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Abstract

Evaluation of multilingual large language
models has expanded rapidly, yet aggregate
benchmark scores often conceal how perfor-
mance shifts once the surface form of a
language changes. We examine this ques-
tion through Marathi discourse relation clas-
sification. Five instruction-following models,
Llama-3.1-8B, Llama-3.3-70B, Qwen3.6-27B,
GPT-0OSS-20B, and GPT-OSS-120B, are eval-
uated on a manually curated Marathi language
dataset spanning six discourse relations, two
scripts, eighteen domains, and three difficulty
levels, producing 2500 model-level predic-
tions. Qwen3.6-27B obtains the highest over-
all accuracy at 82.4%, followed by GPT-OSS-
120B at 80.8%. The central finding is a large
script effect as mean accuracy falls from 78.1%
on Devanagari script to 49.7% on Romanized
Marathi, a decline of 28.5 percentage for con-
tent that is otherwise unchanged. Relation-
level results trace to marker form rather than
presence; every instance carries an explicit
marker, but Temporal and Contrastive relations
use a single canonical connective and are han-
dled reliably, while Inferential and Reformula-
tive relations lean on multi-word phrasal mark-
ers and are frequently confused with Causal, a
20.4-point accuracy gap that holds across all
five models. Llama-3.1-8B shows a more se-
vere failure, defaulting to Contrastive across
most gold relations. These results indicate that
strong multilingual performance on Marathi is
neither script-invariant nor uniform across dis-
course relations.

1 Introduction

Discourse understanding requires more than recog-
nizing the words in a sentence. A language model
needs to know how one proposition relates to an-
other, whether the second adds information, states
a cause, marks a contrast, follows an earlier event
in time, supports an inference, or restates some-
thing already said. This is the task of classifying

discourse relationships, which has been studied for
decades through resources such as the Penn Dis-
course TreeBank and the shared multilingual DIS-
RPT tasks (Prasad et al., 2008; Webber et al., 2019;
Braud et al., 2023). Results continue to vary across
languages, domains, and relation inventories, and
the variation is sharpest for relations that carry no
explicit connective (Kim et al., 2020; Metheniti
et al., 2024).

Marathi is a useful setting in order to exam-
ine this variation. It is spoken by more than 83
million people and has gained growing NLP sup-
port through IndicNLPsuite, Samanantar, and the
L3Cube Marathi resources (Kakwani et al., 2020;
Ramesh et al., 2022; Joshi, 2022). It nonethe-
less remains underrepresented in multilingual eval-
uation relative to high-resource languages. Ear-
lier similar studies examined Marathi script vari-
ation, code-mixing, and syntax at the sentence
level and found substantial degradation on Roman-
ized input alongside systematic confusion between
Marathi and Hindi morphology (Patil and Chetia,
2026). The present study asks whether a compara-
ble sensitivity appears once the task moves from
sentence-level probing to discourse-level classifi-
cation, where a model must reason about two
propositions rather than judge a single sentence in
isolation.

Script proves to be a crucial site of probe here as
Marathi is conventionally written in Devanagari;
however, just as often in Roman script during in-
formal digital communication. The linguistic con-
tent can stay constant while the token sequence a
model changes considerably. Multilingual models
are known to transfer unevenly across languages
and scripts (Conneau et al., 2020; Muller et al.,
2021), and recent work shows that script match can
affect knowledge transfer even between closely re-
lated languages (Bandarkar et al., 2026). These
findings motivate a controlled comparison between
Devanagari and Romanized Marathi under an iden-
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tical relation inventory, so that script is the only
variable that changes.
We organize the study around four questions.

* RQ1: How well do multilingual LLMs classify
Marathi discourse relations overall?

* RQ2: How much does performance change
when the same content is written in Romanized
Marathi?

* RQ3: Which relations and difficulty levels are
most challenging?

* RQ4: Do model errors show systematic relation
confusions?

This study contributes a controlled evaluation
rather than a new discourse parser. The results
show a 28.5-point average script gap and a recur-
ring confusion between Inferential, Reformulative,
and Causal relations. The analysis also shows why
a single aggregate accuracy figure cannot describe
Marathi discourse competence on its own: rela-
tions whose markers are single canonical connec-
tives behave very differently from relations whose
markers are multi-word phrasal expressions, a dis-
tinction we return to in Section 3.3.

2 Related Work

2.1 Discourse Relation Classification

The Penn Discourse TreeBank established a widely
used framework for explicit and implicit discourse
relations (Prasad et al., 2008), later expanded and
refined in PDTB 3.0 (Webber et al., 2019). Implicit
relations remain difficult because the relation must
be inferred from the two arguments rather than read
off an overt connective (Kim et al., 2020). DIS-
RPT provides a common multilingual evaluation
setting across discourse frameworks (Braud et al.,
2023, 2024). Relation classification remains sen-
sitive to language, domain, and framework choice
(Metheniti et al., 2024; Bourgonje and Demberg,
2024), and LLM-based probing finds that seman-
tically adjacent relations account for most model
errors (Eichin et al., 2025).

2.2 Multilingual and Indic NLP

XLM-R demonstrated the value of large-scale
multilingual pretraining for cross-lingual trans-
fer (Conneau et al., 2020). Subsequent prob-
ing work showed that linguistic information is
not encoded uniformly across languages, and that
transfer depends on a language’s representation
in the pretraining mixture (Tenney et al., 2019;

Chi et al., 2020; Muller et al., 2021). Indian-
language NLP has developed rapidly through In-
dicNLPsuite, Samanantar, IndicBART, and Ma-
haBERT (Kakwani et al., 2020; Ramesh et al.,
2022; Dabre et al., 2022; Joshi, 2022). Broad mul-
tilingual evaluations continue to report gaps for
lower-resource languages (Ahujaetal., 2023; Bang
et al., 2023). Patil and Chetia (2026) provide a
closely related Marathi evaluation at the sentence
level; the present study extends that line of work
to discourse relations. Recent work highlights that
multilingual model performance can vary depend-
ing on how information is represented and contex-
tualized across languages. Ranaldi et al. (Ranaldi
et al.,, 2026) examine cross-lingual retrieval and
representation, while Ranaldi and Pucci (Ranaldi
and Pucci, 2026) show that multilingual model be-
havior can be sensitive to contextual signals. These
findings complement our investigation of script
and discourse-marker sensitivity in Marathi.

2.3 Script Variation

Code-switched benchmarks such as GLUECoS
and LinCE show that models struggle when lan-
guage identity and surface form mix (Khanuja
et al.,, 2020; Aguilar et al., 2020). Translation
benchmarks such as FLORES-200 widened lan-
guage coverage but retain conventional scripts
(NLLB Team et al., 2022), leaving Romanized
Marathi poorly represented. We treat script as an
experimental variable and hold content constant
across conditions.

3 Dataset Construction

We construct a manually curated dataset of 500
Marathi discourse instances. Each instance is as-
signed one of six relations: Additive, Causal, Con-
trastive, Temporal, Inferential, or Reformulative.
The dataset spans both Devanagari and Roman-
ized Marathi, eighteen topical domains, and Easy,
Medium, and Hard difficulty labels. All instances
were written and checked by native Marathi speak-
ers, and no machine translation was used during
construction.

3.1 Relation Inventory

The six labels capture broad discourse functions.
Additive connects compatible information. Causal
links a cause with its consequence. Contrastive
places two propositions in opposition. Temporal
relates events through time. Inferential presents
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a conclusion supported by the preceding proposi-
tion. Reformulative restates or reframes informa-
tion already given. This inventory is intentionally
smaller than PDTB or RST so that the evaluation
stays consistent across all five models.

3.2 Experimental Conditions

The dataset is balanced across the two script con-
ditions at the content level. Romanization follows
conventions used in informal Marathi digital com-
munication rather than a formal transliteration stan-
dard. Each instance also receives a domain la-
bel and a difficulty level based on the amount of
contextual information required to identify the in-
tended relation. This design allows the same rela-
tion inventory to be examined under different sur-
face and contextual conditions without changing
the underlying task.

3.3 Discourse Markers

A discourse marker is a lexical or phrasal cue, typ-
ically a connective, that signals how two proposi-
tions relate to each other. English realizes this with
words such as so, but, and meanwhile. Marathi re-
alizes the same function through markers such as
U and URUTH for Causal relations, 90T and 3¢
for Contrastive relations, T for Inferential re-
lations, and Gt or TR for Temporal relations.
Every instance in the dataset is annotated with
its governing marker, where one is present, and
with the marker’s position in the sentence, whether
clause-initial, medial, or final.

Every instance in the dataset carries an explicit
governing marker; construction never leaves a re-
lation unmarked. What varies systematically is the
form the marker takes. Causal, Contrastive, and
Temporal relations are always signaled by a sin-
gle canonical connective, such as TS, W, or
Q. Additive, Inferential, and Reformulative re-
lations draw more often on multi-word phrasal ex-
pressions, such as ga=T LIsgid (“in other words”)
or TEH 3718 1 (it is clear that”). Of the 500 eval-
uated instances, 437 use a single-word marker and
63 use a phrasal marker; Causal, Contrastive, and
Temporal contain no phrasal markers at all.

Averaged across all five models and 2,500
predictions, accuracy on single-word-marker in-
stances is 73.4%, against 53.0% on phrasal-marker
instances, a 20.4-point gap that holds for every
model, from Qwen3.6-27B (83.3% vs. 76.2%) to
Llama-3.1-8B, which collapses from 46.0% to
11.1%. A single canonical connective is a com-

Model Single-word ~ Phrasal
Qwen3.6-27B .833 762
GPT-OSS-120B .833 .635
Llama-3.3-70B 187 .556
GPT-OSS-20B 157 .587
Llama-3.1-8B 460 11

Table 1: Accuracy by marker form (437 single-word vs.
63 phrasal instances). The gap holds for every model.

pact, familiar cue; a multi-word phrase does not
compress the same way, and a model that fails to re-
solve it appears to default to the relation it has seen
signaled most often, which is consistently Causal
(Section 6.1).

4 Experiments

4.1 Models

We evaluate five instruction-following models:
Llama-3.1-8B, Llama-3.3-70B, Qwen3.6-27B,
GPT-OSS-20B, and GPT-OSS-120B. Llama
provides small and large open-weight baselines
(Grattafiori et al., 2024); Qwen3 and GPT-OSS
add families with different training and instruction-
tuning choices (Yang et al., 2025; OpenAl, 2025).
No model is fine-tuned on the evaluation instances.

All prompts require a single relation label from
the six-class inventory. Generation settings are
fixed across models. Raw responses are normal-
ized to the permitted labels only when the intended
label is unambiguous; otherwise the prediction is
counted as incorrect.

4.2 Evaluation Metrics

We report accuracy, macro F1, and weighted F1.
Accuracy measures the proportion of correct pre-
dictions. Macro F1 weights each relation equally
and therefore makes relation collapse visible even
when a model achieves reasonable overall accu-
racy. We also report performance broken down by
script, relation, difficulty, and domain. The script
gap is defined as

Ascript = ACCDevanagari — ACCRomanized

5 Results

5.1 Opverall Performance

Qwen3.6-27B achieves the highest overall accu-
racy at 82.4%, followed by GPT-OSS-120B at
80.8%. Llama-3.3-70B and GPT-OSS-20B reach
75.8% and 73.6%, while Llama-3.1-8B reaches
41.6%. The ordering does not follow parameter
count alone: the 27B Qwen model exceeds the
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Model Accuracy Macro F1 Weighted F1

Qwen3.6-27B 824 822 822
GPT-OSS-120B .808 799 799
Llama-3.3-70B 758 128 729
GPT-OSS-20B 736 716 716
Llama-3.1-8B 416 375 375

Table 2: Overall Marathi discourse relation classifica-
tion performance.

Overall Relation Classification Performance
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Figure 1: Overall performance across the five models.

70B Llama model, while the 20B GPT-OSS model
stays close to that same larger model.

5.2 Performance by Relation

The relation-level results show a consistent separa-
tion between easier and harder relations. Qwen3.6-
27B reaches 0.95 F1 on Temporal and 0.94 on Con-
trastive, while Inferential and Reformulative fall to
0.69 and 0.66. GPT-OSS-120B shows the same
pattern, with 0.96 and 0.95 on Temporal and Con-
trastive but only 0.62 on both Inferential and Refor-
mulative. The weaker models follow the same or-
dering. These results indicate that difficulty is tied
to the relation distinction itself, and in particular
to whether a relation’s marker is a single canoni-
cal connective or a multi-word phrasal expression
(Table 1), rather than to any single model’s weak-
nesses.

5.3 Script Variation

Script is the strongest source of variation in
the evaluation. The mean accuracy falls from
78.1% on Devanagari to 49.7% on Romanized
Marathi. Qwen3.6-27B drops from 89.8% to
60.9%, while GPT-OSS-120B drops from 85.8%
to 66.4%. Llama-3.3-70B and GPT-OSS-20B
show declines of 30.5 and 28.6 points, respectively.
Llama-3.1-8B falls from 50.5% to 15.6%.

The result is notable because the underlying dis-
course content is held constant. A model is there-
fore not being asked to solve a different linguis-
tic problem. The change is primarily orthographic,

Relation-wise F1 Score

0.8
GPT-055-1208 - 0.76 0.62 0.62 0.96

06
e
Llama-3.3-708 -[SNCE:ER 0.79 0.84 0.34 0.93 3
ind

-04
-~ &
Llama-3.1-88 -n 0.44 0.37 0.00 0.00 0.78

Additive Causal Contrastive Inferential  Reformulative  Temporal
Discourse Relation

Model

GPT-055-208 -V 0.67 0.93

Figure 2: F1 by discourse relation. Temporal and Con-
trastive, both signaled by single canonical connectives,
are consistently easier than Inferential and Reformula-
tive.

Model Performance Across Marathi Script Forms

Qwen3.6-27B - 0.898 0.609
GPT-0S5-1208B - 0.858 0.664
Llama-3.3-708 -| 0.836 0.531

-0.4
GPT-0S5-20B - 0.809 0.523
-0.2

Llama-3.1-8B - 0.156

Model
Accuracy

' -0.0
Romanized

Devanagari

Script

Figure 3: Accuracy on Devanagari and Romanized
Marathi. All models show a substantial script gap.

yet it produces a large difference in classification
accuracy.

5.4 Difficulty and Domain

Performance decreases as difficulty increases for
all five models. Qwen3.6-27B falls from about
0.93 on Easy to 0.69 on Hard, GPT-OSS-120B
from about 0.93 to 0.72, and Llama-3.1-8B shows
the largest decline, from 0.61 to 0.27. The diffi-
culty labels capture meaningful differences in how
hard a relation is to identify.

Domain performance is also uneven. The
strongest models stay relatively stable across most
domains but drop sharply in a few. Qwen3.6-27B
reaches 1.00 in Technology and 0.93 in Culture but
only 0.57 in Environment; GPT-OSS-120B ranges
from 0.57 in Environment to 0.95 in Social Work.
Llama-3.1-8B is more variable still, reaching 0.59
in Academic but falling to 0.21 in Agriculture, con-
sistent with known domain effects in discourse
classification (Bourgonje and Demberg, 2024).
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Relation Classification Accuracy by Difficulty

Model
= Quen3.6-278
= GPT-055-1208
== Uama-3.3-708
== GPT-055-208
= lama-3.1-88

Easy Medium Hard
Difficulty

Figure 4: Accuracy by difficulty. Performance declines
as the relation becomes harder to identify.

6 Error Analysis

6.1 Causal as an Attractor

The GPT-OSS-120B confusion matrix shows the
clearest recurring error. Among Inferential in-
stances, 27 are predicted as Causal and 12 as Re-
formulative. Among Reformulative instances, 23
are predicted as Causal. Llama-3.3-70B and GPT-
OSS-20B show the same direction of confusion,
though at different rates. The models therefore rec-
ognize that the two propositions are related but of-
ten choose a causal interpretation instead of the in-
tended inferential or reformulative one. This is the
failure the marker-form asymmetry in Section 3.3
predicts: Inferential and Reformulative instances
lean on multi-word phrasal markers that are harder
to resolve than the single canonical connectives
used for Causal, so a model that fails to resolve the
cue falls back on the relation it has seen signaled
most often.

6.2 Relation Collapse in Llama-3.1-8B

Llama-3.1-8B exhibits a more severe failure. It
predicts Contrastive for 39 Additive instances, 56
Causal instances, 78 Inferential instances, 79 Re-
formulative instances, and 25 Temporal instances,
effectively collapsing five of the six gold relations
onto one label. Its macro F1 of 0.375 captures this
behavior more clearly than its accuracy of 0.416
does.

The remaining models show intermediate behav-
ior. Llama-3.3-70B performs well on Additive,
Causal, Contrastive, and Temporal but records
only 0.34 F1 on Reformulative. GPT-OSS-20B
similarly maps many Inferential and Reformula-
tive instances to Causal while retaining strong Con-
trastive and Temporal performance. The errors are
structured rather than random across every model
in the study.

7 Discussion

Three findings stand out. First, multilingual com-
petence does not imply script invariance. The av-
erage 28.5-point gap between Devanagari and Ro-
manized Marathi is too large to treat as ordinary
variation. This result extends the script sensitiv-
ity observed in our earlier Marathi probing study
(Patil and Chetia, 2026) from sentence-level tasks
to discourse relation classification.

Second, relation difficulty is structured, and the
structure tracks the form of the discourse marker
rather than its presence: every instance in the
dataset carries an explicit marker. Temporal and
Contrastive relations are consistently easier be-
cause their markers are always single canonical
connectives, while Inferential and Reformulative
relations remain difficult even for the strongest
models because their markers are more often multi-
word phrasal expressions. This is compatible with
earlier work showing that implicit and fine-grained
discourse relations are harder to classify (Kim
et al., 2020; Metheniti et al., 2024; Eichin et al.,
2025), though here the difficulty traces to marker
form rather than marker absence. The pattern also
shows that high overall accuracy can coexist with
weak performance on specific relations, particu-
larly the ones a benchmark average would never
surface.

Furthermore, parameter count does not explain
the ranking. Qwen3.6-27B is the strongest model,
the 70B Llama model finishes third, and the 120B
GPT-OSS model finishes second. Architecture,
training data, tokenizer behavior, and the amount
of Marathi seen during pretraining may matter
alongside scale. The result argues for evaluations
that report relation-level and script-level perfor-
mance rather than a single benchmark average.

The findings carry a direct implication for
Marathi NLP. Evaluation should include Roman-
ized input because it is a common form of informal
written Marathi. A model that performs well only
on clean Devanagari text does not offer the same
level of discourse understanding to users who type
in Roman script. The same principle applies to re-
lation inventories: a single accuracy number can-
not show whether a model preserves distinctions
among semantically adjacent discourse functions.

Limitations

The study is restricted to relation classification
and does not evaluate translation, generation, or
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Relation Classification Accuracy Across Domains
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Figure 5: Accuracy across eighteen domains. Domain variation remains visible even among the stronger models.

Confusion Matrix — GPT-0SS-120B
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Figure 6: Confusion matrix for GPT-OSS-120B. Causal
attracts a substantial share of Inferential and Reformu-
lative errors.

full discourse parsing. The six-label inventory
is coarser than PDTB, RST, or discourse depen-
dency schemes. The dataset contains 500 in-
stances, so domain-level cells are small once parti-
tioned across eighteen domains. Five open-weight
models are evaluated; different prompts or decod-
ing settings could shift absolute scores. A natural
extension is testing whether Romanized Marathi
instruction tuning narrows the script gap without
degrading Devanagari performance. The reported
comparisons should be read as a controlled probe
rather than a complete benchmark of Marathi dis-
course competence.

Confusion Matrix — Llama-3.1-8B

80
Additive - 0 0 0 1
70
Causal - 0 24 0 0 4 60
_E Contrastive - 0 0 0 0 1 0
K
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3
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Figure 7: Confusion matrix for Llama-3.1-8B. Con-
trastive is over-predicted across most gold relations.

Conclusion

We evaluated five multilingual LLMs on Marathi
discourse relation classification under controlled
variation in script, relation type, difficulty, and do-
main. Qwen3.6-27B achieves the highest overall
accuracy at 82.4%, however crucial result is the
script gap. The mean accuracy falls from 78.1% on
Devanagari to 49.7% on Romanized Marathi. In-
ferential and Reformulative relations are also con-
sistently harder than Temporal and Contrastive re-
lations, with Causal acting as a frequent attrac-
tor in model errors, a pattern traceable not to
marker presence, every instance carries one, but to

417



marker form: single canonical connective versus
multi-word phrase. Llama-3.1-8B shows an even
stronger collapse toward Contrastive predictions.
Future work should enlarge the dataset, test addi-
tional Indic languages, and examine whether Ro-
manized Marathi training data can improve script
robustness without reducing performance on De-
vanagari input.
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Relation Devanagari Interpretation
example
Additive ql G ARSI A=l Adds
Jnfoy at Fafiraaor compatible
ferfea. information.
Causal STRER IS LEGIN Gives the cause
UL HHAT I SATell.  of an event.
Contrastive Al SSehTeT ST ,J0T  Marks a
e Eﬁmﬁ?ﬁ Hd contrast.
BIECEIA
Temporal 90T SEATER AT Relates events
e TRt e, in time.
Inferential AT ST 31T, FJTEI@' Supports an
ITE U ugelr inference.
RGN
Reformulative T &M quf ahet Restates or
e, WU o IS reframes
T IR, information.

Table 3: Representative Devanagari examples for the
six relation labels.
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A Dataset Statistics and Examples

The Causal and Inferential examples in Table 3 il-
lustrate the relation boundary behind most recur-
ring Causal errors. The causal example states that
rain caused the match to be canceled, while the
inferential example reasons backward from a wet
road to a likely earlier rain. Both use resultative
connectives, but the direction of reasoning differs,
one moves forward from cause to effect, the other
moves backward from an observed state to a prob-
able earlier cause. This is precisely the boundary
that GPT-OSS-120B and the other mid-sized mod-
els blur most often, since both relations can share
a surface-level resultative marker while requiring
opposite inferential direction. Romanized Marathi
is treated as a surface variant, not a separate condi-
tion. Romanization follows informal online usage,
not a formal transliteration standard, to measure ro-
bustness to realistic input rather than to a standard-
ized orthography that few Marathi speakers actu-
ally type in practice.

Model Add. Caus. Contr. Infer. Reform. Temp.

Qwen3.6-27B 90 79 94 .69 .66 .95
GPT-OSS-120B .89 .76 95 .62 .62 .96
Llama-3.3-70B .81 .79 84 .66 34 93
GPT-OSS-20B .77 .67 93 .62 39 91
Llama-3.1-8B .66 44 37 .00 00 .78

Table 4: Relation-wise F1 scores.
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