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Abstract

We study cross-lingual transfer by fine-tuning
seven large language models (4B-671B pa-
rameters) on Arabic and evaluating zero-shot
reading comprehension on Semitic languages
and non-Semitic controls. Across dense and
Mixture-of-Experts architectures, we find no
evidence of Semitic-specific transfer: mod-
els with weak baselines improve dramatically
across all languages, while strong-baseline
models show only marginal gains regardless
of language family. A chain-of-thought ab-
lation reinforces this finding: the same mod-
els that benefit most from fine-tuning benefit
equally from inference-time reasoning, suggest-
ing both mechanisms address task-format align-
ment rather than cross-lingual knowledge trans-
fer.

1 Introduction

Large language models (LLMs) have dramatically
advanced natural language processing, yet their
benefits remain disproportionately concentrated in
English and a small number of high-resource lan-
guages (Bender et al., 2021; Joshi et al., 2021;
Bender and Grissom). While recent frontier mod-
els demonstrate impressive multilingual coverage
(OpenAl et al., 2025; Yang et al., 2025; DeepSeek-
Al et al., 2025), it remains unclear when and why
fine-tuning on one language yields performance
gains, or failures, in another. Cross-lingual transfer,
whereby capabilities learned by a model for one or
more languages also benefit the model’s capabili-
ties in other languages, is often implicitly attributed
to model scale or instruction tuning (Conneau et al.,
2020; Pires et al., 2019), yet growing evidence sug-
gests that such factors alone are insufficient to ex-
plain transfer behavior across languages (Lauscher
et al., 2020; Bankula and Bankula, 2025).

A natural testbed for studying cross-lingual trans-
fer is the Semitic language family. Arabic, Hebrew,
Ambharic, and Maltese share morphological and

syntactic properties (Faber, 1997), including root-
based non-concatenative morphology and rich in-
flection (McCarthy, 1981; Watson, 2002), while
diverging substantially in script: Arabic and He-
brew use abjad systems, Amharic uses an abugida
(Ge’ez), and Maltese uses the Latin alphabet. This
combination of linguistic relatedness and ortho-
graphic diversity makes it possible to disentangle
whether transfer operates at the level of linguistic
structure, script similarity, or neither.

In this work, we fine-tune seven multilingual
LLMs on a diverse set of Arabic dialects and eval-
uate zero-shot reading comprehension on Hebrew,
Ambharic, and Maltese, using Japanese, Korean,
and French as non-Semitic controls. We use the
Belebele benchmark (Bandarkar et al., 2024), in
which each item presents a short passage followed
by a four-option multiple-choice question whose
correct answer requires reasoning over information
in the passage rather than surface lexical matching.
Belebele provides parallel questions across all tar-
get languages, enabling strict control over train-test
overlap. Our models span 4B to 671B parame-
ters and cover both dense and Mixture-of-Experts
(MoE) architectures, allowing us to examine how
scale and architectural paradigm influence transfer
patterns.

Our central finding is negative: we observe no
evidence of Semitic-specific cross-lingual trans-
fer. Models with weak zero-shot baselines—
particularly the MoE models GPT-OSS-120B and
GPT-OSS-20B—improve dramatically after Arabic
fine-tuning, but gains are distributed relatively uni-
formly across all target languages, including non-
Semitic controls. Models with strong baselines
show only marginal improvement, regardless of
language family. A chain-of-thought (CoT) reason-
ing ablation further supports this interpretation: the
models that benefit most from fine-tuning are the
same ones that benefit most from inference-time
reasoning, and by comparable magnitudes. To-
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gether, these results suggest that Arabic fine-tuning
primarily teaches task-format alignment rather than
transferring language-specific knowledge.

Our contributions are as follows:

1. We present a controlled cross-lingual trans-
fer study across the Semitic language family,
jointly varying linguistic relatedness, script,
model scale, and architecture (dense vs. MoE),
evaluated on parallel data.

2. We present evidence that observed gains are
not driven by language-family transfer, sup-
ported by regression analysis controlling for
baseline accuracy.

3. We introduce a CoT reasoning ablation, sup-
ported by a distributional calibration analysis
(Appendix F), showing that fine-tuning and
inference-time reasoning compensate for the
same underlying deficit in task-format calibra-
tion.

2 Related Work

Our work lies at the intersection of cross-lingual
transfer learning, Semitic language modeling, and
architectural scaling in MoE models.

2.1 Cross-Lingual Transfer and the “Curse of
Multilinguality”

Cross-lingual transfer—the ability of a model to
apply knowledge learned in a source language to
a target language—has been a central objective
of multilingual NLP, driven by models such as
mBERT (Devlin et al., 2019) and XLM-R (Con-
neau et al., 2020). These encoder-based models
demonstrate strong zero-shot transfer by inducing
shared multilingual representations. However, the
transition to decoder-only generative LLMs (e.g.,
XGLM, BLOOM) has introduced new challenges
related to capacity allocation and interference (Lin
et al., 2022; Scao et al., 2023). Unlike encoder
models trained primarily for representation align-
ment, decoder-only models must allocate the same
parameters to next-token prediction across all lan-
guages, which can amplify competition between
languages with different scripts, morphologies, and
resource levels (Wang et al., 2020; Chang et al.,
2023).

A recurring concern in multilingual modeling is
the “curse of multilinguality” (Chang et al., 2023),
whereby adding languages to a model of fixed ca-
pacity can dilute performance due to parameter

competition. While increasing model scale can
mitigate this effect, prior work has shown that
fine-tuning on a single language or task may catas-
trophically overwrite multilingual representations
in dense models (Phang et al., 2020; Lauscher et al.,
2020). Our results extend this line of inquiry to
MOoE architectures, evaluating whether sparse ex-
pert routing mitigates such interference.

2.2 Semitic Language Processing

The Semitic language family presents persis-
tent challenges for language models due to non-
concatenative morphology, rich inflection, and sub-
stantial script variation, including abjad (Arabic,
Hebrew), abugida (Ambharic), and Latin (Maltese).
Prior work has largely focused on encoder-based
models and monolingual or bilingual settings, such
as AraBERT for Arabic (Antoun et al., 2021) and
related adaptations.

Relatively little work has examined genera-
tive cross-lingual transfer within the Semitic fam-
ily, particularly for reasoning-intensive tasks in
decoder-only models. While grouping languages
by family has been shown to improve transfer
in translation and representation learning—e.g.,
NLLB (Team et al., 2022)—it remains unclear
whether such benefits extend to zero-shot reason-
ing tasks. Moreover, languages such as Amharic
and Maltese are often excluded from multilingual
evaluations due to limited resources or script di-
vergence. Our work explicitly includes Maltese as
a controlled ablation, enabling an examination of
syntax-level transfer independent of script overlap,
an angle largely missing from prior Semitic NLP
work.

2.3 Instruction Tuning, Reasoning, and
Task-Format Alignment

Instruction tuning and reinforcement learning from
human feedback (RLHF) have been shown to im-
prove usability and alignment in LLMs (Bai et al.,
2022), but examining their effects on reasoning re-
quires nuance. CoT can elicit latent reasoning abil-
ities in sufficiently large models (Wei et al., 2023),
yet alignment-focused fine-tuning may suppress in-
termediate reasoning signals, a phenomenon some-
times described as an “alignment tax” (Kirk et al.,
2024; Lin et al., 2024). Several recent methods aim
to mitigate this tradeoff, either by reshaping the
instruction-tuning objective (Fu et al., 2024; Ren
et al., 2024) or by isolating world knowledge from
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alignment updates via mixture-of-experts adapta-
tion (Dou et al., 2024).

Our work connects these findings to cross-
lingual transfer by testing whether fine-tuning and
CoT reasoning provide complementary or redun-
dant benefits. If both mechanisms address the same
bottleneck—task-format alignment rather than lin-
guistic knowledge—then the models that benefit
from one should benefit equally from the other. Our
reasoning ablation supports this prediction, suggest-
ing that what appears to be cross-lingual transfer
may in many cases reflect improved alignment with
the evaluation format.

3 Experimental Setup

This section describes the data, models, fine-tuning
procedure, and evaluation protocol used to study
Arabic-to-target-language transfer under controlled
conditions.

3.1 Benchmark and Task

We evaluate cross-lingual transfer using the Bele-
bele benchmark (Bandarkar et al., 2024), a mas-
sively parallel multiple-choice reading comprehen-
sion dataset spanning over 120 languages. Each
example consists of a short passage, a question,
and four candidate answers, designed to assess
reasoning and comprehension rather than lexical
overlap, following prior multilingual reading com-
prehension benchmarks (Joshi et al., 2017; Zhang
et al., 2018; Clark et al., 2019; Khashabi et al.,
2020). Belebele is particularly well-suited for
cross-lingual transfer studies because all languages
share identical question identifiers, enabling strict
control over train—test overlap across languages.

3.2 Languages and Data Splits

We fine-tune exclusively on Arabic dialects, using
a total of 4,800 training examples drawn from six
dialects: Mesopotamian, Tunisian, South Levan-
tine, North Levantine, Najdi, and Moroccan Arabic.
For each dialect, we sample 800 examples of the
available 900 examples, reserving the remaining
100 per dialect for evaluation. Combining multi-
ple dialects follows established practice in Arabic
NLP (Bouamor et al., 2019; Abdul-Mageed et al.,
2021), and exposes the model to a broader range of
morphological and lexical variation than any single
dialect would provide, reducing the risk of overfit-
ting to dialect-specific surface patterns. All train-
ing examples are selected using a strict question

ID—based split, ensuring that no parallel instances
of the same question appear in any evaluation lan-
guage.

We perform zero-shot evaluation on three
Semitic target languages (Hebrew, Amharic, and
Maltese) and three non-Semitic controls (Japanese,
Korean, and French). This design follows estab-
lished practice in cross-lingual transfer research,
where unrelated languages are used to disentangle
the effects of language-family transfer from those
of general task adaptation (Singh et al., 2020; Ero-
nen et al., 2023). All evaluation sets are drawn
from the Belebele validation split and contain no
overlap with training data.

3.3 Models

We evaluate seven pretrained multilingual LLMs
spanning a wide range of scales (4B-671B) and
two architectural paradigms. Dense models acti-
vate all parameters for every input token, while
Mixture-of-Experts (MoE) models contain many
specialized parameter blocks (“‘experts”) and route
each token to a small subset of them, so that only
a fraction of the total parameter count is active per
forward pass.

* Dense models: Qwen3-4B-Instruct, Qwen3-
8B, Qwen3-8B-Base, and Qwen3-32B (Yang
et al., 2025).

e MoE models: GPT-OSS-20B, GPT-OSS-
120B, and DeepSeek-V3.1 (671B) (OpenAl
et al., 2025; DeepSeek-Al et al., 2025).

The Qwen3 family enables controlled compari-
son across scale and training stage. Qwen3-8B-
Base is a pretrained-only model with no post-
training alignment, while Qwen3-8B and Qwen3-
32B are post-trained models that support CoT rea-
soning (Wei et al., 2023; Nye et al., 2021).

MOoE models are included to study how sparse
expert routing—the mechanism by which a learned
gating network sends each token to only a few
of the model’s experts—affects multilingual fine-
tuning dynamics, motivated by evidence that expert
specialization can mitigate interference across tasks
and languages (Fedus et al., 2022).

3.4 Fine-Tuning Procedure

All models are fine-tuned using supervised learn-
ing on the Arabic dialect training set, with infras-
tructure and distributed training managed via the
TINKER training API (Lab, 2025).
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Training format. Each training example is for-
matted as a single-turn conversation: the user turn
contains the full Arabic prompt (passage, question,
and four answer choices; see Appendix E for the
exact template), and the assistant turn contains the
correct answer as a single digit (1-4). The prompt
used during training is identical to the one used
at evaluation time, ensuring no mismatch between
training and test formats. Each model’s recom-
mended chat template is applied to wrap the con-
versation (e.g., qwen3 for the Qwen3 family). The
training loss is computed only over assistant-turn
tokens, so the model is supervised exclusively on
answer prediction. No CoT annotations or inter-
mediate reasoning supervision are provided during
fine-tuning.

Hyperparameters. We apply a uniform configu-
ration across all models: LoRA with rank 32 (Hu
et al., 2021), three epochs, batch size 64, learn-
ing rate 2 x 10~ with linear decay, and Adam
optimization (Kingma and Ba, 2017). We use the
final checkpoint (end of epoch 3) for all evalua-
tions. Full hyperparameter details are provided in
Appendix A.

No language-adaptive pretraining, multilingual
mixing, or task-specific curriculum learning is ap-
plied during fine-tuning. This design isolates the
effect of supervised adaptation on Arabic dialect
data while minimizing confounding factors related
to training procedure or optimization.

3.5 Evaluation Protocol

We evaluate all models on the Belebele multiple-
choice benchmark using accuracy. For each exam-
ple, the prompt begins with a fixed instruction writ-
ten in Arabic, followed by the passage, question,
and four answer choices. While the instruction is al-
ways in Arabic, the passage, question, and answer
choices are written in the evaluated target language
(e.g., Hebrew, Amharic, Maltese, Japanese, Korean,
or French). This design ensures that performance
differences reflect cross-lingual transfer of compre-
hension skills rather than the ability to interpret
instructions in different languages. The full prompt
template is provided in Appendix E.

Multiple-choice scoring. We score answers us-
ing probability rather than free-form generation.
For each example, the prompt c is passed through
the model’s chat template and tokenized. An an-
chor string a = “ANSWER: ” is appended. We then

score each numeric token d € D = {1,2,3,4} by
its conditional log-probability under the model:

score(d) =logp(d | coa), (1)

where o denotes token-sequence concatenation.
The predicted answer is arg maxge p score(d).

Each digit (1-4) maps to a single token in all
tokenizers used in this study, which we verified by
encoding each digit string without special tokens
and taking the first resultant token ID. This scoring
method avoids the ambiguity of parsing free-form
text responses and ensures that evaluation is deter-
ministic and comparable across models.

Inference configuration. All evaluations use
greedy decoding with temperature set to 0.0, ensur-
ing deterministic and reproducible outputs. Each
model is evaluated using its recommended chat tem-
plate (e.g., qwen3 for the Qwen3 family), match-
ing the template used during fine-tuning. Baseline
and fine-tuned models are evaluated under iden-
tical conditions—same prompt format, decoding
parameters, and scoring method—so that accuracy
differences isolate the effect of fine-tuning. We
report both absolute accuracy and accuracy change
in percentage points.

4 Results

Table 1 presents zero-shot accuracy on each tar-
get language before and after Arabic fine-tuning,
along with the change in percentage points. Be-
cause each model is evaluated on the same 100
questions per language before and after fine-tuning,
we can compute paired uncertainty bands for each
gain; we report these in Appendix C for readers
who want a sense of how tightly the per-question
structure constrains the estimates. We treat them as
descriptive bookkeeping rather than as significance
tests, and the claims that follow rest on raw effect
sizes.! We organize our analysis around three main
observations.

MOoE models with weak baselines benefit most.
The most striking result is the scale of improvement

'The hedging here is intentional and is emphatically not
an endorsement of the significance testing framework or of
confidence intervals as a tool for inference. Cls are routinely
misinterpreted as statements about a parameter’s probable
range (Hoekstra et al., 2014), which is fallacious despite being
extremely common. Cls, however, are easy to compute and
do contain uncertainty information, even if exactly what that
information means in practical settings is difficult to inter-
pret (Gelman and Greenland, 2019).
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Model Ambharic Hebrew Maltese Japanese Korean French Avg.
Random baseline 25.0 25.0 25.0 25.0 25.0 25.0 25.0
Base 75.0 91.0 87.0 91.0 92.0 93.0 88.2
DeepSeek-V3.1 (671B) FT 81.0 94.0 89.0 93.0 94.0 92.0 90.5
A +6.0 +3.0 +2.0 +2.0 +2.0 -1.0 +2.3
Base 30.0 41.0 32.0 55.0 56.0 58.0 453
GPT-0OSS-120B FT 52.0 85.0 73.0 84.0 88.0 91.0 78.8
A +22.0 +44.0 +41.0 +29.0 +32.0 +33.0 +33.5
Base 27.0 66.0 29.0 69.0 78.0 82.0 58.5
GPT-0OSS-20B FT 50.0 91.0 73.0 89.0 91.0 89.0 80.5
A +23.0 +25.0 +44.0 +20.0 +13.0 +7.0 +22.0
Base 52.0 87.0 85.0 93.0 90.0 91.0 83.0
Qwen3-32B FT 55.0 88.0 86.0 94.0 90.0 91.0 84.0
A +3.0 +1.0 +1.0 +1.0 0.0 0.0 +1.0
Base 44.0 79.0 65.0 82.0 89.0 92.0 75.2
Qwen3-8B FT 44.0 79.0 63.0 84.0 89.0 92.0 75.2
A 0.0 0.0 2.0 +2.0 0.0 0.0 0.0
Base 43.0 81.0 72.0 83.0 88.0 89.0 76.0
Qwen3-8B-Base FT 45.0 85.0 70.0 83.0 87.0 91.0 76.8
A +2.0 +4.0 -2.0 0.0 -1.0 +2.0 +0.8
Base 37.0 81.0 54.0 84.0 90.0 91.0 72.8
Qwen3-4B-Instruct FT 42.0 81.0 61.0 82.0 89.0 90.0 74.2
A +5.0 0.0 +7.0 -2.0 -1.0 -1.0 +1.3

Table 1: Zero-shot accuracy (%) on target languages before (Base) and after (FT) Arabic dialect fine-tuning. A
denotes the change in percentage points. Semitic target languages are Amharic, Hebrew, and Maltese; non-Semitic

controls are Japanese, Korean, and French.

in the two GPT-OSS models. GPT-OSS-120B im-
proves by an average of +33.5 percentage points,
rising from 45.3% to 78.8%, while GPT-OSS-20B
gains +22.0 pp on average, rising from 58.5% to
80.5%. All individual languages show convinc-
ing gains. These gains are not concentrated on
Semitic languages: for GPT-OSS-120B, French
improves by +33.0 pp, Korean by +32.0 pp, and
Japanese by +29.0 pp—of the same order as the
gains on Hebrew (+44.0 pp), Maltese (+41.0 pp),
and Ambharic (+22.0 pp), with no consistent Semitic
advantage. The pattern for GPT-OSS-20B is sim-
ilar, with Maltese showing the largest single gain
(+44.0 pp) but Japanese (+20.0 pp) and Korean
(+13.0 pp) also improving substantially. The uni-
formity of these gains across language families
strongly suggests that Arabic fine-tuning is teach-
ing task-format alignment rather than transferring
Semitic-specific linguistic knowledge. An anal-
ysis of the underlying logprob distributions con-
firms that these accuracy gains correspond to distri-
butional sharpening toward correct answers, with
magnitude tracking baseline entropy rather than
language family (Appendix F).

Strong baselines leave little room for im-
provement. At the other end of the spectrum,
DeepSeek-V3.1 begins at 88.2% average accuracy
and improves by only +2.3 pp after fine-tuning.
Qwen3-32B, starting at 83.0%, gains just +1.0
pp- Most per-language gains for these models are
within a few points and within the range of what
paired uncertainty bands can distinguish from zero
(Appendix C); the one clear exception is Amharic
for DeepSeek-V3.1 (+6.0 pp). The takeaway is that
these models already perform well on the Belebele
task format, and fine-tuning yields only marginal
improvement.

Dense 8B models show near-zero transfer. The
three dense models at or near the 8B scale—
Qwen3-8B, Qwen3-8B-Base, and Qwen3-4B-
Instruct—show minimal response to Arabic fine-
tuning, with average gains of 0.0, +0.8, and +1.3
pp respectively, changes small enough to be in-
distinguishable from noise on a 100-item evalua-
tion. Qwen3-8B is particularly notable: accuracy
is completely unchanged on four of six languages,
with a —2.0 pp drop on Maltese offset by a +2.0
pp gain on Japanese. Qwen3-4B-Instruct shows
a mixed pattern, with modest gains on Amharic
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(+5.0 pp) and Maltese (+7.0 pp) but slight degra-
dation on Japanese (—2.0 pp), Korean (—1.0 pp),
and French (—1.0 pp). This suggests that at small
dense model scales, LoRA fine-tuning on Arabic
data provides insufficient signal to move the needle
on cross-lingual reading comprehension, and may
in some cases introduce mild catastrophic forget-
ting on high-resource languages.

Regression analysis finds no Semitic-specific ef-
fect. To test whether language-family member-
ship provides residual explanatory power beyond
baseline accuracy, we fit an ordinary least squares
linear regression of fine-tuning gain (in percentage
points) on baseline accuracy and a binary Semitic
indicator across all 42 model-language observa-
tions (full details in Appendix B). Baseline accu-
racy alone explains nearly half of the variance in
fine-tuning gains (R? = 0.479, Boaseline = —0.45,
t = —6.07). Adding the Semitic indicator yields
AR? = 0.065, but the Semitic coefficient is neg-
ative: Bsemitic = —8.2 pp (t = —2.35, SE =
3.50). That is, after controlling for baseline accu-
racy, Semitic languages gain less from Arabic fine-
tuning than non-Semitic controls—the opposite of
what language-family transfer would predict. This
reverses because language family is confounded
with baseline accuracy: Semitic targets have sub-
stantially lower mean baselines (59.9% vs. 82.7%),
inflating their raw gains through greater headroom.
These results provide no evidence that Arabic fine-
tuning preferentially benefits typologically related
languages.

Script similarity does not predict transfer. A
related hypothesis is that transfer operates at the
level of script rather than language family: since
Arabic fine-tuning exposes the model to abjad-
script input, Hebrew (also an abjad) might ben-
efit disproportionately relative to languages written
in abugida (Ambharic), Latin (Maltese, French), or
CIJK scripts (Japanese, Korean). To test this, we
extend the regression analysis in two ways (full de-
tails in Appendix B). First, we replace the Semitic
indicator with a binary abjad indicator (1 for He-
brew, 0 otherwise). The abjad coefficient is small
(Babjad = +4.85 pp, t = 1.17, SE = 4.16; model
R? = 0.497), providing no evidence that sharing a
script type with Arabic confers a transfer advantage.
Second, we code an ordinal script-distance variable
(abjad = 0, abugida = 1, Latin =2, CJK = 3), captur-
ing a gradient of orthographic similarity to Arabic.
This predictor is likewise small (Bgist = +1.56 pp

per step, t = 1.02, SE = 1.52; model R? = 0.493).
Neither script-level predictor improves meaning-
fully over the baseline-only model (R? = 0.479),
indicating that orthographic overlap with the fine-
tuning language does not drive transfer. Per-model
inspection reinforces this conclusion: headroom-
normalized gains for the abjad group (Hebrew) are
0.75 and 0.74 for GPT-OSS-120B and GPT-OSS-
20B respectively, compared to 0.69 and 0.50 for
Latin-script languages and 0.69 and 0.62 for CJK—
differences that are small, inconsistent in direction
across models, and fully accounted for by baseline
variation.

S Reasoning Ablation

To further probe the nature of the gains observed in
Section 4, we conduct an ablation comparing two
scoring regimes on the baseline (non-fine-tuned)
models. The standard regime computes score(d)
from Eq. 1. The reasoning regime first generates a
free-form CoT response 7 using greedy decoding
(t = 0) with a maximum of 4,096 tokens, then
scores:

scorecor(d) =logp(d| coroa). ()

That is, the generated reasoning trace r is in-
serted between the original prompt and the same
anchor a before scoring each digit, so the only dif-
ference from the standard regime is the additional
CoT context. Truncation at the 4,096-token limit is
rare (overall 3.6% of examples; per-model rates in
Appendix D). Qwen3-4B-Instruct and Qwen3-8B-
Base are omitted from this ablation as they do not
support CoT inference.

If fine-tuning primarily injects cross-lingual
knowledge, reasoning at inference time should not
replicate its effects. If, on the other hand, both
mechanisms address the same bottleneck—task-
format alignment—then the models that benefit
from fine-tuning should benefit equally from rea-
soning. Table 2 presents the results. We highlight
three findings.

Reasoning and fine-tuning address the same bot-
tleneck. The most important result of this abla-
tion is the close correspondence between reasoning
gains and fine-tuning gains. GPT-OSS-120B im-
proves by +41.0 pp with CoT reasoning, compared
to +33.5 pp from fine-tuning; GPT-OSS-20B gains
+22.8 pp from reasoning versus +22.0 pp from fine-
tuning. In both cases, the gains are distributed
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Model Ambharic Hebrew Maltese Japanese Korean French Avg.
Random baseline 25.0 25.0 25.0 25.0 25.0 25.0 25.0
No CoT 75.0 91.0 87.0 91.0 92.0 93.0 88.2
DeepSeek-V3.1 (671B)  With CoT 75.0 87.0 88.0 88.0 94.0 93.0 87.5
A 0.0 —4.0 +1.0 -3.0 +2.0 0.0 —0.7
No CoT 30.0 41.0 32.0 55.0 56.0 58.0 453
GPT-0SS-120B With CoT 61.0 88.0 90.0 92.0 91.0 96.0 86.3
A +31.0 +47.0 +58.0 +37.0 +35.0 +38.0 +41.0
No CoT 27.0 66.0 29.0 69.0 78.0 82.0 58.5
GPT-OSS-20B With CoT 48.0 86.0 81.0 88.0 91.0 94.0 81.3
A +21.0 +20.0 +52.0 +19.0 +13.0 +12.0  +22.8
No CoT 52.0 87.0 85.0 93.0 90.0 91.0 83.0
Qwen3-32B With CoT 49.0 86.0 90.0 89.0 93.0 93.0 83.3
A -3.0 -1.0 +5.0 —4.0 +3.0 +2.0 +0.3
No CoT 44.0 79.0 65.0 82.0 89.0 92.0 75.2
Qwen3-8B With CoT 44.0 84.0 81.0 85.0 93.0 90.0 79.5
A 0.0 +5.0 +16.0 +3.0 +4.0 —-2.0 +4.3

Table 2: Accuracy (%) on baseline (non-fine-tuned) models with and without CoT reasoning (max 4,096 thinking
tokens). A denotes the change in percentage points from adding CoT. Qwen3-4B-Instruct and Qwen3-8B-Base are

omitted as they do not support CoT inference.

broadly across all languages rather than concen-
trated on Semitic targets. This parallel strongly
suggests that both mechanisms compensate for the
same underlying deficit: these models possess mul-
tilingual reading comprehension knowledge but fail
to express it through direct logprob scoring with-
out either explicit reasoning or supervised format
adaptation. Distributional calibration metrics cor-
roborate this pattern (Appendix F).

Strong models gain little or are slightly hurt
by reasoning. DeepSeek-V3.1 drops —0.7 pp on
average when CoT is prepended, with a —4.0 pp
decrease on Hebrew and —3.0 pp on Japanese par-
tially offset by a +2.0 pp gain on Korean. Qwen3-
32B shows a similarly flat pattern at +0.3 pp, with
gains on Maltese (+5.0 pp) and Korean (+3.0 pp)
counterbalanced by drops on Japanese (—4.0 pp)
and Amharic (—3.0 pp). For models that are al-
ready well-calibrated on the task, prepending a
reasoning trace appears to introduce noise into the
logprob distribution without systematically improv-
ing answer selection.

Mid-scale dense models benefit moderately.
Qwen3-8B gains +4.3 pp on average from reason-
ing, with a notable +16.0 pp jump on Maltese—the
language on which its accuracy is weakest (65.0%).
This is a case where fine-tuning yields no average
improvement (0.0 pp) but reasoning does help, sug-
gesting that Qwen3-8B possesses relevant knowl-
edge that LoRA fine-tuning on Arabic fails to acti-

vate but that explicit reasoning can elicit.

6 Discussion

Our results present a clear but perhaps counterintu-
itive picture: fine-tuning on Arabic data does not
induce measurable Semitic-specific cross-lingual
transfer. Instead, the dominant mechanism is task-
format alignment, and the magnitude of improve-
ment is almost entirely predicted by how poorly a
model performs at baseline.

Task-format alignment, not linguistic trans-
fer. The strongest evidence against language-
family transfer is the uniformity of gains across
Semitic and non-Semitic targets. After control-
ling for baseline accuracy, the Semitic coefficient
is negative (—8.2 pp, t = —2.35), indicating that
Semitic languages benefit less than non-Semitic
controls once headroom differences are accounted
for. The reasoning ablation provides converging
evidence: CoT produces a nearly identical pattern
of gains across the same models and languages,
yet involves no parameter updates and no Arabic-
specific training signal. A distributional calibra-
tion analysis corroborates this—both interventions
sharpen answer-choice distributions toward correct
answers for poorly calibrated models while leav-
ing already-peaked distributions unchanged (Ap-
pendix F). The most parsimonious explanation is
that both fine-tuning and reasoning help models
express knowledge they already possess but can-
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not surface through direct logprob scoring. This
connects to the “alignment tax” literature (Bai
et al., 2022; Lin et al., 2024), but inverts its fram-
ing: insufficient format alignment—not insufficient
knowledge—is the primary bottleneck for weaker
models.

Architecture matters more than language family.
A second implication is that architectural paradigm
and baseline capability are stronger predictors of
fine-tuning benefit than any property of the tar-
get language. The MoE models (GPT-OSS-120B,
GPT-OSS-20B) show the largest gains, but this
appears to reflect their weak initial task-format cal-
ibration rather than any advantage of sparse expert
routing for cross-lingual transfer. DeepSeek-V3.1,
also an MoE model but with a much stronger base-
line, shows only marginal improvement. Among
dense models, scale alone does not predict benefit:
Qwen3-32B (83.0% baseline) gains +1.0 pp, while
Qwen3-8B (75.2% baseline) gains 0.0 pp, suggest-
ing that once a model reaches a threshold of format
alignment, additional Arabic fine-tuning via LoORA
provides diminishing returns regardless of scale.

This result echoes findings on the “curse of mul-
tilinguality” (Chang et al., 2023), but with an impor-
tant nuance. The concern in prior work is that fixed-
capacity models lose per-language performance as
language coverage increases. Our results suggest
a different dynamic: for well-aligned models, the
bottleneck is not capacity but rather the marginal
irrelevance of additional format-level supervision.
The calibration analysis underscores this for small
dense models: Qwen3-4B-Instruct shows a mean
entropy increase of +0.42 bits after fine-tuning,
with AP* =~ 0, indicating that LoORA on Arabic
data actively diffuses the logprob distributions of
already-calibrated small models without redirect-
ing mass toward correct answers.

Script overlap is not a transfer mechanism.
Our experimental design deliberately varies script
across evaluation languages, enabling a test that
most cross-lingual studies leave implicit. If Arabic
fine-tuning transferred knowledge through shared
orthographic representations, Hebrew—which uses
the same abjad script type and right-to-left direc-
tionality as Arabic—should benefit disproportion-
ately. It does not. After controlling for baseline
accuracy, neither a binary abjad indicator nor an
ordinal script-distance gradient—which codes each
script by its rough orthographic distance from Ara-
bic’s abjad (abjad = 0, abugida = 1, Latin = 2, CJK

= 3)—adds meaningful explanatory power (Sec-
tion 4). This result is consistent with recent find-
ings that subword tokenizers in large multilingual
models largely abstract away script-level features
(Conneau et al., 2020), and suggests that script sim-
ilarity should not be used as a proxy for expected
transfer benefit when selecting source languages
for fine-tuning.

Implications for low-resource language strate-
gies. A practical motivation for studying cross-
lingual transfer is the hope that fine-tuning on a
related high-resource language can bootstrap per-
formance on lower-resource targets. Our results
temper this hope, at least for reading comprehen-
sion tasks evaluated via logprob scoring. The gains
we observe on Amharic—the lowest-resource lan-
guage in our evaluation—are real (+6.0 pp for
DeepSeek-V3.1, +22.0 pp for GPT-OSS-120B),
but they are not preferentially larger than gains on
high-resource controls. This suggests that practi-
tioners seeking to improve performance on low-
resource Semitic languages through Arabic fine-
tuning should not expect language-family related-
ness to provide a special advantage. Instead, the
more reliable lever appears to be improving gen-
eral task-format alignment, whether through fine-
tuning, reasoning, or both.

That said, our experiments are anchored to
multiple-choice reading comprehension scored via
logprob ranking—a paradigm widely used in mul-
tilingual evaluation. Semitic-specific transfer may
well emerge in tasks where shared root morphology
plays a more direct role, such as morphological in-
flection, lemmatization, or open-ended generation,
and we view such evaluations as a natural next step.
Our finding is therefore best read as a methodolog-
ical caution: gains observed on multiple-choice
multilingual benchmarks should not be uncritically
attributed to cross-lingual knowledge transfer with-
out controls for task-format alignment.

7 Conclusion

We study cross-lingual transfer by fine-tuning
seven multilingual language models (4B—671B pa-
rameters) on Arabic dialect data and evaluating
zero-shot reading comprehension on Semitic and
non-Semitic target languages. Our central finding
is that Arabic fine-tuning does not induce Semitic-
specific transfer. Models with weak baselines im-
prove dramatically, but gains are distributed uni-
formly across all target languages, including non-
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Semitic controls, indicating that the primary effect
is task-format alignment rather than the activation
of shared linguistic representations.

A CoT reasoning ablation provides converging
evidence for this interpretation. The models that
benefit most from fine-tuning are the same ones
that benefit most from inference-time reasoning,
and by comparable magnitudes, suggesting both
mechanisms compensate for the same underlying
deficit in task-format calibration. An analysis of
answer-choice logprob distributions corroborates
this: both interventions sharpen distributions to-
ward correct answers for poorly calibrated mod-
els while leaving already-peaked distributions un-
changed or mildly disrupted. For models that are
already well-calibrated, neither intervention yields
substantial improvement.

These results carry practical implications for
multilingual NLP. Practitioners seeking to improve
performance on low-resource languages through
related-language fine-tuning should not assume
that language-family relatedness confers a special
advantage. More broadly, our findings suggest
that distinguishing between genuine cross-lingual
knowledge transfer and task-format alignment is
essential for interpreting fine-tuning gains in multi-
lingual settings.

Limitations

Our study has several limitations that should be
considered when interpreting the results.

First, we evaluate on a single task format:
multiple-choice reading comprehension scored via
logprob ranking. It is possible that Semitic-specific
transfer manifests in other settings, such as open-
ended generation, morphological analysis, or tasks
where shared root structure plays a more direct role.
Relatedly, our prompts use a fixed Arabic instruc-
tion at both training and evaluation time; learning
to follow that instruction may itself contribute to
the alignment gains we report, though we view this
as consistent with rather than contradictory to our
central claim. Our negative finding should there-
fore be understood as specific to this evaluation
paradigm.

Second, we fine-tune exclusively on Arabic, cho-
sen as the highest-resource Semitic language with
a rich multi-dialect training set. The asymmetry of
this design means our findings most directly speak
to Arabic-as-source transfer, and complementary
experiments using Hebrew or Amharic as source

languages, or symmetric multi-source fine-tuning,
would broaden the scope of conclusions.

Third, our evaluation sets are drawn from the
Belebele benchmark and are limited in size (100
examples per language after the question-ID split).
We mitigate this by reporting paired uncertainty
bands in Appendix C that exploit per-question
structure. Nonetheless, several per-language gains
for the dense models are not distinguishable from
zero by these bands.

Fourth, we use a single fine-tuning configuration
(LoRA rank 32, three epochs, uniform hyperparam-
eters) across all models, and our CoT ablation uses
an unconstrained reasoning protocol whose gener-
ated traces frequently contain an explicit answer
indicator (Appendix F). We partially address the
latter through A P* analysis, which only inflates
when reasoning lands on the correct answer, but
a leakage-free CoT protocol and model-specific
hyperparameter tuning would each strengthen the
corresponding conclusions.

Finally, we do not analyze expert routing pat-
terns in the MoE models, which could shed light
on whether Arabic fine-tuning activates language-
specific or task-general experts. We leave this anal-
ysis to future work.
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A Hyperparameter Details

All models are fine-tuned with a uniform config-
uration. Training uses a maximum input length
of 2,048 tokens, batch size of 64, and a learning
rate of 2 x 107> with linear decay and no warmup.
Optimization uses Adam (Kingma and Ba, 2017)
with 81 = 0.9, o = 0.95, and e = 1078, We
employ LoRA with rank 32 (Hu et al., 2021) for
parameter-efficient fine-tuning. Validation loss is
evaluated every 50 optimization steps on a held-out
set of 600 Arabic examples (questions 801-900
across all six dialects), and checkpoints are saved
every 100 steps.

B Regression Analysis Details

This appendix reports the full regression analysis
summarized in Section 4. All regressions are es-
timated by ordinary least squares over N = 42
model-language observations (7 models x 6 target
languages). The dependent variable is the fine-
tuning gain A (in percentage points), and the pre-
dictors are baseline accuracy and a binary Semitic
indicator (1 for Amharic, Hebrew, Maltese; O for
Japanese, Korean, French).

Model 1: Gain ~ Baseline. A simple linear re-
gression of gain on baseline accuracy yields:

~

A = 40.65 — 0.448 x Baseline
R? =0.479, Bpaseline t = —6.07, SE = 0.074

Baseline accuracy alone explains 47.9% of the
variance in fine-tuning gains, confirming that the
dominant predictor is how much room a model—
language pair has to improve.

Model 2: Gain ~ Baseline + Semitic.
binary Semitic indicator yields:

Adding a

o~

A = 52.34 — 0.554 x Baseline — 8.23 x Semitic
R?>=0.544, AR?=10.065

The Semitic coefficient is negative (Bsemitic =
—8.23, t = —2.35, SE = 3.50), indicating that

after controlling for baseline accuracy, Semitic tar-
get languages gain less from Arabic fine-tuning
than non-Semitic controls. The incremental vari-
ance explained by the Semitic indicator is modest
(AR? = 0.065) and runs counter to the direction
predicted by language-family transfer.

Partial correlation. The partial correlation be-
tween fine-tuning gain and Semitic membership,
controlling for baseline accuracy, is r = —0.353
(r? =0.124, t = —2.35, df = 39).

Model 3: Gain ~ Baseline + Abjad. To test
whether sharing a script type with Arabic (abjad)
predicts transfer, we replace the Semitic indicator
with a binary abjad indicator (1 for Hebrew, O for
all other targets):

~

A = 40.35 — 0.455 x Baseline + 4.85 x Abjad
R?* =0.497, Pubjaa t = 1.17, SE = 4.16

The abjad coefficient is positive but small, and the
model’s R? barely exceeds the baseline-only model
(0.479). Sharing an abjad script with Arabic does
not predict fine-tuning benefit.

Model 4: Gain ~ Baseline + Script Distance.
We also test an ordinal script-distance variable
coded as: abjad (Hebrew) = 0, abugida (Ambharic)
= 1, Latin (Maltese, French) = 2, CJK (Japanese,
Korean) = 3:

o~

A = 39.47 — 0.471 x Baseline
4+ 1.56 x ScriptDist
R? =0.493, Bais t = 1.02, SE = 1.52

The script-distance coefficient is small and has
the opposite sign of the script-proximity hypothesis
(positive rather than negative), indicating that more
distant scripts do not transfer less well once base-
line is controlled. Neither script-level predictor
adds meaningful explanatory power beyond base-
line accuracy.

Raw vs. adjusted group means. Table 3 reports
unadjusted and baseline-adjusted mean gains. The
raw Semitic advantage (+4.38 pp) reverses after
adjustment (—8.23 pp), reflecting the substantially
lower Semitic baselines (59.9% vs. 82.7%) that
provide more headroom.

694


https://arxiv.org/abs/2505.09388
https://arxiv.org/abs/1810.12885
https://arxiv.org/abs/1810.12885
https://arxiv.org/abs/1810.12885

Semitic Non-Semitic
Mean baseline (%) 59.9 82.7
Mean gain (raw, pp)  +10.90 +6.52
Raw difference +4.38 pp (Semitic — Non-Semitic)
Adjusted gain (pp)!  +4.60 +12.83
Adjusted difference ~ —8.23 pp (Semitic — Non-Semitic)

Table 3: Raw and adjusted mean fine-tuning gains by
language family. T Adjusted means are evaluated at the
grand mean baseline (71.3%) using the coefficients from
Model 2.

Per-model breakdown. Table 4 reports Semitic
vs. non-Semitic gains for each model, along with
a headroom-normalized metric (gain divided by
available headroom, i.e., 100 — baseline). Across
models, the normalized gain difference between
Semitic and non-Semitic targets is inconsistent in
sign and small in magnitude, further supporting the
conclusion that language-family membership does
not systematically predict fine-tuning benefit.

Model Avg. Gain (pp) Gain/ Headroom
Sem.  Non-S. Sem. Non-S.
DeepSeek-V3.1 +3.7 +1.0 0.234 0.125
GPT-OSS-120B  +35.7  +31.3 0.543 0.718
GPT-OSS-20B +30.7  +133 0.517 0.563
Qwen3-32B +1.7 +0.3 0.066 0.038
Qwen3-4B-Inst. ~ +4.0 -13 0.094 —-0.114
Qwen3-8B —-0.7 +0.7 —0.018  0.054
Qwen3-8B-Base  +1.3 +0.3 0.038 0.025

Table 4: Per-model fine-tuning gains for Semitic vs.
non-Semitic targets. Gain/Headroom normalizes by
available improvement room (100 — baseline). The nor-
malized difference is inconsistent in sign across models,
indicating no systematic Semitic advantage.

C Confidence Interval Details

This appendix reports paired 95% confidence in-
tervals for all fine-tuning gains using McNemar’s
test, a paired comparison for binary outcomes that
exploits the fact that the same questions are an-
swered before and after fine-tuning. Compared to
unpaired binomial comparisons, this yields sub-
stantially tighter intervals (paired standard errors
are 18-91% of their unpaired counterparts, depend-
ing on the model). For each model-language pair
evaluated on n = 100 shared questions, we con-
struct a 2 X 2 contingency table of per-question
correctness under the baseline and fine-tuned mod-
els. Let b denote questions the baseline answered
correctly but the fine-tuned model did not (regres-

sions), and ¢ denote the reverse (improvements).
The net gain is A = (¢ — b)/n, with standard error
SE = \/(b+¢c)— (c—b)2/n/n. A95% CI of
A +1.96 x SE is reported; an asterisk indicates the
interval excludes zero.

D CoT Truncation Rates

Table 6 reports the percentage of reasoning abla-
tion examples whose CoT generation reached the
4,096-token budget, along with the average and
maximum token counts per model-language pair.
All truncated examples are retained in the evalua-
tion (their reasoning trace is simply cut off at the
token limit). Truncation rates are highest for lower-
resource languages (e.g., Amharic) and for smaller
models that produce longer reasoning traces.

E Prompt Template

The following prompt template is used for both
training and evaluation. The instruction is always in
Arabic; the passage, question, and answer choices
are in the target language (Arabic dialects during
training, and the target evaluation language during
zero-shot evaluation). During training, the model’s
target is the correct answer digit (1-4), with the loss
computed only over assistant-turn tokens. During
evaluation, the prompt is followed by the anchor
string "ANSWER: " and scored via logprobs as de-
scribed in Section 3.5.

[Arabic instruction: "Read the following
text then answer the question:"]

[Arabic:
{passage}

"Text:"]

[Arabic: "Question:"]
{question}

[Arabic: "Choices:"]
1) {choice_1}
2) {choice_2}
3) {choice_3}
4) {choice_4}

[Arabic: "Please choose the correct answer
number (1, 2, 3, or 4)."]

The Arabic instruction lines are fixed across
all examples and languages. The placehold-
ers {passage}, {question}, and {choice_1}-

{choice_4} are populated from the Belebele
dataset in the target language. The entire prompt

695



is wrapped in the model’s chat template before tok-
enization.

F Answer Calibration Details

This appendix reports the distributional calibra-
tion analysis referenced in Sections 4, 5, and the
Discussion. For each model-language pair, we
compute three metrics over the four answer-choice
probabilities obtained by normalizing the logprobs
from Eq. 1: Shannon entropy H = — ), p; log, p;
(range [0, 2] bits; lower indicates a sharper distribu-
tion), top-2 margin M = piop1 — Prop2 (range [0, 1];
higher indicates more decisive separation), and P*,
the mean probability assigned to the correct answer.
Together, these separate distributional sharpening
(AH < 0, AM > 0) from sharpening foward the
correct answer (AP* > 0).

Summary. Table 7 reports average calibration
deltas across all six target languages for both
fine-tuning and CoT reasoning. The key patterns
are: (i) models with high baseline entropy (GPT-
OSS-120B, GPT-OSS-20B) show large entropy
reductions and AP* > 0 under both interven-
tions, confirming that accuracy gains reflect im-
proved calibration; (ii) models with low baseline
entropy (DeepSeek-V3.1, Qwen3-32B) show min-
imal A P* despite some distributional sharpening
under CoT; and (iii) the model ranking by A P*
is preserved across fine-tuning and CoT, consis-
tent with the hypothesis that both address the same
format-alignment bottleneck.

Fine-tuning diffuses already-calibrated models.
An unexpected pattern among the well-calibrated
dense models is that fine-tuning increases entropy.
Table 8 reports per-language deltas for the most
extreme case (Qwen3-4B-Instruct) alongside a rep-
resentative high-gain model (GPT-OSS-120B). For
Qwen3-4B-Instruct, entropy rises on every lan-
guage, most dramatically on Amharic (AH =
+1.05) and Maltese (AH = +0.80), with AP*
near zero throughout. This indicates that LoORA
fine-tuning on Arabic introduces interference that
diffuses the model’s logprob distributions without
redirecting mass toward correct answers—a distri-
butional signature consistent with the near-zero
accuracy gains reported in Section 4. By con-
trast, GPT-OSS-120B shows entropy decreases and
AP* > 0 across all languages, confirming that its
accuracy gains reflect genuine calibration improve-
ment.

CoT calibration: answer-indicator leakage and
residual signal. An important caveat applies to
interpreting the CoT calibration numbers. Because
the CoT protocol generates a free-form reasoning
trace before logprob scoring (Eq. 2), and these
traces frequently contain explicit answer indicators
(e.g., “the correct answer is 3”), the model is partly
conditioning on its own stated answer when the
digit logprobs are computed. This mechanically
collapses the distribution toward a single token,
explaining the near-zero post-CoT entropies in Ta-
ble 9 (mean H = 0.054 bits for GPT-OSS-120B,
0.001 for DeepSeek-V3.1). The absolute magni-
tudes of AH and AM under CoT are therefore
not directly comparable to those from fine-tuning,
which operates on the same unconditional scoring
context as the baseline.

What remains informative is A P*—the change
in probability mass on the correct answer. Answer-
indicator leakage concentrates mass on whichever
answer the model stated in its trace, but it only
increases P* if the model reasoned its way to
the right answer. Table 9 shows that GPT-OSS-
120B achieves AP* values ranging from +0.33
(Ambharic) to +0.60 (Maltese), indicating that its
reasoning traces overwhelmingly arrive at correct
answers. DeepSeek-V3.1, by contrast, shows A P*
of only +0.02 on average despite equally extreme
sharpening—its traces are confident but do not sys-
tematically redirect mass toward correct answers
that it was not already selecting. This model-level
dissociation between AH (large for all models)
and AP* (large only for weak-baseline models)
parallels the fine-tuning calibration pattern and is
consistent with the format-calibration hypothesis,
even after accounting for the leakage confound.
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Model Language Base (%) FT (%) A (pp) b c 95% CI
Ambharic 75 81 +6 0 6 [+1.3,+10.7]*
Hebrew 91 94 +3 0 3 [-0.3,+6.3]
Maltese 87 89 +2 2 4  [-2.8,+6.8]
DeepSeek-V3.1 Japanese 91 93 +2 1 3 [-1.9,+5.9]
Korean 92 94 +2 0 2 [-0.7,+4.7]
French 93 92 —1 1 0 [-3.0,+1.0]
Average +2.3 [+0.8, +3.8]*
Ambharic 30 52 +22 12 34 [494, +34.6]*
Hebrew 41 85 +44 4 48 [+32.8, +55.2]*
Maltese 32 73 +41 7 48 [+28.9, +53.1]*
GPT-OSS-120B Japanese 55 84 +29 5 34 [+18.2,+39.8]*
Korean 56 88 +32 0 32 [+22.9, +41.1]*
French 58 91 +33 2 35 [+23.0, +43.0]*
Average +33.5 [+29.0, +38.0]*
Ambharic 27 50 +23 10 33 [+11.0,+35.0]*
Hebrew 66 91 +25 1 26 [+16.1,+33.9]*
Maltese 29 73 +44 3 47  [+33.2,+54.8]*
GPT-OSS-20B Japanese 69 89 +20 3 23 [+10.8,+29.2]*
Korean 78 91 +13 3 16 [+4.8,+21.2]*
French 82 89 +7 2 9 [+0.6, +13.4]*
Average +22.0 [+18.1, +25.9]*
Ambharic 52 55 +3 1 4  [—1.3,+7.3]
Hebrew 87 88 +1 0 1 [-1.0,+43.0]
Maltese 85 86 +1 0 1 [—1.0,+43.0]
Qwen3-32B Japanese 93 94 +1 0 1 [-1.0,+43.0]
Korean 90 90 0 0 0 [0.0,0.0]
French 91 91 0 0 0 [0.0,0.0]
Average +1.0 [+0.1, +1.9]*
Ambharic 37 42 +5 3 8§ [—1.4,+114]
Hebrew 81 81 0 2 2 [-3.9,+3.9]
Maltese 54 61 +7 7 14 [-1.9,+159]
Qwen3-4B-Instruct  Japanese 84 82 -2 3 1 [-59,+1.9]
Korean 90 89 -1 1 0 [-3.0,+1.0]
French 91 90 —1 1 0 [-3.0,+1.0]
Average +1.3 [—0.8, +3.4]
Ambharic 44 44 0 3 3 [—4.8,+4.8]
Hebrew 79 79 0 0 0 [0.0,0.0]
Maltese 65 63 -2 3 1 [-59,+1.9]
Qwen3-8B Japanese 82 84 +2 1 3 [-1.9,+59]
Korean 89 89 0 0 0 [0.0,0.0]
French 92 92 0 0 0 [0.0,0.0]
Average 0.0 [—1.2, +1.2]
Ambharic 43 45 +2 7 9 [-5.8,+9.8]
Hebrew 81 85 +4 1 5 [—-0.7,+8.7]
Maltese 72 70 -2 5 3 [-7.5,+43.5]
Qwen3-8B-Base Japanese 83 83 0 3 3 [—4.8,+4.8]
Korean 88 87 —1 3 2 [-5.4,+34]
French 89 91 +2 0 2 [-0.7,+4.7]
Average +0.8 [—1.3, +3.0]

Table 5: Paired 95% confidence intervals for fine-tuning gains using McNemar’s test (n = 100 per language). b
= regressions (base correct, FT wrong); ¢ = improvements (base wrong, FT correct). Asterisks indicate intervals
excluding zero. We use this as a descriptive bookkeeping marker rather than a significance test.
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Model Language n  Truncated (%) Avg. Tokens Max Tokens

Ambharic 100 0.0 304 953
Hebrew 100 0.0 164 743
Maltese 100 0.0 216 1,348
DeepSeek-V3.1 (671B)  Japanese 100 0.0 223 1,692
Korean 100 0.0 176 1,215
French 100 0.0 169 488
Overall 600 0.0 209 1,692
Ambharic 100 1.0 1,247 4,096
Hebrew 100 0.0 294 2,019
Maltese 100 0.0 405 1,461
GPT-OSS-120B Japanese 100 1.0 473 4,096
Korean 100 0.0 334 1,405
French 100 0.0 301 976
Overall 600 0.3 509 4,096
Ambharic 100 20.0 2,116 4,096
Hebrew 100 5.0 519 4,096
Maltese 100 6.0 753 4,096
GPT-OSS-20B Japanese 100 5.0 662 4,096
Korean 100 3.0 536 4,096
French 100 2.0 438 4,096
Overall 600 6.8 837 4,096
Ambharic 100 3.0 861 4,096
Hebrew 100 4.0 576 4,096
Maltese 100 7.0 814 4,096
Qwen3-32B Japanese 100 4.0 672 4,096
Korean 100 2.0 599 4,096
French 100 6.0 680 4,096
Overall 600 4.3 700 4,096
Ambharic 100 16.0 1,989 4,096
Hebrew 100 3.0 958 4,096
Maltese 100 5.0 1,300 4,096
Qwen3-8B Japanese 100 6.0 1,134 4,096
Korean 100 1.0 873 4,096
French 100 7.0 1,017 4,096
Overall 600 6.3 1,212 4,096

Table 6: CoT truncation rates for the reasoning ablation (max budget: 4,096 tokens). Truncated (%) indicates the
fraction of examples whose generation reached the token limit. Qwen3-4B-Instruct and Qwen3-8B-Base are omitted
as they do not support CoT inference. Overall truncation across all models is 3.6% (107/3,000 examples).
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Model AH AM AP*  AAcc
Fine-tuning (base — ft)

GPT-OSS-120B  —0.34  +0.28  +0.29  +33.5
GPT-OSS-20B —-0.63 +0.24 +0.23 +22.0
Qwen3-8B-Base —0.19  +0.08  +0.05 +0.8
Qwen3-32B +0.02 —0.00 +0.00 +1.0
DeepSeek-V3.1 +0.13  —0.02  +0.00 +2.3
Qwen3-8B +0.12  —0.04 —-0.01 +0.0
Qwen3-4B-Inst. +0.42 —0.17 -0.01 +1.3
CoT reasoning (no CoT — with CoT)

GPT-OSS-120B —1.15 +0.61 +045 +41.0
GPT-0OSS-20B —-0.98 +040 +0.27 +22.8
Qwen3-8B —-0.37 +0.17  +0.06 +4.3
Qwen3-32B —-0.33  +0.13  +0.02 +0.3
DeepSeek-V3.1 —-0.30 +0.12  +0.02 —-0.7

Table 7: Average calibration deltas across all six target
languages. A H: change in Shannon entropy (bits; nega-
tive = sharper). AM: change in top-2 margin (positive
= more decisive). AP*: change in mean probability
on the correct answer. AAcc: accuracy change (pp).

Models sorted by AP* within each panel.
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Model Metric Amharic Hebrew Maltese Japanese Korean French

AH +0.18 —0.50 —0.30 —0.41 —0.46 —0.57
GPT-OSS-120B  AM +0.01 +0.38 +0.31 +0.30 +0.31 +0.34
AP* +0.12 +0.36 +0.33 +0.29 +0.32 +0.32
AH +1.05 +0.21 +0.80 +0.21 +0.13 +0.11
Qwen3-4B-Inst. AM —0.43 —0.10 —0.34 —0.08 —0.05 —-0.04
AP* +0.01 —0.01 +0.02 —0.02 —0.02 —0.01

Table 8: Per-language calibration deltas from fine-tuning for GPT-OSS-120B (high gain) and Qwen3-4B-Instruct
(near-zero gain). GPT-OSS-120B sharpens toward correct answers on all languages except Ambharic, where it starts
closest to chance. Qwen3-4B-Instruct shows entropy increases and near-zero A P* across the board.

Model Metric Amharic Hebrew Maltese Japanese Korean French
AH —1.29 —1.16 —1.32 —1.13 —1.01 —0.99
GPT-OSS-120B  AM +0.67 +0.65 +0.73 +0.57 +0.53 +0.51
AP* +0.33 +0.49 +0.60 +0.45 +0.41 +0.43
AH —0.76 —0.25 —0.28 —0.21 —0.18 —0.14
DeepSeek-V3.1  AM +0.32 +0.10 +0.11 +0.09 +0.07 +0.06
AP* +0.08 —0.01 +0.03 —0.01 +0.03 +0.02

Table 9: Per-language calibration deltas from CoT reasoning for GPT-OSS-120B and DeepSeek-V3.1. Both models
sharpen dramatically (AH < 0), but only GPT-OSS-120B redirects mass toward correct answers (AP* > 0).
DeepSeek-V3.1’s near-zero A P* despite large A H confirms that strong-baseline models were already correct at
the argmax level.
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