stop medicine”.

Table 11: Qualitative comparison of SOAP notes generated by three GRPO models from the source transcript in
Table 10. CE is the ClaimEntailment score, computed against the same set of 28 transcript-derived reference claims.
To preserve space, statements are separated with semi-colons (;). Within each section, the top half is the Thai note
as generated (English in parentheses was generated by the model) and the bottom half is a literal English translation.
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# Reference claim Clinic
Eval

Ours
Real

Ours
Synth

1 ผู้ป่วยมีอาการเจ็บคอ (The patient has a sore throat) 3 3 3

2 ผู้ป่วยบอกว่าไม่ได้ไปเท่ียว (The patient says they did not travel) 7 3 3

3 ท่ีทํางานของผู้ป่วยไม่มีคนไม่สบาย (No one at the patient’s workplace is sick) 3 3 3

4 ผู้ป่วยเริ่มมีอาการเจ็บคอเมื่อวาน (The patient’s sore throat started yesterday) 3 3 3

5 ผู้ป่วยกลืนน้ําลายได้ (The patient can swallow saliva) 3 3 3

6 ผู้ป่วยรู้สึกเจ็บคอนิดนึงเวลากินน้ํา (The patient feels slight throat pain when drinking water) 3 3 3

7 ผู้ป่วยไม่มีไข้ (The patient has no fever) 3 3 3

8 ผู้ป่วยรู้สึกเจ็บคอเมื่อทําเสียงอา (The patient feels throat pain when saying “ah”) 7 3 7

9 ผู้ป่วยรู้สึกเหมือนสะอึกเมื่อทําเสียงอา (The patient feels like hiccuping when saying “ah”) 7 3 7

10 แพทย์ตรวจพบคอแดงนิดนึง (The physician finds slight throat redness) 3 3 3

11 แพทย์ตรวจไม่พบคอมีหนอง (The physician finds no pus in the throat) 3 3 3

12 ผู้ป่วยมีอาการไอนิดนึง (The patient has a slight cough) 3 3 3

13 ผู้ป่วยมีอาการปวดเมื่อยตามตัว (The patient has body aches) 3 3 3

14 ผู้ป่วยมีอาการไอแห้ง (The patient has a dry cough) 3 7 3

15 ผู้ป่วยไอไม่เยอะ (The patient does not cough much) 3 3 3

16 แพทย์จะให้ยาแก่ผู้ป่วย (The physician will give the patient medication) 3 3 3

17 แพทย์แนะนําให้ผู้ป่วยสังเกตว่า ต่อมทอนซิลบวมหรือมีหนองหรือไม่เมื่อกลับบ้าน (The physician advises
the patient to check whether the tonsils are swollen or have pus after returning home)

7 3 7

18 แพทย์อธิบายว่าในวันแรกของอาการ จะแยกได้ยากว่าเป็นการติดเชื้อแบคทีเรียหรือไวรัส (The physician
explains that on the first day of symptoms, it is hard to tell a bacterial from a viral infection)

7 7 7

19 แพทย์ประเมินจากอาการว่า ค่อนข้างเป็นการติดเชื้อไวรัส (The physician assesses from the symptoms
that it is likely a viral infection)

3 3 3

20 แพทย์ตรวจคลําต่อมน้ําเหลืองบริเวณคอ แล้วไม่พบว่ามีต่อมน้ําเหลืองโต (The physician palpates the neck
lymph nodes and finds no enlarged lymph nodes)

3 3 3

21 แพทย์อธิบายว่าการท่ีต่อมน้ําเหลืองไม่โต มีแนวโน้มว่าเป็นการติดเชื้อไวรัสได้มากกว่า (The physician
explains that non-enlarged lymph nodes make a viral infection more likely)

7 7 7

22 แพทย์แนะนําให้กินยารักษาตามอาการ สําหรับการติดเชื้อไวรัส (The physician advises symptomatic
medication for the viral infection)

3 3 3

23 แพทย์แนะนําให้พักผ่อนเยอะ ๆ สําหรับการติดเชื้อไวรัส (The physician advises plenty of rest for the viral
infection)

3 3 3

24 แพทย์เสนอใบลาให้ผู้ป่วย (The physician offers the patient a leave note) 7 7 3

25 ผู้ป่วยต้องการใบลา 1 วันสําหรับวันพรุ่งนี้ (The patient wants a 1-day leave note for tomorrow) 7 7 7

26 แพทย์จะออกใบลาให้ผู้ป่วย (The physician will issue a leave note for the patient) 7 3 3

27 ผู้ป่วยไม่มีข้อสงสัยสอบถามเพิ่มเติม (The patient has no further questions) 7 7 7

28 แพทย์แนะนําให้ผู้ป่วยลองกินยา (The physician advises the patient to try taking the medication) 7 3 3

Total entailed claims 17/28 22/28 21/28
ClaimEntailment score 60.7 78.6 75.0

Table 12: Claim-level entailment comparison among ClinicEval, Ours trained on real encounters, and Ours trained
on synthetic encounters. 3 indicates that the reference claim is entailed by the generated SOAP note under the
ClaimEntailment metric, whereas 7 indicates that it is not fully entailed. Scores are reported as percentages.
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H Ethics & Data Governance Statement
ICOPD consists of consented outpatient encoun-
ters collected exclusively for internal AI research.
The dataset contains real physician–patient conver-
sations and is used only for model development
and evaluation within our institution. It is not pub-
licly released or distributed to external researchers.

S-ICOPD is a fully synthetic dataset generated
from safe, de-identified clinical information de-
rived from the ICOPD training data. It does not
contain original physician–patient conversations
or audio recordings. We will release S-ICOPD un-
der a controlled-access, research-only data license
to support reproducible research while minimizing
the disclosure of real patient interactions.

ThaiClinicBench was constructed from clinical
encounters collected with signed informed consent
from all participating patients and physicians. Par-
ticipants were informed that their clinical dialogue
data would be de-identified and used for AI re-
search and dataset development. Participation was
voluntary, and the collected data were used only for
the purposes described in the consent materials.

To mitigate the associated privacy risks, all tran-
scripts and reference notes underwent manual de-
identification before model development or anal-
ysis. Direct identifiers and potentially identify-
ing contextual information, based on the HIPAA
Safe Harbor (U.S. Department of Health and Hu-
man Services, 2012), such as names, contact in-
formation, locations, dates, institutional identifiers,
and other encounter-specific details, were removed
or replaced with synthetic placeholders. Audio
recordings are not included in the released dataset.
The de-identification procedure was designed with
reference to Thailand’s Personal Data Protection
Act (Ministry of Digital Economy and Society,
2019) and the HIPAASafe Harbor framework (U.S.
Department of Health and Human Services, 2012).

ThaiClinicBench will be distributed under
a controlled-access, research-only data license.
Users must agree not to attempt to identify par-
ticipants, link the data with external information
for identification purposes, redistribute the origi-
nal dataset, or use it for clinical decision-making.
The dataset is intended solely for research on clin-
ical language processing and medical-scribe sys-
tems. Requests concerning privacy or removal
of released data may be directed to the ThaiClin-
icBench authors.
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Abstract

Language models are now tested across many
languages, but Kurdish is mostly missing from
these efforts. We present KuMMLU, a multiple-
choice benchmark for Central Kurdish (Sorani)
built from the national examinations of the Kur-
distan Region of Iraq. It contains 3,272 ques-
tions across 18 subjects: 2,256 native exami-
nation questions, with answers taken from the
official keys published by the Ministry of Ed-
ucation, and 1,016 questions from six subjects
translated from English MMLU. We evaluate
32 language models, including proprietary sys-
tems, open-weight models, and multilingual
models built for wide language coverage. The
best models reach about 88% accuracy, while
the five multilingual baselines score between
15.8% and 37.2%, at most modestly above the
25% chance level and well below the strongest
general-purpose systems; this includes the one
model whose published language list contains
Kurdish. Every model scores higher on the
translated subset than on the native questions.
We examine this gap in light of subject diffi-
culty and possible overlap with training data,
and release the benchmark to support Kurdish
language technology.

1 Introduction

Kurdish is spoken by tens of millions of people, yet
it remains under-served by language technology
(Esmaili, 2012; Ahmadi et al., 2024). It has three
main varieties, Northern Kurdish (Kurmanji), Cen-
tral Kurdish (Sorani), and Southern Kurdish, which
differ in vocabulary, morphology, and writing sys-
tem (Haig and Öpengin, 2014). Sorani is written
in a modified Perso-Arabic script and holds official
status in Iraq (Ahmadi et al., 2024). Most tools and
datasets for Kurdish target basic tasks such as to-
kenization, transliteration, part-of-speech tagging,
or named entity recognition (Ahmadi, 2020; Morad
et al., 2024; Abdullah et al., 2024), and there is no
standard way to measure what a modern language

model knows in Kurdish.
Multiple-choice benchmarks based on MMLU

(Hendrycks et al., 2021) have become a common
tool for this kind of measurement. Versions now
exist for Arabic (Koto et al., 2024), Turkish (Yüksel
et al., 2024), Korean (Son et al., 2025), and many
languages at once (Singh et al., 2025), but not for
Kurdish. Translated benchmarks are also known
to reward Western-centric knowledge and to carry
translation artifacts (Singh et al., 2025), so native
questions are preferable when they are available.

We address this gap with KuMMLU, a bench-
mark for Central Kurdish drawn from national ex-
aminations. Our contributions are:

• A benchmark of 3,272 Sorani multiple-choice
questions across 18 subjects, most of them
written natively in Kurdish and answered from
official examination keys.

• An evaluation of 32 language models, cover-
ing proprietary, open-weight, and multilingual
systems.

• An analysis of the gap between native and
translated questions, and of how multilingual
models built for wide language coverage per-
form on Kurdish.

2 Related Work

MMLU and its variants. MMLU (Hendrycks
et al., 2021) measures knowledge and reasoning
through multiple-choice questions in 57 subjects.
Later work adapts the format to specific languages.
Some versions translate the English questions,
while others collect native questions from local
exams. KMMLU (Son et al., 2025) and Ara-
bicMMLU (Koto et al., 2024) both argue that native
questions capture linguistic and cultural content
that translation loses, and TurkishMMLU (Yüksel
et al., 2024) builds its set from high-school curric-
ula. Global-MMLU (Singh et al., 2025) studies cul-
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tural bias across languages and improves the trans-
lated MMLU with human annotation. KuMMLU
follows the native-collection approach and adds a
translated subset for comparison.

Kurdish NLP. Work on Kurdish has focused on
foundational resources and tools. Esmaili (2012)
describes the main obstacles, including dialect di-
versity and script variation. The Kurdish Language
Processing Toolkit (Ahmadi, 2020) provides pre-
processing and transliteration, and Ahmadi et al.
(2024) survey language and speech technology for
Central Kurdish. Recent task-specific systems in-
clude part-of-speech tagging for Northern Kurdish
(Morad et al., 2024) and named entity recognition
for Sorani built by fine-tuning transformer encoders
(Abdullah et al., 2024). To our knowledge, no prior
benchmark measures the general knowledge of lan-
guage models in Kurdish.

Multilingual models. Several models are trained
for broad language coverage. mT0 and BLOOMZ
(Muennighoff et al., 2023) extend multitask fine-
tuning to many languages, and the Aya models
(Üstün et al., 2024; Dang et al., 2024) target in-
struction following across dozens to over a hundred
languages. We include these models in our evalu-
ation because they are the systems most likely to
have seen Kurdish during training.

3 The KuMMLU Benchmark

3.1 Sources
The native questions come from the national ex-
aminations of the Kurdistan Region of Iraq, at
the Grade 9 and Grade 12 levels. These are the
two grade levels at which the Kurdistan Region
holds centralized national examinations; they are
set by the KRG Ministry of Education and cover
the standard school curriculum. We recorded the
correct answers manually from the official answer
keys published by the Ministry, so each answer re-
flects the position taken by the examining authority
and was not decided by us. A second person then
checked the recorded answers against the published
keys to catch transcription errors.

To connect KuMMLU to the original MMLU,
we added a translated subset of six subjects: high
school mathematics, philosophy, college chem-
istry, college physics, college mathematics, and
college medicine. We translated these from English
MMLU (Hendrycks et al., 2021) with Gemini 2.5
Flash and kept the original MMLU answer labels.

Two native Sorani speakers reviewed the translated
questions and corrected fluency and terminology
errors. This subset lets us compare native and trans-
lated questions inside one benchmark, with the
caveats discussed in Limitations.

3.2 Annotation and quality control
The exam material was collected as page images
and passed through optical character recognition.
Two native Sorani speakers then checked the ques-
tions against their source images and corrected
recognition errors, spacing, and spelling. Each
question was checked by one speaker, and a second
speaker reviewed the flagged items along with a
random sample of the rest. We wrote short guide-
lines that told the checkers to keep the original
wording, to leave technical terms and formulas un-
changed, and to flag any item whose text or answer
could not be recovered from the source. Cases that
were unclear were resolved by discussion between
the two speakers.

We then removed duplicate questions that ap-
peared more than once in the source material, and
discarded items with fewer than two usable options.
We also normalized Arabic-script code points that
OCR had introduced in place of their Kurdish
equivalents, while keeping genuine Arabic quo-
tations such as Qur’anic verses unchanged. As
a further check, we used Gemini 3.1 Pro to flag
questions with likely spelling or OCR problems,
and gave those flags to the native speakers, who
reviewed each flagged item and decided whether to
correct it.

3.3 Statistics
The final benchmark has 3,272 questions in 18 sub-
jects: 2,256 questions (12 subjects) written natively
in Kurdish, and 1,016 (6 subjects) translated from
English MMLU. The per-subject counts are in Ap-
pendix A. Of the 3,272 questions, 3,264 have four
options; seven Kurdish literature questions have
three and one mathematics question has five, as
in the source papers. After the option shuffling
described in Section 4.1, the correct answer falls
in each position for 24.7–25.6% of the four-option
questions.

4 Experiments

4.1 Setup
We evaluate each model in a zero-shot setting,
which is the common protocol for instruction-tuned
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Model T All Nat Tr Model T All Nat Tr

Gemini 3.1 Pro P 88.1 85.5 93.6 GPT-4o P 46.1 44.2 50.3
Gemini 3.6 Flash P 87.8 84.6 95.1 Qwen3 235B‡ O 45.6 42.0 53.5
GPT-5.6 (sol) P 82.9 78.0 93.8 Llama 4 Scout‡ O 44.4 42.9 47.8
Gemini 2.5 Pro P 75.9 73.4 81.7 Llama 3.3 70B‡ O 41.6 39.1 47.3
Claude Opus 4.8 P 75.4 70.5 86.2 Mistral Large O 38.4 36.1 43.7
Kimi K3‡ O 72.6 66.7 85.6 Aya Expanse 32B M 37.2 35.8 40.2
Qwen3.7 Max P 69.5 65.8 77.9 Mistral Medium 3.1 P 36.2 34.2 40.6
Claude Sonnet 5 P 68.7 62.4 82.6 Qwen3 8B O 33.9 32.6 36.8
GPT-5.6 (luna)‡ P 68.5 60.5 86.3 Mistral Small 24B O 32.1 30.5 35.7
Gemini 2.5 Flash P 68.1 67.3 69.8 Aya Expanse 8B M 32.1 31.2 34.0
Claude Sonnet 4 P 64.9 58.8 78.4 Ministral 8B O 31.4 30.2 34.3
Gemini 2.5 Flash-Lite P 62.3 59.9 67.7 Ministral 14B O 31.3 30.0 34.2
Gemma 4 31B O 57.9 53.6 67.2 Aya-101 M 29.5 29.0 30.5
Llama 4 Maverick O 57.5 54.8 63.6 mT0-XXL‡ M 29.4 28.7 30.8
DeepSeek V4 Flash O 53.8 51.7 58.4 Ministral 3B O 27.5 27.2 28.3
Command A O 48.3 45.0 55.6 BLOOMZ-7B1† M 15.8 14.5 18.8

Table 1: Accuracy (%) on KuMMLU, ordered by overall accuracy. Type: P = proprietary, O = open-weight, M =
multilingual baseline. All, Nat, and Tr are overall, native-subset, and translated-subset accuracy. The chance level
is approximately 25%. GPT-5.6 (sol) and GPT-5.6 (luna) are two configurations of GPT-5.6 offered by the provider.
†BLOOMZ-7B1 left 37% of items unparsed; see text. ‡Response rate between 83% and 98%; see Appendix F.

models on MMLU-style benchmarks. Each ques-
tion is presented with its options, and the model is
asked to reply with the option number. The instruc-
tion is written in English and the question and its
options are kept in Kurdish; the exact template is
given in Appendix B. We read the chosen option
from the model’s output. Because language mod-
els are known to favour particular option positions
(Zheng et al., 2024), we shuffle the options for each
question with a fixed seed before evaluation and
remap the correct answer accordingly. Reasoning
(“thinking”) is set to low effort for GPT-5.6 (sol and
luna), Claude Opus 4.8, Claude Sonnet 5, Claude
Sonnet 4, Kimi K3, and the Gemini 2.5 models,
and left at the provider default for Gemini 3.1 Pro
and Gemini 3.6 Flash; for all other models it is dis-
abled. We do not tune inference settings per model.
API requests use temperature 0.

Proprietary and open-weight chat models are
queried through the OpenRouter API; the multilin-
gual baselines (mT0-XXL, BLOOMZ-7B1, and the
Aya models) are run locally in bfloat16 on a sin-
gle A100 GPU with the same prompt and shuffling.
Accuracy counts an unparsed answer as incorrect.
Response rates were above 98% for 25 of the 32
models and above 90% for all but two, BLOOMZ-
7B1 (63%) and Qwen3 235B (83%). Per-model
response rates are given in Appendix F, which lets
missing or unparsable responses be separated from
wrong answers. For the API-served models, most
unparsed responses were empty replies.

4.2 Models
We test 32 models in three groups. The first is
proprietary chat models from several providers.
The second is open-weight models across a range
of sizes. The third is multilingual models built
for wide language coverage: mT0-XXL and
BLOOMZ-7B1 (Muennighoff et al., 2023), Aya-
101 (Üstün et al., 2024), and Aya Expanse in the 8B
and 32B sizes (Dang et al., 2024). Aya-101 is the
only model in our set whose published language
list contains Kurdish, though it lists the Latin-script
(Kurmanji) form, not the Arabic-script Sorani used
here.

4.3 Results
Table 1 reports overall accuracy together with ac-
curacy on the native and translated subsets. The
strongest models reach about 88%. Accuracy then
falls off across the open-weight models, and the
multilingual baselines fall in the lower part of the
table, at most modestly above the chance level (ap-
proximately 25%, since most questions have four
options).

Two patterns hold across the whole table. First,
every model scores higher on the translated subset
than on the native questions. The six translated sub-
jects come from English MMLU and overlap with
material these models have likely seen in English,
so this gap may reflect knowledge acquired else-
where rather than Kurdish knowledge itself. The
size of the gap is not uniform. It is smallest for
the weakest models, which perform near chance
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on both subsets (1.1 points for Ministral 3B), and
largest among models in the middle and upper-
middle of the table (up to 25.8 points for GPT-5.6
(luna)). Among the strongest models the picture is
mixed: Gemini 3.1 Pro shows a gap of 8.1 points,
while GPT-5.6 (sol) and Claude Opus 4.8 show
gaps of 15.8 and 15.7 points. The Gemini models,
whose family produced the translated subset, show
smaller gaps than non-Gemini models of similar
overall accuracy, but this comparison cannot iso-
late a possible advantage from Gemini-generated
translations.

Second, the multilingual models built for many
languages do poorly. mT0-XXL and Aya-101 score
29.4% and 29.5%, close to chance, and Aya Ex-
panse 32B reaches only 37.2% despite being a
newer and larger model. Aya-101 lists Kurdish
among its languages but does not outperform Aya
Expanse, which does not. This indicates that a lan-
guage appearing on a training list does not by itself
produce usable ability in that language. BLOOMZ-
7B1 scores 15.8%, below chance: it failed to pro-
duce a parsable answer on 37% of items, and on
the items it did answer it scored 25%, at chance.
Its low aggregate therefore reflects both frequent
failures to follow the answer format on Kurdish-
language inputs and chance-level accuracy on the
answers it gave.

Within the open-weight groups, larger models
in a family tend to score higher, but even the best
open model trails the strongest proprietary systems
by a wide margin. One open model, Qwen3 235B,
returned a parsable answer on only 83% of items,
mostly because its replies were empty, and its ac-
curacy on those items (54.7%) is well above its
45.6% overall score. Accuracy also varies by sub-
ject. Averaged across all models, the three Kurdish-
language subjects are the hardest: rhetoric (33.7%),
grammar (36.1%), and literature (40.8%) are the
lowest of the 18 subjects, while general-knowledge
subjects such as religious studies and social sci-
ences are the highest. Full per-subject figures are
in Appendix C. Subject sizes vary (Table 2), so
estimates for the smallest subjects are less pre-
cise: rhetoric has only 49 questions, and the two
highest-scoring subjects, social sciences and reli-
gious studies, have 55 and 68. The low scores
on the Kurdish-language subjects do not rest on
rhetoric alone, however, since grammar (282 ques-
tions) and literature (289) are among the largest
subjects in the benchmark. This pattern fits the ear-
lier observation: the subjects that are most specific

to Kurdish, and least likely to have a counterpart in
higher-resource languages, are where models strug-
gle most. Appendix D shows example questions,
and Appendix E examines the errors in more detail.

5 Conclusion

We introduced KuMMLU, a multiple-choice bench-
mark for Central Kurdish built from national ex-
aminations, and used it to evaluate 32 language
models. The best proprietary models reach about
88%, while multilingual models built for wide cov-
erage score at most modestly above chance, and
every model does better on translated questions
than on native ones. These results give a first clear
picture of where language models stand on Kurdish
and provide a reference point for future work. We
plan to extend KuMMLU to Kurmanji, so that a
second Kurdish variety is covered.

Limitations

The benchmark covers Central Kurdish in the Ara-
bic script only; Kurmanji and the Latin script are
left for future work. The questions come from
national school examinations, so the benchmark
reflects that curriculum and not the full range of
Kurdish knowledge.

The comparison between the native and trans-
lated subsets should be read with care, for three
reasons. First, the two subsets differ in difficulty
and domain: the native questions are from Grade
9 and Grade 12 school exams, while the translated
questions come from MMLU’s high-school and
college-level subjects. Part of the native–translated
gap may therefore reflect difficulty, not language.
Second, the translated subjects are taken from En-
glish MMLU, which is widely available online and
is likely present in the training data of many models
(Oren et al., 2024), so high scores there may reflect
memorized English questions rather than Kurdish
ability. The native exam papers also circulate on-
line and could appear in training data, though we
are not aware of a released, machine-readable ver-
sion of them. Third, the translated questions were
produced with a Gemini model, and Gemini mod-
els are among those we evaluate. The per-model
gaps in Table 1 do not suggest that this gives them
an advantage on the translated subset, but they can-
not rule it out. We therefore report the gap as an
observation and do not claim a single cause.

On the evaluation itself: we shuffle options once
with a fixed seed, which reduces but does not re-
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move position effects; averaging over several per-
mutations, or scoring by option likelihood, would
be more thorough, and the latter would also mea-
sure format-sensitive models such as BLOOMZ
more fairly. The open-weight models are served
through an API aggregator and may be quantized,
so their scores may not exactly match the full-
precision weights. The proprietary models are
queried at a fixed point in time and may change. We
evaluated each model once, using the inference set-
tings described in Section 4.1 without performance-
based tuning, so results may differ under other set-
tings such as higher reasoning effort or few-shot
prompting. The instruction is written in English; a
Kurdish instruction could change the results, par-
ticularly for weaker models that already struggle
with the answer format. Finally, the translated sub-
set was checked by native speakers but may still
contain translation errors. We did not formally
measure inter-annotator agreement during check-
ing; unclear cases were resolved by discussion, as
described in Section 3.2.

Ethics Statement

The native questions come from national examina-
tion papers and their official answer keys, which
are public documents, and the translated questions
come from the publicly released MMLU bench-
mark. It contains no personal or private informa-
tion. Two native Sorani speakers took part in the
checking process; they were university students
who volunteered for the project and were informed
of its purpose and intended use. We release the
benchmark, the evaluation code, and the per-model
results at https://huggingface.co/datasets/
akam-ot/KuMMLU under the CC BY-NC 4.0 license
for research use, with documentation of the sources,
the annotation process, and the native/translated
split. Because publicly released benchmarks can
be absorbed into future training data, the release
includes a canary string and asks that the data not
be used for training, so that the benchmark stays
useful for evaluation.

Acknowledgements

We thank Amin Khattab Ahmed and a second na-
tive Sorani speaker, who wished to remain anony-
mous, for volunteering to check the questions and
translations.

References
Abdulhady Abas Abdullah, Srwa Hasan Abdulla,

Dalia Mohammad Toufiq, Halgurd S. Maghdid,
Tarik A. Rashid, Pakshan F. Farho, Shadan Sh.
Sabr, Akar H. Taher, Darya S. Hamad, Hadi Veisi,
and Aras T. Asaad. 2024. NER-RoBERTa: Fine-
tuning RoBERTa for named entity recognition (NER)
within low-resource languages. arXiv preprint
arXiv:2412.15252.

Sina Ahmadi. 2020. KLPT – Kurdish language process-
ing toolkit. In Proceedings of the Second Workshop
for NLP Open Source Software (NLP-OSS), pages
72–84. Association for Computational Linguistics.

Sina Ahmadi, Daban Jaff, Md Mahfuz Ibn Alam, and
Antonios Anastasopoulos. 2024. Language and
speech technology for Central Kurdish varieties. In
Proceedings of the 2024 Joint International Con-
ference on Computational Linguistics, Language
Resources and Evaluation (LREC-COLING 2024),
pages 10034–10045, Torino, Italia. ELRA and ICCL.

John Dang, Shivalika Singh, Daniel D’souza, Arash
Ahmadian, Alejandro Salamanca, Madeline Smith,
Aidan Peppin, Sungjin Hong, Manoj Govindassamy,
Terrence Zhao, et al. 2024. Aya expanse: Combin-
ing research breakthroughs for a new multilingual
frontier. arXiv preprint arXiv:2412.04261.

Kyumars Sheykh Esmaili. 2012. Challenges in Kurdish
text processing. arXiv preprint arXiv:1212.0074.

Geoffrey Haig and Ergin Öpengin. 2014. Kurdish: A
critical research overview. Kurdish Studies, 2(2):99–
122.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou,
Mantas Mazeika, Dawn Song, and Jacob Steinhardt.
2021. Measuring massive multitask language under-
standing. In International Conference on Learning
Representations (ICLR).

Fajri Koto, Haonan Li, Sara Shatnawi, Jad Doughman,
Abdelrahman Boda Sadallah, Aisha Alraeesi, Khalid
Almubarak, Zaid Alyafeai, Neha Sengupta, Shady
Shehata, Nizar Habash, Preslav Nakov, and Timothy
Baldwin. 2024. ArabicMMLU: Assessing massive
multitask language understanding in Arabic. In Find-
ings of the Association for Computational Linguis-
tics: ACL 2024, pages 5622–5640. Association for
Computational Linguistics.

Peshmerge Morad, Sina Ahmadi, and Lorenzo Gatti.
2024. Part-of-speech tagging for Northern Kurdish.
In Proceedings of the Joint Workshop on Multiword
Expressions and Universal Dependencies (MWE-UD)
@ LREC-COLING 2024, pages 70–80, Torino, Italia.
ELRA and ICCL.

Niklas Muennighoff, Thomas Wang, Lintang Sutawika,
Adam Roberts, Stella Biderman, Teven Le Scao,
M Saiful Bari, Sheng Shen, Zheng Xin Yong, Hailey
Schoelkopf, et al. 2023. Crosslingual generalization
through multitask finetuning. In Proceedings of the

177

https://huggingface.co/datasets/akam-ot/KuMMLU
https://huggingface.co/datasets/akam-ot/KuMMLU
https://aclanthology.org/2020.nlposs-1.11/
https://aclanthology.org/2020.nlposs-1.11/
https://aclanthology.org/2024.lrec-main.877/
https://aclanthology.org/2024.lrec-main.877/
https://aclanthology.org/2024.findings-acl.334/
https://aclanthology.org/2024.findings-acl.334/
https://aclanthology.org/2024.mwe-1.11/
https://aclanthology.org/2023.acl-long.891/
https://aclanthology.org/2023.acl-long.891/


61st Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
15991–16111. Association for Computational Lin-
guistics.

Yonatan Oren, Nicole Meister, Niladri Chatterji, Faisal
Ladhak, and Tatsunori B. Hashimoto. 2024. Proving
test set contamination in black-box language models.
In International Conference on Learning Representa-
tions (ICLR).

Shivalika Singh, Angelika Romanou, Clémentine Four-
rier, David Ifeoluwa Adelani, Jian Gang Ngui, Daniel
Vila-Suero, Peerat Limkonchotiwat, Kelly Marchi-
sio, Wei Qi Leong, Yosephine Susanto, Raymond
Ng, Shayne Longpre, Sebastian Ruder, Wei-Yin
Ko, Antoine Bosselut, Alice Oh, Andre Martins,
Leshem Choshen, Daphne Ippolito, and 4 others.
2025. Global MMLU: Understanding and addressing
cultural and linguistic biases in multilingual evalua-
tion. In Proceedings of the 63rd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 18761–18799, Vienna,
Austria. Association for Computational Linguistics.

Guijin Son, Hanwool Lee, Sungdong Kim, Seungone
Kim, Niklas Muennighoff, Taekyoon Choi, Cheon-
bok Park, Kang Min Yoo, and Stella Biderman. 2025.
KMMLU: Measuring massive multitask language un-
derstanding in Korean. In Proceedings of the 2025
Conference of the Nations of the Americas Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long Pa-
pers), pages 4076–4104, Albuquerque, New Mexico.
Association for Computational Linguistics.

Ahmet Üstün, Viraat Aryabumi, Zheng-Xin Yong, Wei-
Yin Ko, Daniel D’souza, Gbemileke Onilude, Neel
Bhandari, Shivalika Singh, Hui-Lee Ooi, Amr Kayid,
Freddie Vargus, Phil Blunsom, Shayne Longpre,
Niklas Muennighoff, Marzieh Fadaee, Julia Kreutzer,
and Sara Hooker. 2024. Aya model: An instruction
finetuned open-access multilingual language model.
In Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 15894–15939. Association
for Computational Linguistics.

Arda Yüksel, Abdullatif Köksal, Lütfi Kerem Senel,
Anna Korhonen, and Hinrich Schütze. 2024. Turk-
ishMMLU: Measuring massive multitask language
understanding in Turkish. In Findings of the Associ-
ation for Computational Linguistics: EMNLP 2024,
pages 7035–7055. Association for Computational
Linguistics.

Chujie Zheng, Hao Zhou, Fandong Meng, Jie Zhou,
and Minlie Huang. 2024. Large language models are
not robust multiple choice selectors. In International
Conference on Learning Representations (ICLR).

A Subjects

Table 2 lists the subjects in KuMMLU and the
number of questions in each.

Subject #Q

Native (2,256)
Chemistry 336
Kurdish literature 289
Kurdish grammar 282
Biology 259
History 256
Economics 178
Geography 166
Physics 161
Mathematics (Gr. 9 and 12) 157
Religious studies 68
Social sciences 55
Kurdish rhetoric 49

Translated from MMLU (1,016)
Philosophy 311
High school mathematics 264
College medicine 164
College chemistry 99
College mathematics 99
College physics 79

Total 3,272

Table 2: Subjects in KuMMLU and their question
counts.

B Prompt Template

Each question is presented with the template below,
shown here for a four-option question. The instruc-
tion is in English and the question and options are
kept in Kurdish. For the API-served models the
first line is sent as the system message and the rest
as the user message; for the locally run multilingual
baselines the whole template is given as a single
prompt. The number of options (N) is three, four,
or five depending on the question, and the final line
asks for a number from 0 to N−1.

You are taking a multiple choice exam in
Kurdish. Respond with ONLY the number
of the correct answer. No explanation.

Question: {question}

Choices:
0: {option 0}
1: {option 1}
2: {option 2}
3: {option 3}

Answer with a single number from 0 to
{N−1}:

C Per-Subject Accuracy

Table 3 reports accuracy for each subject, averaged
over the 32 models. The three Kurdish-language
subjects are the lowest-scoring.
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Subject Mean acc. (%)

Kurdish rhetoric 33.7
Kurdish grammar 36.1
Kurdish literature 40.8
Geography 44.6
History 45.4
College chemistry 48.0
Economics 49.1
Biology 49.7
College mathematics 53.6
High school mathematics 56.7
Chemistry 57.1
Physics 58.4
College physics 59.7
Philosophy 59.9
Mathematics (Gr. 9 and 12) 61.6
College medicine 63.2
Social sciences 63.4
Religious studies 65.3

Table 3: Per-subject accuracy, averaged over all 32 mod-
els.

D Example Questions

Table 4 gives English glosses of four native ques-
tions, one from each of grammar, rhetoric, history,
and chemistry. The correct option follows the offi-
cial answer key. The last column gives how many
of the 27 API-served models answered correctly.

E Error Analysis

This analysis uses the per-question outputs of the
27 models served through the API; the multilingual
baselines are not included.

Where the Kurdish-language subjects lose
points. The drop on the Kurdish-language sub-
jects is not limited to weak models. The five
strongest models lose 16 to 30 points on grammar,
literature, and rhetoric compared with the other na-
tive subjects (Gemini 3.1 Pro: 74.2% vs. 89.9%;
GPT-5.6 (sol): 56.5% vs. 86.2%). Of the 620 ques-
tions in these three subjects, 70 (11.3%) are an-
swered correctly by at most three of the 27 models,
compared with 4.0% of the other native questions
and 2.7% of the translated ones.

Reading these hardest items shows three recur-
ring types. Grammar questions often ask for the
role of a Sorani attached pronoun (for example,
whether -m is the agent or a prepositional comple-
ment) or for a rewrite that moves a clitic, which
requires a correct analysis of the Sorani clitic sys-
tem. Literature questions ask who wrote a quoted
verse, or which statement matches the curriculum’s
account of a literary movement or journal; here

models tend to choose a generally plausible state-
ment or “all of the above” instead of the answer
the curriculum teaches, knowledge that is likely to
be scarce in higher-resource-language training data.
Rhetoric questions ask models to identify or count
the rhetorical devices in a verse.

Errors are shared. Wrong answers are con-
centrated. On questions that at least five of the
ten strongest models answer incorrectly (counting
parsable answers only), on average 73% of their
wrong answers on the Kurdish-language subjects,
and 79% on the other subjects, go to the same dis-
tractor. This is consistent with shared distractor
preferences, although it does not by itself establish
their cause.

Position bias. Option shuffling places the correct
answer in each position for about a quarter of the
questions (Section 4.1), and the strongest models’
predictions are also close to uniform: Gemini 3.1
Pro, GPT-5.6 (sol), and Kimi K3 choose each posi-
tion between 23.7% and 26.8% of the time. Several
open-weight models show strong preferences in-
stead: Ministral 14B chooses the first option in
only 4.0% of four-option questions and the third in
52.0%, and Llama 3.3 70B chooses the third option
46.8% of the time. Because the shuffle makes these
preferences independent of the correct answer, they
should not systematically inflate scores, although a
single fixed ordering cannot rule out chance effects
in either direction.

F Response Rates

Most models returned a parsable answer on nearly
every question. Table 5 lists the models whose
response rate fell below 98%; all other models
were above 98%.

Model Response rate (%)

BLOOMZ-7B1 62.9
Qwen3 235B 83.3
GPT-5.6 (luna) 91.7
Llama 4 Scout 93.8
Llama 3.3 70B 94.0
Kimi K3 95.9
mT0-XXL 96.2

All other models >98

Table 5: Models with response rate below 98%. A low
rate means the model often did not return a parsable
option number.
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Subject Question and options (English gloss) Models correct

Grammar In the sentence kam qutabî be yekem derçû? (‘Which student came first?’), what
is kam? (a) interrogative pronoun; (b) interrogative adverb; (c) interrogative
adjective; (d) adverb of manner

13/27

Rhetoric In the verse ‘Ey biraderan, ba biçîne yarî / Newcewanîman lê bida diyarî’,
the imperfect paronomasia (yarî/diyarî) lies in: (a) the kind of letters; (b) the
number of letters; (c) the order of letters; (d) the kind and number of letters

10/27

History The forces of Sheikh Ubeydullah of Nehri, for liberating the part of Kurdistan
under Qajar rule, were divided into how many columns? (a) three; (b) four; (c)
five; (d) six

13/27

Chemistry In which cell does an electric current drive a non-spontaneous redox reaction?
(a) fuel cell; (b) voltaic cell; (c) electrolytic cell; (d) dry cell

17/27

Table 4: Example native KuMMLU questions with English glosses. Bold marks the answer in the official key.
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Abstract

NLP Large Language Models have had a deep
impact not only on research but also on soci-
ety. However, there is one problem underlying
their own nature which forbids them to be fully
trusted and accountable: Hallucinations – a phe-
nomenon that calls for a scientific account in
the form of a theoretical model that represents
the underlying rationale of how it emerges. In
this paper, we present such a model. In the
same spirit as in other fields proposing mod-
els of natural phenomena – such as rainfall –
or social phenomena – such as knowledge cre-
ation in organizations – we propose a theoreti-
cal model that serves to explain hallucinations
by synthesizing in an abstract and structured
framework how the interrelations and interac-
tions of more than 50 factors give rise to this
phenomenon helping us to better understand its
complexity and idiosyncrasies.

1 Introduction

Large Language Models (LLMs) have become
ubiquitous systems across several domains such as
Law (Nguyen, 2023), Medicine (Sorin et al., 2023),
or Finance (Wu et al., 2023). However, one major
obstacle to becoming fully trusted by users is the
generation of hallucinations – nonfactual or non-
sense outputs (Kaddour et al., 2023; Huang et al.,
2025). Hallucinations can have negative impacts
on society by, for example, imputing false crimes
to people (Lomas, 2025), inventing law cases (Tay-
lor, 2024), or suggesting users to ingest potentially
poisonous chemicals (Eichenberger et al., 2025).

Previous works have shed light on possible
causes of hallucination such as noisy training
data (Ji et al., 2023), stochastic decoding meth-
ods (Huang et al., 2025), or LLMs not faithfully
learning the data distribution (Lin et al., 2022). In
turn, mitigation methods have been proposed such
as improved decoding (Shi et al., 2024) and im-
proved training (Lightman et al., 2024) methods.

These efforts have made LLMs less brittle to hallu-
cinations. However, there is a fundamental, open
problem: The scarcity of theoretical accounts that
substantiate this phenomenon and bring conceptual
understanding. Hallucinations from LLMs are not
just a simple byproduct of the LLMs’ training data
nor do they arise from the effect of isolated compo-
nents; hallucinations are a complex phenomenon
emerging from an intricate, systematic pattern of
dependencies and interactions among the LLMs’
underlying components – including the data.

Let us consider two phenomena as illustrative
examples. The phenomenon of rain is not inde-
pendently caused by single factors; it is a set of
interrelated factors including evaporation, conden-
sation, temperature, humidity, atmospheric pres-
sure, etc. that make rain to emerge (Pinho and
Andrade, 1998; Nugent et al., 2019). In the so-
cial sciences, the phenomenon of knowledge cre-
ation in organizations is dependent on a framework
of interrelated factors across cognitive, relational,
and structural dimensions (Nahapiet and Ghoshal,
1998). As Poincaré argued, science not only ad-
vances by accumulating facts derived from works
studying single factors, but by structuring them into
models that allow us to theorize relations and pat-
terns (Poincaré, 1913) – models that can enrich the
NLP field to continue its scientific development.

In this paper, we propose a theoretical model
of hallucinations in NLP LLMs. Our model aims
to conceptually explain the emergence of this phe-
nomenon via an abstract, high-level representation
of how factors from LLMs systematically interre-
late to cause hallucinations. Besides explanation,
our theoretical model can serve multiple roles for
future work. First, as a structured framework of
previous works providing a visual aid for better
informed surveys. Second, as a roadmap for plan-
ning both future experiments based on theorized
relations and more complex mitigation methods
that take into account the dependencies among fac-
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tors. Third, as an abstract space where researchers
can advance the conceptual knowledge of this phe-
nomenon by discerning and deliberating proposed
relations and by further theorizing on new factors
and relations, thereby refining our comprehension
of this phenomenon.

2 Background and Previous Works

2.1 Hallucinations in LLMs

The phenomenon of hallucinations has been framed
as a tripartite concept (Huang et al., 2025; Zhang
et al., 2025a; Ji et al., 2023): 1) Nonfactual halluci-
nations: LLMs’ generations are factually wrong or
contradict information in well-established KBs or
encyclopedias; 2) unfaithful hallucinations: LLMs’
generations contradict the input prompt or the gen-
erated output; and 3) unverifiable hallucinations:
LLMs’ generations that cannot be verified due to
the lack of reliable sources. We focus on the first
two types of hallucinations since we believe are the
most relevant in NLP research and applications.

Previous works have studied how candidate fac-
tors have played a role in the generation of halluci-
nations in NLP LLMs, and deep learning models,
such as instruction-tuning (Pal et al., 2023), us-
ing maximum-likelihood for training (Dziri et al.,
2022), or LLMs learning spurious word statis-
tics form pretraining data (Kang and Choi, 2023),
among others. However, the literature is lack-
ing a theoretical model connecting these factors,
via causal and associative links, into a structured
and abstract representation depicting how the phe-
nomenon of hallucinations arises.

Additionally, other works have studied the prob-
lem of hallucinations in LLMs from a theoreti-
cal standpoint based on either formal analyses of
LLMs training process (Kalai et al., 2025), for-
mal linguistic formulations of the generations of
LLMs (Bouyamourn, 2023), or statistical models
of the risk of hallucinations in LLMs (Gumaan,
2025). Nonetheless, these accounts are different in
nature from our theoretical model. They are better
categorized as formal mathematical or linguistic
models which lie in different layers of abstraction
compared to our proposed model: Whereas our
model uses natural language and a visual aid as the
main representational devices for encompassing
the structure and logic of the phenomenon of hallu-
cinations, those previous works use theorems and
proofs as their main devices to establish necessary
conditions for modeling hallucinations.

2.2 What is a Theoretical Model?
A theoretical model is an abstract, high-level, and
conceptual representation of a set of systemati-
cally interrelated factors or concepts via causal
(and other types of) links, which may or may not
be grounded on empirical evidence, that depicts
how a phenomenon emerges (Saunders et al., 2024)
(Saunders et al., 2015). This class of model qual-
ifies as a type of scientific explanation due to be-
ing a conceptual and general explanation of a phe-
nomenon (Bhattacherjee, 2019). Although a theo-
retical model due to its conceptual nature is inher-
ently theoretical, the theorized relationships among
factors offer opportunities for empirical validation
in future works (Swanson and Chermack, 2013).

3 Modeling Basis and Method for
Building Our Theoretical Model

3.1 Choice of Theoretical Model
We use a variant of the theoretical model proposed
by (McCain, 2022; Swanson and Chermack, 2013)
because 1) it depicts dependencies and interactions
between factors; 2) natural language can be used
as the representational device for describing the
relations underlying the model, as is common in
the literature (N. and Rajendran, 2015; Eisend and
Kuss, 2019); and 3) it explains how factors can be
a direct/indirect cause/influence of the dependent
variable – the generation of a hallucination by an
LLM; i.e. it shows how factors are responsible for
LLMs hallucinations (Figure 1 and Section 4).

3.2 Our Adapted Method for Building our
Theoretical Model

Building a theoretical model comprises a subset
of the steps for building scientific theories (N. and
Rajendran, 2015). Hence, we borrow established
theory-building methods from the Social Sciences
due to their mature stage after decades of research
(Bhattacherjee, 2019; Bacharach, 1989; Eisend and
Kuss, 2019). Specifically, we adapt the deductive
methods of (Swanson and Chermack, 2013; Whet-
ten, 1989; N. and Rajendran, 2015), as well as the
inductive methods of (Meza et al., 2023; Eisenhardt
and Graebner, 2007) since it is difficult that a sin-
gle method fits all possible scenarios for building a
model and so methodological tailoring is required
(Eisenhardt, 1989; Swanson and Chermack, 2013).

More concretely, we first review the NLP litera-
ture of LLM hallucinations; then, we select factors
which are plausible causes of hallucination while
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theorizing or extracting dependencies among them
based on both the empirical evidence shown in the
respective works and our domain knowledge. This
bottom-up strategy allows us not only to synthesize
in a structured way previous works, but also to find
generalizable patterns while reconciling any possi-
ble inconsistency by crossing works and validating
the effect of each factor on the generation of hallu-
cinations. Moreover, this strategy also facilitates
the extraction or proposal of explanations of why
each factor causes the target phenomenon (Eisen-
hardt, 1989). This results in an emergent model
grounded on previous works revealing causal (and
other) patterns. After that, we reflect on the ratio-
nale underlying the proposed conceptual structure
to deduce what possible factors are missing in order
to have a coherent and logical model that accounts
for a viable explanation of how hallucinations are
generated. We then proceed to search for these
factors in the literature and add them to our model
following the procedure described above. If there
are factors for which we were not able to find any
previous evidence of their role in causing hallu-
cinations, then we theorize, factor by factor, how
they are related to the existing model built so far;
this theorizing comes from domain knowledge and
from efforts to keep our model both congruent with
the existing dependencies and parsimonious. We
then revisit our full model to search for possible
missing links and to double-check the validity of
each connection, as advised by (Rivard, 2021). We
thus obtain our model of hallucinations (Figure 1).

3.3 Assumptions and Boundaries

We provide boundaries and assumptions under
which our model is aimed to work. Our model
is aimed for decoder-only Transformer NLP LLMs
pretrained in English language (or multilingual
where English is one of the main languages). We
only consider the standard training process of
LLMs: Pretraining, SFT, human-alignment (fur-
ther assumptions in Section A.1).

3.4 Types of Relationships

Relations between factors depend on the domain
(Salmons, 2019). We identify 6 types of relations:
1) causal, which corresponds to relations where the
antecedent causes the consequent; 2) influence or
associative, where the antecedent has an influence
on the consequent, i.e. the consequent’s state value
depends on the antecedent, but the antecedent does
not cause the consequent; 3) embodiment, which

means that the antecedent’s effect will be embodied
by the consequent; 4) instantiation, where the con-
sequent is a specific type of factor of the antecedent;
5) mediation, where a factor is an intermediary be-
tween its antecedent and its consequent (e.g. B
in A → B → C) and the effect of its antecedent
depends on the state of the current factor; and 6)
interaction, where two factors mutually modify the
strength of their effects making them weaker or
stronger depending on their state values. These
relationships are differentiated in Figure 1 by color.

4 Theoretical Model of Hallucinations:
Explaining Hallucinations

The phenomenon of hallucinations in NLP LLMs
can be explained from factors from pretraining,
Supervised Fine-tuning (SFT), human alignment
training, the architecture of the LLM, and those
arising at inference time. Figure 1 depicts our
model connecting all those factors showing that
some can be direct or indirect causes. We elaborate
on this model by accounting for the logic behind
what we consider the main candidate causes. In
Section A.2, Tables 3 to 15 show all relations in
Figure 1, and Tables 1 and 2 show examples of
hallucinations, or scenarios where hallucinations
can arise, for selected factors.

4.1 Causes of Hallucination from the
Pretraining Stage

4.1.1 The Influence of Pretraining Data on
Hallucinations

According to the type of domain of pretraining
data, the states of factors such as data quality,
subjective information, and amount of pretrain-
ing data may induce hallucinations (Ji et al., 2023;
Huang et al., 2025; Li et al., 2024b). For example,
social media documents, compared to scientific
documents, might be of questionable quality due to
containing biases, inaccurate info, noise, low qual-
ity of writing (syntactically and semantically), but
they are abundant on the web. Thus, the way how
the choice of domain data may cause hallucinations
is via these features affecting the parameters state
of an LLM: When trained on social media data, the
embedding representations of entities and concepts
will not be accurate nor rich in concise information;
parameters at higher layers of the LLM may not en-
code proper grammar rules nor meaningful context
information; thus, when these representations are
used at inference time with an input prompt contain-
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Figure 1: Our theoretical model of hallucinations in NLP LLMs. Single-head arrows indicate these relations: causal
(black), influence (blue), embodiment (purple), instantiation (orange), or mediation (green). Double-head, dotted
arrows indicate interaction. Description of all relations can be found in Tables 3 to 15 in Section A.2.

ing a novel context accompanying a target entity,
the LLM will not be able to accurately extract in-
formation, or pay the correct attention weight to
each token, leading to a nonfactual hallucination.

Hallucinations are also elicited by other data
features. For instance, outdated data will allow
outdated context information to be encoded in the
entities embeddings, leading to a hallucination
whenever an LLM provides this outdated informa-
tion (Huang et al., 2025). Also, data containing
long-tail entities will result in poor embeddings
with insufficient context information, resulting in
LLMs hallucinating due to the lack of knowledge
(Xu et al., 2025). Moreover, multilingual data
has been shown to impair high-resource language
LLMs consequently leading to hallucinations: The
variations of linguistic patterns of other languages
may increasingly conflict with English patterns the
higher the amount of pretraining data is used
(Chang et al., 2024); i.e. the amount of pretraining
data interacts with the multilinguality of the data
(scenario in Table 1). Another possible cause of
hallucination is the incomplete information of en-
tities (Yang et al., 2023; Banerjee et al., 2024), i.e.
when no document provides information about a
specific aspect of an entity. Thus, when an LLM
is queried about a missing aspect, it may respond

based on similar entities resulting in a nonfactual
hallucination if, for example, the information re-
quested is the birthday of a person. An additional
cause is the frequent co-occurrence of two entities
in the corpus – so-called statistical co-occurrence
(Kang and Choi, 2023). The LLM may learn that
regardless of their context, these entities should
appear together; e.g., when queried with "What is
the capital of Canada?" an LLM may incorrectly
reply "Toronto" if Canada and Toronto appeared so
frequently together overriding the correct associa-
tion of capital_of(Canada, Ottawa) in the middle
and late-layer self-attention heads (Yu et al., 2024).

4.1.2 The Influence of Pretraining on
Hallucinations

Four main causes of hallucination arise as part of,
or as a consequence of, pretraining: Imitative false-
hoods, teacher forcing, loss function, and the
distribution of the data not being learned. Inac-
curate, noisy information and biases, such as social
stereotypes, can be categorized as falsehoods, i.e.
statements which truth value may not be bounded
by reality; pretraining using data with falsehoods
may lead to the phenomenon of imitative false-
hoods (Lin et al., 2022) where an LLM not only
memorizes falsehoods but it learns a latent model
to mimic them, and by doing so it will halluci-
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nate whenever given as input entities associated to
such falsehoods. On the other hand, during pre-
training, to predict the next token in a sequence,
an LLM always receives the golden previous se-
quence; this teacher-forced expectation to receive
the correct input sequence will forbid the LLM
to learn to recover from wrong predictions; thus,
at inference time, incorrect predictions may accu-
mulate deriving into hallucinations (Dziri et al.,
2022). Alongside this, the loss function (or pre-
training objective) qualifies as a plausible factor
inducing hallucinations (McKenna et al., 2023).
The autoregressive nature of learning incentivizes
the prediction of tokens based on statistical and lin-
guistic patterns from the data; it does not enforce
factuality (scenario in Table 1).

After pretraining, another cause may arise – in-
directly caused by the number of pretraining
epochs – namely, that the pretraining distribu-
tion was not learned or was not accurately en-
coded (Lin et al., 2022); this is a multivariate dis-
tribution encompassing variables such as statistics,
attributes, and relations of entities and concepts,
linguistic and semantic patterns, etc. Thus, not
thoroughly capturing this distribution may trans-
late into hallucinations due to insufficient context
information or inaccurate patterns learned, such as
an LLM not accurately learning the structure and
semantics of the perfect present tense possibly due
to insufficient exposure (example in Table 1).

4.2 Causes of Hallucination from the
Supervised Fine-tuning Stage

4.2.1 The Role of SFT Data on Hallucinations

Similar to the pretraining scenario, some features
from the SFT data can induce hallucinations in
LLMs: Instances with incorrect labels can lead the
training of an LLM to a parameter space where in-
puts are systematically mapped to wrong labels (Ji
et al., 2023), leading the LLM to hallucinate by gen-
erating incorrect outputs as in the case of wrongly
translated English-French sentences. Moreover,
if the data contains new knowledge (Gekhman
et al., 2024) unseen during pretraining, to accu-
rately learn it, the training process may significantly
alter the pretraining distribution encoded in the pa-
rameters, leading to catastrophic forgetting (Li
et al., 2024a) which may cause hallucinations by
altering or forgetting internalized knowledge (Zhai
et al., 2023).

Moreover, another candidate cause of halluci-

nations is creative data (Dziri et al., 2022), such
as open-ended dialogues, which enforce the phe-
nomenon of innate divergence in LLMs by teach-
ing them to be creative (we elaborate in Section
4.2.2). Finally, if the amount of data available
for SFT is scarce it will not allow an LLM to ac-
curately picking all the right statistical cues due
to an insufficient backpropagation signal to fix er-
rors and learn from them – parameters will not
be accurately adjusted to learn the tasks correctly –
specially for instruction types from complex tasks
such as multi-hop QA or from different unrelated
tasks (Li et al., 2024b); but even for simple tasks,
insufficient data can lead to hallucinations (Kang
et al., 2025) (example in Table 1).

4.2.2 The Role of SFT on Hallucinations
One of the contributing causes of hallucination
from the SFT stage is the phenomenon of innate
divergence (Ji et al., 2023), generated by dialogue
data (and the like), which encapsulates the LLMs’
behavior of inherently diverging from the input
context for the sake of creativity. This behavior
may result in nonfactual hallucinations when dia-
logues are grounded in an ill-defined domain with
low-quality data, as in the case of recreational data
for chatbots where responses are expected to be
not only creative but also funny and entertaining
which may contain factually inaccurate statements.
Another relevant cause of hallucination is the in-
sufficient (or excessive) number of fine-tuning
epochs which indirectly contributes to the SFT dis-
tribution not being properly learned (Pal et al.,
2023) by leading to a parameter space where the
LLM fails to pick necessary statistical, linguistic,
and semantic patterns underfitting (or overfitting)
the data which may lead to hallucinations (example
in Table 2).

4.3 Causes of Hallucination from the Human
Alignment Stage

4.3.1 The Impact of Alignment Data on
Hallucinations

Features from the data for aligning LLMs to hu-
man preferences, similar to the SFT or pretraining
stages, can also elicit hallucinations: Incorrect an-
notations or rewards, for DPO (Rafailov et al.,
2023) or RLHF (Ouyang et al., 2022) methods,
may lead the aligned LLM to prioritize certain as-
pects – such as fluency, avoiding biases, or being
polite – over factuality (Chaduvula et al., 2026).
The systematic application of these annotations (or
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rewards) will lead to an underlying latent model of
the data (or reward) known as misleading align-
ment (Zhang et al., 2025a) (when using DPO) or
reward hacking (Wang et al., 2025) (when using
RLHF), which in turn promotes the internalization
of the phenomenon of sycophancy (explained in
Section 4.3.2). Additionally, another reinforcing
factor of sycophancy are creative data (Dziri et al.,
2022) with an effect similar to that from the SFT
stage, which we believe rather than be embodied
as the phenomenon of innate divergence, it will be
subsumed by the sycophancy phenomenon itself
since the goal is to align to human criteria. Lastly,
a similar effect from the amount of data available
for alignment takes place as in previous stages.

4.3.2 The Impact of Alignment to Human
Preferences on Hallucinations

Training an LLM to align to human preferences
may allow certain factors to cause hallucinations.
First, the sycophancy phenomenon (Wang et al.,
2025) will form a dual internalization of a servile
behavior possibly at the cost of factuality: Pleasing
human values and generating creative outputs. This
may give rise to a hallucination whenever an input
prompt touches a contentious aspect such as: "Why
men seem to hold more job positions in engineer-
ing than women?" where a possible response from
an aligned LLM might be "that is an interesting but
biased insight" when, in fact, the LLM could gener-
ate a neutral research-oriented and evidence-based
factual response learned from reliable sources.

On the other hand, while an insufficient num-
ber of alignment epochs may contribute to not
learning the data distribution, overtraining will
lead the parameters to encode noise from the data,
thus embodying the phenomenon of mode collapse
(Hamilton, 2024), leading to hallucinations by not
learning to generalize to different scenarios. For
example, given prompts for alignment from edu-
cational scenarios such as "You are an empathetic
LLM. Respond to the query while guiding through
each step: how to prove the Pythagoras theorem?"
the LLM may learn to associate being "empathetic"
with educational contexts; thus, at inference time
when the LLM receives an input with a medical
scenario such as "You are an empathetic LLM. Re-
spond to the query: I have these symptoms... How
can I know if this is cancer?" the LLM may hallu-
cinate procedural responses of medical with those
of educational contexts and reply "Step 1, can you
recognize the variables of the theorem?".

4.4 Causes of Hallucination from the LLM
Architecture

Factors in the Transformer model such as the at-
tention mask, context window size, the positional
encoding, as well as issues such as attention dilu-
tion or vanishing gradients contribute to some types
of positional bias (Wu et al., 2025b), such as lost-
in-the-middle, attention sink, short-range bias,
or recency bias, and to the issues of long-range
dependencies and insufficient context attention;
these factors contribute to the generation of hallu-
cinations. Lost-in-the-middle (Liu et al., 2024) is
the phenomenon where tokens placed in the middle
of a long input context do not receive as big atten-
tion weights as tokens placed at the beginning or
end of the input; this can lead to unfaithful halluci-
nations, for example, in lengthy input documents if
the answer of a given query is placed in the middle.
One possible reason for this phenomenon to arise
is the presence of recency bias (Zhou et al., 2024)
which occurs when an LLM puts more attention on
recent tokens in the input sequence rather than on
prior tokens; this bias may also lead to hallucina-
tions if, for example, the LLM is tasked with sum-
marizing a document and at some point the most
recent tokens in the input sequence are those gener-
ated by the LLM in which case the LLM may put
more focus on such generations. Another possible
contributing factor to the lost-in-the-middle phe-
nomenon is the phenomenon of attention sink (Gu
et al., 2025; Xiao et al., 2024) which happens when
some tokens at the beginning of an input prompt
receive most of the attention as if they were pulling
the attention towards them, possibly causing hallu-
cinations when key information required to answer
a query is placed towards the end of the input se-
quence. On the other hand, the short-range bias
(Kazemnejad et al., 2023) happens due to the simi-
lar positional encoding vectors of proximal tokens,
which affects their alignment and attention scores
influencing them to be higher, leading to bigger
attention weights for localized clusters of tokens
and to similar hallucinations as the other positional
biases. Additionally, an indirect cause of halluci-
nations is the factor of long-range dependencies
(Assogba and Ren, 2025; Wu et al., 2025a) where
two semantically related but distant tokens share
a small, rather than a big, attention weight due to
their distance. This may lead to hallucinations in
long input sequences by making the LLM to fo-
cus on specific localized clusters of the sequence
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whereas attention should be put across the whole
sequence including both distant tokens which will
result in the LLM not properly contextualizing the
vectors.

Moreover, it has been shown that some LLMs
pay more attention to their parametric memory than
to the input context when answering a query or
summarizing a document – a phenomenon known
as insufficient context attention (Shi et al., 2024);
this can effectively lead to a hallucination if the
correct response to the query or the information
required for the summary is contained only in the
input context and any information retrieved from
parametric memory may contradict it.

A further consideration is any limitation in the
reasoning capabilities of LLMs which may also
induce hallucinations (Zhang et al., 2025a). For
example, failure to carry out a complex reasoning
throughout input documents to answer complex
historiographical queries can lead to hallucinations
(example in Table 2). Another contributing factor
to the generation of hallucinations is the LLM size
(number of parameters) (Huang et al., 2025): Large
LLMs may generate less hallucinations than small
LLMs because the former may have a better capac-
ity for faithfully learning the data distribution.

Additionally, we identify two factors that to our
best knowledge have remained unexamined in the
LLM literature. Similar to encoding issues in pre-
vious NLG models (Ji et al., 2023), the imperfect
encoding of contextual information in the embed-
dings of entities and concepts may cause hallucina-
tions; this information is not copy-pasted from the
documents, it is constructed and embedded which
can lead to loss or deformation of information at
any step during the mapping process; this can lead
to an incomplete internalization of an entity – not
all its features and relations are included in its em-
bedding. Thus, when an LLM is queried about
such missing information of an entity it will hal-
lucinate it by responding with information from a
similar entity. The second factor we consider is the
vocabulary size of an LLM. We contend that the
finer-grained the vocabulary of an LLM,1 the less
hallucinations: In an ideal scenario each concept
has its own embedding which accurately and solely
captures its intended contextual meaning, provided
that enough amount of pretraining data is avail-
able; in a less ideal scenario where concepts share

1The more the number of meaningful entries in the vocab-
ulary added prior to pretraining.

token-level embeddings, the overlap in contexts
may lead to ambiguity and in turn to hallucination
(example in Table 2).

4.5 Causes of Hallucination Due to Factors at
Inference Time

Another set of critical factors contributing to the
generation of hallucinations are those arising at
inference time. We start our account with the phe-
nomenon of softmax bottleneck (Chang and Mc-
Callum, 2022) where inside the set of k highest-
probability candidate tokens for a prediction, some
tokens will be semantically related among them
but they may be unrelated to the input query. As
demonstrated and analyzed in (Chang and McCal-
lum, 2022), given an input query such as “When
the king met the woman, protocol dictated that the
[MASK] should be the one to greet first”, any of
the two tokens ’woman’ or ’king’ would be a faith-
ful choice; nevertheless, due to the softmax bot-
tleneck, a plausible set of k = 4 candidate tokens
would be ’king’, ’queen’, ’woman’, ’man’ which
is generated due to the geometrical configuration
queen − king = woman −man. Connected to
this phenomenon, the effect of stochastic decod-
ing can contribute to a faithfulness hallucination
(Dziri et al., 2022) by choosing either the token of
’queen’ or ’man’ since methods such as top-k or
top-p add randomness to avoid the likelihood trap2

leading to a more human-like, creative output.
Another cause of hallucination is the phe-

nomenon we term prediction consistency, also
known as hallucination snowballing (Zhang et al.,
2024), where LLMs incorrectly predict the first
tokens in a sequence generation and rather than
predicting subsequent tokens that correct the pre-
vious tokens, the LLMs seem to prefer to keep
consistency in the generation continuing the hal-
lucination (example in Table 2). Aligned to this,
LLMs have been shown to exhibit some predic-
tions with overconfidence (Zhang et al., 2025a), in
the form of high likelihood or probability, despite
being hallucinations. This factor may play a role
in the phenomenon of prediction consistency by
reinforcing the hallucinated sequence. Overcon-
fidence when predicting a hallucination may be
caused by a latent pattern learned at training time;
for example, given the query "in the USA robots
can already operate [MASK]", LLMs may respond
"patients" where the correct answer is "vehicles";

2High-likelihood sequences are more prone to lead to
lower-quality text.
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this may occur not because of simple contextual
features in pretraining data, but because at a higher
semantic level the LLM built a representation of
robots having near-human capabilities, as reported
in some publications and news, leading to confi-
dently predict "patients" to fit in the discourse level
the narrative that robots have such advanced abil-
ities. Equally significant is the phenomenon of
exposure bias (Ji et al., 2023): Due to the mech-
anism of teacher forcing (Section 4.1.2), LLMs
were trained by always receiving a gold input se-
quence for generating the next token; at inference
time, the interruption of this scheme may lead to
an unpredictable behavior that can influence the
quality of the generations. We believe this breach
between training and inference could influence the
factor of prediction consistency: The LLM’s di-
vergence from predicting a factual sequence may
be stimulated or exacerbated by the exposure bias’
effect by not being able to control or correct the
generation due to not having been trained to do so.

In addition, prompt features also play a role
on the hallucinations of LLMs. Specifically, the
prompt length can increase the risk of generating
hallucinations (Liu et al., 2024; Rawte et al., 2024):
Prompts reaching the maximum input length per-
missible can lead to the problems of long-range
dependencies or lost-in-the-middle where key con-
textual information may be neglected to some ex-
tent, forbidding a fully-grounded answer genera-
tion, as explained in Section 4.4. Furthermore,
query specificity or context precision can lead to
hallucinations as well (Janiak et al., 2025): Vague
queries or incomplete contexts can lead to inaccu-
rate answers; for example, the query "What is the
best way to remove stains?" may lead to a hallu-
cinated answer from a user’s point of view if the
LLM replies "you can remove stains from clothes
with product xyz" whereas the expected answer
was to do so from the fabric of a sofa. Addition-
ally, we posit that an LLM receiving an unseen
instruction type (an instruction not seen at train-
ing time) can also induce a hallucination simply by
not knowing what action or task to carry out, as in
the prompt: "let’s play Werewolf" which is a game
that is not frequently used for training LLMs.

A further cause of hallucinations is the phe-
nomenon of knowledge overshadow (Zhang et al.,
2025b) occurring when prompts contain more than
one entity: The highest-frequency entity in pretrain-
ing data becomes the dominant entity, overshadow-
ing the less frequent ones, which can result in a

hallucination if the main entity in the query is not
the dominant one. As pinpointed in (Zhang et al.,
2025b), given a query such as "Between the Arc de
Triomphe and the Musée d’Orsay, which landmark
is more popular in France?" if France overshadows
the Arc de Triomphe and the Musée d’Orsay, then
the LLM may interpret the query as requesting in-
formation about a popular landmark in France for
which the LLM may output one of the most pop-
ular such as the Louvre or the Eiffel Tower. The
last prompt feature we consider can actually have a
positive impact on LLMs: Adding in-context ex-
amples to guide an LLM’s generation by showing
both the principles of the task and the expected
response can reduce the chance of hallucination
(Pal et al., 2023). For instance, if a prompt contains
an unseen instruction such as "write a poem about
the Earth" but the in-context examples demonstrate
the expected output as in "write a poem about the
Sun. The Sun is a beautiful star which warms us at
day" then the LLM will use these examples to bet-
ter contextualize the query by extracting the intent,
inferring the input-output process, and mimicking
the output.

Ultimately, the last salient cause of hallucina-
tions from inference time we address is the problem
of needle-in-a-haystack: Finding a piece of key
information that can serve as an answer to a ques-
tion – a needle – within a wide body of information
in the context – a haystack (Banerjee et al., 2024).
It has been shown that the accuracy of retrieving
a needle declines a) with increased context length,
b) when the needle is placed at the beginning or
middle of the haystack, and c) with smaller needle
lengths (Bianchi et al., 2025; Schuster et al., 2025).
Thus, depending on these attributes is the difficulty
of retrieving the target piece of information from a
lengthy input context and failure to do so translates
into a hallucination.

5 Conclusions

We presented a theoretical model of hallucinations
in NLP LLMs: An abstract structure with its un-
derlying rationale of how a set of interconnected
factors gives rise to this phenomenon. A theoretical
model, while well grounded on empirical findings,
needs not be purely empirically driven – hence
its name theoretical – as it will also abstract the
domain knowledge of researchers whom, on intel-
lectual grounds, theorize about relationships and
factors from which new findings can be derived via
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future experiments. We claim, the NLP field has
studied phenomena mainly experimentally, leav-
ing a plethora of scattered discoveries; synthesiz-
ing these works into conceptual representations, as
done here, can provide us with a better conceptual
understanding of how each phenomenon emerges,
thus advancing our field.

Limitations

One natural limitation of this work is the possibility
of not being exhaustively comprehensive and thus
not including one or more causes of hallucination
in NLP LLMs. As new research is published, new
causes emerge. Nevertheless, the proposed theoret-
ical model can be easily updated and modified by
other researchers in the field satisfying any field-
related idiosyncrasies from where the new research
has been published. Thereof, we leave as an open,
future work the continuous update of this model by
all interested researchers.

The theoretical model may embody hypothetical
relations or factors which may be proven inaccurate
in future works. This is precisely one objective
of this model. Any theorizing is not randomly
proposed; it comes from our domain knowledge;
it is to the best of our intellectual effort that we
consider such hypotheses to hold true, aligned to
the evidence from previous works, in the hope that
future work will prove them correct or incorrect, as
in the way any scientific field advances.
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A Appendix

A.1 Further Assumptions and Boundaries
We further delimit the scope under which our the-
oretical model is valid. We do not consider outer
indirect factors such as the manufacturer of the
LLM which may influence its programming qual-
ity. Furthermore, we view an LLM as a standalone
system, and so we do not consider external sources
or methods such as Retrieval Augmented Gener-
ation (RAG). Additionally, since our model only
concerns with explanation of hallucinations, we
do not consider any mitigation method. In addi-
tion, we define an input prompt as the composition:
prompt = in-context learning examples + context
+ query, where 1) the operator ’+’ means text con-
catenation, 2) a query can also be an instruction,
and 3) the only element that must always appear
in a prompt is the query (the other elements are
optional). In this paper, if no specific element is
specified in the example prompts provided, then it
is assumed that the prompt only contains a query
or an instruction.

A.2 Tables
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Origin Factor Example or Scenario
Pretraining
data

Multilingualism As mentioned in Section 4.1.1, depending on the amount
of multilingual tokens in the data is the magnitude of the
effect of multilingualism on causing hallucinations such
as input queries with complex English syntactic struc-
tures eliciting hallucinations due to the LLM’s inability
of correctly parsing them caused by the impairment men-
tioned in Section 4.1.1.

Pretraining Loss function As mentioned in Section 4.1.2, the loss function does not
incentivize factuality; thus, even when pretraining using
only factual data, hallucinations can still occur when the
LLM is queried with novel concepts or entities because
this leads the LLM to infer new information from its
parametric memory, and to do so, the LLM will simply
repeat the learned generation process of predicting to-
kens based on patterns recovered from data.

Pretraining Not learning the
pretraining data
distribution

As mentioned in Section 4.1.2, one possible consequence
of not accurately learning the pretraining data distribu-
tion is the LLMs’ inability to faithfully capture grammar
rules or tenses; thus, with a query in present perfect tense
such as "Who has been the president of the USA for the
last 3 years?" An LLM may interpret this as a past tense
structure, and answer it with the name of the president 3
years ago which may have been another person if in that
year there was a change of administration.

SFT data Amount of SFT
data

As mentioned in Section 4.2.1, even for simple tasks,
insufficient data can lead to hallucinations; for example,
given the prompt: "Translate the following question to
French: what is the capital of France?" the LLM may
misinterpret it as a question seeking for a capital city
and respond "Paris" which is the correct answer to the
question "what is the capital of France?" picked from
pretraining, but it is an incorrect answer to the target
instruction requesting a translation.

Table 1: Examples of hallucinations, or cases when hallucinations may arise, for selected factors.

193



Origin Factor Example or Scenario
SFT Not learning the

SFT data distri-
bution

As mentioned in Section 4.2.2, not accurately picking the
right statistical cues and patterns due to overfitting can
lead to hallucinations; for example, given the instruction
"Write a list of the top 40 most famous songs of 2026" an
LLM may return a list of only 10 songs if it overfitted to
the SFT examples requesting for lists of 10 items across
diverse domains such as the 10 best movies or the 10
most popular cars.

LLM architec-
ture

Reasoning capa-
bilities

As mentioned in Section 4.4, failure in the capability to
carry out a complex reasoning for complex queries, such
as some historiographical queries, can lead to providing
an incorrect answer and thus a hallucination; for exam-
ple, for the query "What were the motivations of those
whose actions contributed to the onset of the First World
War?" an LLM needs to first figure out the actions that
caused the first world war, then find whom were behind
those actions, and finally discover their motivations.

LLM architec-
ture

Vocabulary size As mentioned in Section 4.4, a smaller and coarser vo-
cabulary can lead to some scenarios of hallucination,
as for example, with the query "Is magpie the favorite
among people?" since ’magpie’, the bird, may be to-
kenized as ’mag’ (short for magazine) and ’pie’ (the
dessert) with no concise way to disambiguate due to the
unclear context; but, this ambiguity may not happen if
the vocabulary included ’magpie’.

Inference time Prediction con-
sistency

As pinpointed in (Zhang et al., 2024), given an input
query such as “is 210 greater than 103?” LLMs may
incorrectly respond “no” and then give a reason such as
“because the base of 10 grows faster than the base of 2”,
continuing the hallucination despite knowing the correct
computations, which can be verified by querying the
LLMs with "what is 210?", "what is 103?", and then "is
1024 greater than 1000?" where LLMs respond "yes".

Table 2: Continuation of examples of hallucinations, or cases when hallucinations may arise, for selected factors.
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Factors Relation Proposition
Antecedent Consequent
Data quality Imitative

falsehoods
causal The presence of inaccurate facts, biases, noisy

data in the pretraining corpus, i.e. falsehoods, will
cause LLMs to incorporate the ability to imitate
such falsehoods into their behavioral repertoire

Data quality Parameters
(updates)

embodiment The quality of features and contexts info from
entities and concepts, which will be learned and
encoded in the parameters, depend on the data
quality

Subjective
information

Data quality influence For some domains, subjective beliefs from au-
thors may take the form of biases or inaccurate
facts which can in turn contribute to the pool of
falsehoods

Amount of
pretraining
data

Parameters
(updates)

causal The number of pretraining documents will affect
the quality of the knowledge in the parameters
(e.g. the less the documents, the less the contex-
tual information coverage)

Domain of
pretraining
data

Data quality influence The domain of the pretraining corpus may influ-
ence the likelihood of observing biases, inaccurate
facts, certain writing style, vagueness, ambiguity,
or noise in the corpus

Domain of
pretraining
data

Subjective in-
formation

influence The domain of the pretraining corpus may influ-
ence the objectivity of the data (e.g. scientific
domains may be more objective than social media
domains)

Domain of
pretraining
data

Amount of
pretraining
data

influence The domain of the pretraining corpus may be re-
lated to the amount of available data (e.g. social
media documents are more abundant than scien-
tific documents)

Long-tail en-
tities

Parameters
(updates)

embodiment Highly infrequent entities will result in their em-
beddings having poor quality (not storing enough
contextual information about such entities)

Outdated
data

Parameters
(updates)

causal An outdated pretraining corpus will cause the em-
beddings of the entities and concepts to contain
outdated information

Multilingual
data

Parameters
(updates)

causal Variations in the linguistic patterns of other lan-
guages in the pretraining corpus may conflict with
English patterns causing conflicts in the encoded
information in the parameters

Table 3: Edges in our theoretical model of hallucinations (pretraining stage) and their corresponding relation type
and propositional statement.

195



Factors Relation Proposition
Antecedent Consequent
Incomplete
information

Parameters
(updates)

causal Missing information of entities or concepts in the
pretraining corpus will cause a poor or incomplete
contextualization of their embeddings

Statistical co-
occurrences

Parameters
(updates)

embodiment The more frequently two or more entities co-occur
in the pretraining corpus, the higher the chance of
capturing this statistical association in the param-
eters

Number of
pretraining
epochs

Parameters
(updates)

causal Under some conditions, a sufficient number of
pretraining epochs will cause the parameters to
optimally or accurately encode contextual infor-
mation

Imitative
falsehoods

Parameters
(updates)

embodiment The expression of the behavior of imitative false-
hoods will be embodied by the LLM via the up-
date of parameters after pretraining

Teacher forc-
ing

Parameters
(updates)

embodiment The forced expectation of the LLM to receive
always a golden input sequence to predict the
next token will be embodied in the parameters

Loss func-
tion

Parameters
(updates)

causal The autoregressive loss function causes the predic-
tion of tokens to be based on statistical/linguistic
patterns which leads the parameters to a certain
space to accurately learn those patterns

Parameters
(updates)

Distribution
not learned

mediation Antecedent factors embodied in the parameters
may cause or influence the LLM to not properly
learn the distribution of the pretraining data, and
is via the current configuration of the parameters
that this takes effect

Parameters
(updates)

Hallucination mediation The parameters are one way through which the
previous antecedents can take effect. After pre-
training, the parameters will contain the combined
effects of all the antecedent causes of hallucina-
tion which will be triggered after the LLM re-
ceives an input prompt

Distribution
not learned

Hallucination causal If the distribution of the pretraining data is not
properly learned, it will lead the LLM to not prop-
erly recovering the linguistic or statistical patterns
required to generate a factual or faithful predic-
tion

Table 4: Continuation of edges in our theoretical model of hallucinations (pretraining stage) and their corresponding
relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Incorrect la-
bels

Parameters
(updates)

causal The pairing of inputs with incorrect labels, derived
from a wrong annotation scheme or human error,
will be learned and encoded in the parameters

Amount of
SFT data

Parameters
(updates)

causal Insufficient instances to learn a specific domain
or task may lead to a sub-optimal parameter con-
figuration

New knowl-
edge

Parameters
(updates)

causal New knowledge in the SFT data (not seen during
pretraining) may either shift, modify, or signifi-
cantly alter the pretraining distribution encoded
in the parameters

Instruction
types

Parameters
(updates)

causal If the SFT data contains instructions that are sig-
nificantly complex, and/or the diversity of instruc-
tion types is high, then these instances may lead
the training to a sub-optimal parameter space caus-
ing the tasks represented in these instances to not
be properly learned

Creative data
(SFT)

Innate di-
verge

causal Instances which show the LLM to behave in cre-
ative ways by purposefully diverging from accu-
rate or factual information will lead to the phe-
nomenon of innate divergence

Innate diver-
gence

Parameters
(updates)

embodiment The repeated exposure to creative instances, such
as open-ended dialogues, can lead to embodying
the behavior of purposefully generating creative
sequences, possibly diverging from factuality

Table 5: Edges in our theoretical model of hallucinations (SFT stage) and their corresponding relation type and
propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Number of
fine-tuning
epochs

Parameters
(updates)

causal Insufficient training epochs can lead to underfit-
ting while the opposite can lead to overfitting; any
scenario will shift the parameters to a specific pa-
rameter space reflecting characteristics of such a
scenario such as learning noise from the data

Parameters
(updates)

Distribution
not learned

mediation Similar to the pretraining scenario, particular
states of antecedent factors of the parameters may
lead to not properly or accurately recovering all
the statistics and patterns from the SFT data, lead-
ing to an imprecise embodiment of the SFT data
distribution

Parameters
(updates)

Catastrophic
forgetting

causal Learning new knowledge at SFT time can lead to a
parameter configuration which causes previously
learned abilities or knowledge to be destroyed,
overridden, or forgotten

Parameters
(updates)

Hallucination mediation The encoded effects of the antecedents of the pa-
rameters will indirectly and effectively lead LLMs
to hallucinate when an input prompt meets the
conditions for triggering one or several of them

Catastrophic
forgetting

Hallucination causal Significant alteration or forgetting of previous
knowledge from pretraining can lead to hallucina-
tions

Distribution
not learned

Hallucination causal Incorrectly or poorly modeled statistical, linguis-
tic, and semantic patterns from the data will lead
to hallucinations when the concepts or tasks in-
volved in such patterns are invoked via an input
prompt

Table 6: Continuation of edges in our theoretical model of hallucinations (SFT stage) and their corresponding
relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Incorrect
annotation or
reward

Misleading
alignment

causal Systematically skewed annotations which favor a
specific response type may lead to an underlying
model of misleading alignment by showing the
LLM to align to aspects such as fluency or polite-
ness that may take over factuality

Incorrect
annotation or
reward

Reward hack-
ing

causal Systematically skewed rewards which favor a spe-
cific response type may lead to an underlying
model of reward hacking by incentivizing the
LLM to align to aspects such as fluency or po-
liteness that may take over factuality

Amount of
alignment
data

Parameters
(updates)

causal The number of instances will be partly respon-
sible for determining the optimality in the final
configuration of the parameters in the parameter
space

Creative
data (human
alignment)

Sycophancy causal Instances which favor some type of creative out-
puts, such as responses in the form of funny dia-
logues, may promote the sycophantic behavior of
LLMs by rewarding the LLMs to generate outputs
that may jeopardize factuality

Misleading
alignment

Sycophancy causal The underlying misleading alignment in the data
to favor human preferences or values over factual-
ity can result in the phenomenon of sycophancy

Reward
hacking

Sycophancy causal The underlying alignment in the skewed reward
function to favor human preferences or values
over factuality can result in the phenomenon of
sycophancy

Table 7: Edges in our theoretical model of hallucinations (alignment to human preferences stage) and their
corresponding relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Sycophancy Parameters

(updates)
embodiment The behavior of sycophancy will be embodied

in the parameters which will be activated with
any input prompt that asks to generate an output
that follows the human preferences learned from
alignment training

Number of
alignment
epochs

Parameters
(updates)

causal The number of epochs is a direct guide to the pa-
rameter configuration in the parameter landscape

Number of
alignment
epochs

Mode col-
lapse

causal The more the number of epochs for training, the
more certain it is the occurrence of the mode col-
lapse phenomenon due to overfitting

Mode col-
lapse

Parameters
(updates)

embodiment The behavior associated with the phenomenon of
mode collapse will be embodied in the parame-
ters which will be invoked when an input prompt
refers to or contains any element or pattern over-
fitted during training

Parameters
(updates)

Distribution
not learned

mediation Similar to the pretraining and SFT scenarios, the
antecedent factors of the parameters may lead
to not properly or not accurately recovering all
the statistical cues as well as the linguistic and
semantic patterns from the alignment data; this
in turn, will lead to not properly learning and
embodying the data distribution

Parameters
(updates)

Hallucination mediation The embodiment of all the antecedents of the pa-
rameters can indirectly and effectively lead LLMs
to hallucinate when an input prompt meets the
conditions for triggering one or several of them

Distribution
not learned

Hallucination causal Incorrectly or poorly learned statistical, linguistic,
and semantic patterns can lead to hallucinations
when the concepts or tasks involved in such pat-
terns are elicited via an input prompt

Table 8: Continuation of edges in our theoretical model of hallucinations (alignment to human preferences stage)
and their corresponding relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Transformer
model

Positional
bias

causal Features from the Transformer model such as posi-
tional encoding, attention model, mask type, com-
putation of K, V matrices, or use of softmax for
normalization may impose a certain type of posi-
tional bias

Transformer
model

Long-range
dependencies

causal Factors such as attention dilution, weakened gradi-
ent signals, softmax attention decay, context frag-
mentation, or positional encoding can contribute
to the occurrence of long-range dependencies

Positional
bias

Recency bias instantiation Recency bias is a type of positional bias where
most recent tokens or tokens near the end of an
input sequence receive more attention

Positional
bias

Short-range
bias

instantiation Short-range is a type of positional bias where
tokens in a localized cluster inside an input se-
quence receive bigger attention weights due to
their proximal position

Positional
bias

Attention
sink

instantiation Attention sink is a type of positional bias where
tokens at the beginning of an input sequence re-
ceive bigger attention weights

Positional
bias

Lost-in-the-
middle

instantiation Lost-in-the-middle is a type of positional bias
where tokens in the middle of an input sequence
receive a significantly smaller attention weight
than those at the beginning or end

Recency bias Lost-in-the-
middle

causal Recency bias is a plausible cause of the phe-
nomenon of lost-in-the-middle by directing the
attention towards tokens at the end of an input
sequence

Attention
sink

Lost-in-the-
middle

causal Attention sink is a plausible cause of the phe-
nomenon of lost-in-the-middle by directing the
attention towards tokens at the beginning of an
input sequence

Recency bias Hallucination causal Recency bias may cause hallucinations if the key
information to be attended to in order to generate a
factual or faithful answer is placed at the begging
of an input sequence

Short-range
bias

Hallucination causal Short-range bias may cause hallucinations if the
pieces of information to be attended to, in order
to generate a factual or faithful answer, are placed
distantly enough to be in different localized clus-
ters of tokens

Table 9: Edges in our theoretical model of hallucinations (due to the architecture of LLMs) and their corresponding
relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Domain of
pretraining
data

Long-range
dependencies

causal Documents from domains such as web content
may lead to the long-range dependencies prob-
lem since they do not systematically contain
semantically-valid long-range dependencies due
to their simplified or inconsistent writing style
or due to being spuriously concatenated to yield
larger documents

Attention
sink

Hallucination causal Attention sink may cause hallucinations if the key
information to be attended to, in order to generate
a factual or faithful answer, is placed towards the
end of the input sequence

Lost-in-the-
middle

Hallucination causal Lost-in-the-middle may cause hallucinations if
the key information to be attended to in order to
generate a factual or faithful answer is placed at
the middle of the input sequence

Transformer
model

Insufficient
context atten-
tion

causal Features from the Transformer model such as po-
sitional encoding, attention model, mask type, or
computation of K, V matrices can impose a re-
striction to pay more attention to the parametric
memory than to the input context

Insufficient
context
attention

Hallucination causal When the LLM pays more attention to its para-
metric knowledge than to the input context it may
induce unfaithful hallucinations if this knowledge
contradicts or deviates from the target information
of the input context to be extracted as an answer

Reasoning
capabilities

Hallucination causal Limitations in terms of reasoning ability directly
impact on hallucinations as the complexity of the
input query increases

Imperfect en-
coding

Hallucination causal Due to intrinsic limitations in the mechanism for
building the embedding representations of entities
and concepts, the encoding may not derive in a
perfect memory of an entity or a concept which
may cause hallucinations at inference time when
the LLM is asked about an imperfectly encoded
attribute

LLM size Hallucination causal The number of learnable parameters in an LLM
has an impact on the generation of hallucinations
due to the amount of factual information that can
be stored and the capacity for faithfully capturing
the data distribution

Vocabulary
size

Hallucination causal The level of granularity of the vocabulary may
impact on the occurrence of hallucinations gen-
erated; the finer-grained the vocabulary the less
hallucinations

Table 10: Continuation of edges in our theoretical model of hallucinations (due to the architecture of LLMs) and
their corresponding relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Softmax bot-
tleneck

Stochastic de-
coding

influence Some of the candidate tokens with the highest
likelihood or probability to be chosen as a predic-
tion may not be a faithful choice and depending
on the decoding method it is the likelihood for
generating a hallucination

Stochastic
decoding

Hallucination mediation Any stochastic decoding method may induce hal-
lucinations, where sampling-induced randomness
acts as a mediator due to selecting tokens within
the high-probability set constrained by the soft-
max bottleneck

Prediction
consistency

Hallucination causal In a sequence generation, the factuality of the
first tokens may determine the factuality of the
remaining sequence generated, and if the LLM is
consistent with its first tokens predicted and these
tokens are a hallucination then the remaining pre-
dictions will continue the hallucination

Short-range
bias

Prediction
consistency

influence The prediction path set by the first predicted to-
kens may be influenced by or reinforced due to
the effect of short-range bias

Over-
confidence

Prediction
consistency

influence The prediction of tokens with overconfidence may
influence the LLM to keep in the thread started
from the first predicted tokens

Teacher forc-
ing

Exposure
bias

causal The mechanism of feeding the LLM with a golden
input sequence to predict the next token is pre-
cisely what gives rise to the exposure bias is-
sue due to the difference between receiving such
golden input with respect to receiving the previ-
ously generated sequence as input at inference
time

Table 11: Edges in our theoretical model of hallucinations (arising at inference time) and their corresponding
relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Exposure
bias

Over-
confidence

influence The phenomenon of exposure bias may influence
the overconfidence of LLMs predictions by incre-
menting the confidence of the current prediction
when given as input its own previous predictions
matching an already known, familiar, or similar
sequence

Exposure
bias

Prediction
consistency

influence The fact that LLMs are trained to predict based on
a gold input sequence but at inference time they
predict based on their own generations may influ-
ence the prediction consistency by not being able
to control and self-correct the current generation

Knowledge
overshadow

Hallucination causal The presence of more than one entity in an in-
put query can induce hallucinations if the query’s
most frequent entity in pretraining data is not the
main entity in the query, thus becoming a domi-
nant entity overshadowing the main entity due to
a possible misdirection of the LLM focus

Needle-in-a-
haystack

Hallucination causal The problem of finding specific key information
within a long input context can cause a hallucina-
tion depending on the complexity of the problem.
Varying factors such as context length or position
of key information can impact on the likelihood
of inducing the hallucination

Prompt fea-
tures

Hallucination causal Several features such as the specificity and preci-
sion of the query and context, whether the instruc-
tion was unseen at training time, the input query
length, among others, can trigger hallucinations.
Notably, in-context examples can reduce the like-
lihood of hallucination by providing key cues to
better ground the expected answer

Table 12: Continuation of edges in our theoretical model of hallucinations (arising at inference time) and their
corresponding relation type and propositional statement.

204



Factors Relation Proposition
Antecedent Consequent
Number of
pretraining
epochs

Amount of
pretraining
data

interaction The strength of the effect of the amount of data on
hallucinations depends on the number of epochs:
While huge amounts of data are beneficial, to
some extent, for LLMs to guard against hallucina-
tions, it depends on the right number of pretrain-
ing cycles to ensure an optimal learning of the
information and rich contextualization of embed-
dings

Amount of
pretraining
data

Multilingual
data

interaction Depending on the amount of data in languages
with significant variations from English is the
magnitude of the effect on altering English pat-
terns and thus causing hallucinations

Number of
pretraining
epochs

Multilingual
data

interaction Depending on how many epochs the parameters
are trained using data in languages with signifi-
cant variations from English is the likelihood of
the effect on altering English patterns and thus
causing hallucinations

Loss func-
tion

Teacher forc-
ing

interaction Depending on the loss function used is the pos-
sibility of using teacher forcing for pretraining,
i.e. with cross-entropy is possible to apply the
teacher-forcing mechanism for pretraining

LLM size Imitative
falsehoods

interaction The accuracy in modeling an imitative behavior
of falsehoods from pretraining data may depend
on the number of parameters of the LLM: Bigger
LLMs may better learn to model such falsehoods
than smaller LLMs

LLM size Data quality interaction Depending on the size of the LLM is the effect
of the quality of the data on the hallucinations:
Optimal data quality with large or small LLMs
will lead to an optimal scenario reducing hallu-
cinations, but deficient data quality will have a
bigger impact on hallucinations with large LLMs
since they can better capture noise and biases than
smaller LLMs

Number of
fine-tuning
epochs

Amount of
SFT data

interaction The appropriate fine-tuning to avoid hallucina-
tions depends on the right number of epochs and
right amount of data

Incorrect la-
bels

Amount of
SFT data

interaction The more the number of instances with incorrect
labels, the higher the change of inducing halluci-
nations due to more exposure to incorrect input-
output mappings at training time

Table 13: Edges in our theoretical model of hallucinations (interactions between factors) and their corresponding
relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
New knowl-
edge

Amount of
SFT data

interaction The more the number of instances containing new
knowledge the higher the change of inducing hal-
lucinations due to a bigger likelihood of destroy-
ing or altering learned patterns from pretraining
or inducing catastrophic forgetting

Instruction
types

Amount of
SFT data

interaction The more the number of different types of in-
stances from different tasks or domains the higher
the risk of inducing hallucinations due to requir-
ing a bigger amount of gradient signal for each
task type to accurately learn them

Creative data
(SFT)

Amount of
SFT data

interaction The more the number of instances containing cre-
ative content that diverges from factuality, such
as open-ended dialogues, the higher the chance of
inducing hallucinations due to promoting diverg-
ing from factuality

Number of
alignment
epochs

Amount of
alignment
data

interaction Dependent on the number of epochs and amount
of alignment data is the correct modeling of the
alignment to human preferences and thus the im-
pact on generating hallucinations (we note this in-
teraction further depends on the alignment method
used such as DPO, RLHF, or other)

Creative
data (human
alignment)

Amount of
alignment
data

interaction The more the number of instances containing cre-
ative content, the higher the chance of aligning
to factors such as creativity or politeness at the
risk of overlooking factuality in order to please
humans

Incorrect
annotation or
reward

Amount of
alignment
data

interaction The more the number of incorrectly annotated in-
stances or incorrectly modeled rewards, the higher
the chance of emerging misleading alignments or
reward hacking, and thus the higher the risk of
hallucinating

Recency bias Attention
sink

interaction The synergistic interaction of these two factors
can lead to the phenomenon of lost-in-the-middle

Positional
bias

Domain of
data

interaction Features from the pretraining documents such as
writing style, among others, can further increase
the effect of positional bias by, for example, pre-
training with documents in which the first sen-
tence always summarize each document, or where
the most important key information is placed at
the middle of the documents

Table 14: Continuation of edges in our theoretical model of hallucinations (interactions between factors) and their
corresponding relation type and propositional statement.
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Factors Relation Proposition
Antecedent Consequent
Long-range
dependen-
cies

Short-range
bias

interaction The localized effect from the short-range bias may
aggravate the small attention weight between two
far away but semantically related tokens happen-
ing due to their distance, which further increases
the chance of hallucination

Vocabulary
size

Amount of
pretraining
data

interaction Depending on the amount of data is the quality
of each token (embedding) in the vocabulary (a
large vocabulary with a small corpus will lead to
poorly contextualized representations) and thus it
may influence the choice of the vocabulary size

Vocabulary
size

Number of
pretraining
epochs

interaction The larger the vocabulary size, the more the num-
ber of epochs that may be required to accurately
encode information in the embeddings of entities
and concepts

LLM size Knowledge
overshadow

interaction The larger the LLM the more the tendency of dom-
inant entities to overshadow infrequent entities in
input prompts due to the diminishing ability of
the LLMs to retain semantical knowledge of un-
popular entities, leading to more hallucinations

Needle-in-a-
haystack

Prompt fea-
tures

interaction Features from input prompts such as the length
of the context, or the query type, can increase the
difficulty of finding the key information required
to answer the input query, leading to a bigger
likelihood of hallucination

Needle-in-a-
haystack

Positional
bias

interaction The difficulty of retrieving key information from
the input context not only depends on its position
in the context, but it also depends on the most
prominent type of positional bias embodied by an
LLM, which can further aggravate the difficulty
of retrieving this information leading to a higher
chance of hallucination

Needle-in-a-
haystack

Longe-range
dependencies

interaction If the key information to be retrieved encompasses
two subsequences which are separated by a long
distance inside the input context, then due to the
long-range dependencies problem the likelihood
of recovering the complete information decreases
and as such the chance of hallucination increases

Table 15: Continuation of edges in our theoretical model of hallucinations (interactions between factors) and their
corresponding relation type and propositional statement.
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