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Abstract

Discourse-level translation remains a chal-
lenge for machine translation (MT) sys-
tems, particularly for translation from In-
dian languages to English. This challenge
is amplified in Indian languages due to
rich morphology and discourse complex-
ity. Existing evaluation benchmarks prior-
itize sentence-level translation quality and
fail to capture important discourse phe-
nomena such as pronoun resolution and
lexical cohesion. To address this gap,
we introduce IndicDISCO-MT, a paral-
lel benchmark dataset covering transla-
tions from eight Indian languages to En-
glish. On top of this corpus, we introduce
DiscoAlign, a human-annotated source-to-
target alignment pairs for discourse evalu-
ation. We further propose two evaluation
benchmarks, ProAlign and LexiAlign, to
evaluate ability of large language models
(LLMs) and MT systems to handle per-
sonal pronouns and lexical cohesion. Our
evaluation of recent LLM and MT systems
shows that although models achieve high
translation quality, they still struggle to ac-
curately preserve discourse-level phenom-
ena. The dataset is made publicly avail-
able. []

1 Introduction

In recent years, Neural Machine Translation
(NMT) and Large Language Models (LLMs) have
significantly improved translation quality at both
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sentence and document levels. However, their abil-
ity to handle discourse-level translation remains
limited, especially for Indian languages. Discourse
Translation has a significant impact on the NLP
tasks such as machine translation, coreference res-
olution, dialogue systems, text summarization etc.
Since discourse translation includes many phe-
nomena, we focus on the personal pronouns and
lexical cohesion in Indian languages. Recent LLM
and MT systems still struggle to consistently cap-
ture discourse-level phenomena such as pronoun
resolution and lexical cohesion during translation,
which affects the coherence and consistency of the
output (Mohammed et al., 2026).

Moreover, the rich morphology and diverse syn-
tactic structures in Indian languages makes it diffi-
cult for the models to preserve these discourse phe-
nomena. In addition, there are significant differ-
ences between Indian languages and English when
considering personal pronominal forms. For ex-
ample, pronouns in English are generally not in-
flected, whereas Indian languages are typically in-
flected with case markers. Furthermore, many In-
dian languages distinguish between near and dis-
tant referents using different pronouns, whereas
English uses the same pronouns (e.g., he, she, it)
regardless of such distinctions. Furthermore, En-
glish languages use 3rd person pronouns to dif-
ferentiate in genders (he/she/it), while Indian lan-
guages usually apply gender neutral forms (Dash
et al., 2025)). Beyond pronoun-related challenges,
maintaining lexical cohesion in terms of name en-
tities and coreference relation across sentences is
also crucial in document-level MT (Jiang et al.,
2023)). Examples of failures in preserving personal
pronouns and lexical cohesion during translation
from Indian languages to English are shown in Fig-

ure(1l

As shown in the Figure|l| The highlighted pro-
nouns reveal common gender and antecedent er-
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pradan kin. Lata ne chhattis se adhik Bharatiya
bhashao aur kuch videshi bhashao mein gane record
kiye, halanki mukhya rup se Marathi, Hindi aur Bangali
mein. Unki videshi bhashao mein English, Indonesian,
Russian, Dutch, Nepali aur Swahili shamil thin.
Unhone apne pure kariyar mein kai prashansa aur
samman prapt kiye.

Hindi
. Gender
11 HINRIR b WY U1 MIfdehT 3R A Mistranslation
e &ff| 37 @I BU & WRA § Fed 78 3R 5
HEH THTGRITET TIepT # | T AT SITT 81 3773 &2h o e ;"“T
RS i 32 & 279 aer emale ale
& PRA A ki = Reference  Reference
'aiﬂq 3T HATSt", "Tefend 37w 3f§ur 3R "cmm
BRIBHE
i <> he
Lala ENS
Mangeshkar (ek Bharatiya parshv gayika aur Nger )
samayik sangeetkar thin. Unhen vyapak rup se Bharat P
mein sabse mahan aur sabse prabhavshali gayakon
mein se ek mana jata hai. Aath dashakon ke kariyar N Entit
mein Bharatiya sangeet udyog mein unke yogdan ne ame_ n 047
unhen "Queen of Melody", "Nightingale of India" aur | Substitution
"Voice of the Millennium" jaisi sammanjanak upadhiyan i Lata --->the singer

generic noun phrase.

Named entity replaced with a

Model 1 [Personal pronoun]

Lata Mangeshkar was an Indian playback singer and occasional music
. composer. She is widely regarded as one of the greatest and most
. influential singers in India. Over a career spanning eight decades, her
. contributions to the Indian music industry earned her honorific titles
'such as the “Queen of Melody,” “Nightingale of India,” and “Voice of the
Millennium.” Lata recorded songs in more than thirty-six Indlan

h ily i

Marathi, Hindi, and Bengali. The foreign languages in which he
-1 recorded include English, Indonesian, Russian, Dutch, Nepali, and

Swahili. Throughout her career, she received numerous awards and
honors.

Model 2 [Lexical Cohesion]

Mangeshkar was an Indian playback singer and occasional music
composer. She is widely regarded as one of the greatest and most
, influential singers in India. Over a career spanning eight decades, her
contrlbuuons to the Indlan music mdustry earned her honormc mles such

Mlllennlum The singer recorded songs in more than thirty-six Indian

languages as weII as |n several forelgn Ianguages though pnmarlly in

which she recorded include English, Indonesian, Ru55|an Dutch,
Nepali, and Swahili. Throughout her career, she received numerous
awards and honors.

Figure 1: Example of Models failure for preserving personal pronoun and lexical cohesion in translated text.

rors. In the Roman Hindi source, ’unki” refers to
the female singer Lata Mangeshkar, but the models
incorrectly use masculine pronouns (‘“he”) that al-
ters the meaning and accurate translation requires
feminine pronouns (“she”). Additionally, Model 2
replaces “Lata” with “the singer,” that shows that
it fails to preserve the named entity and lexical co-
hesion.

To systematically study these discourse-level
challenges, there is the necessity of evaluating the
recent LLM and MT systems before using them
for discourse-level translation. Thus in the same
direction, the paper makes 5 major contributions:

1. IndicDISCO-MT: We introduce the Indian
Language Machine Translation benchmarks
for DISCOurse phenomena (IndicDISCO-
MT), a parallel dataset from 8 Indian lan-
guages namely: Hindi, Gujarati, Bengali,
Marathi, Tamil, Telugu, Kannada and Urdu
to English. It includes the paragraphs that are
rich in personal pronouns and lexical cohe-
sion. For example, these paragraphs contain
multiple entities that are referenced across
sentences through pronouns, repeated lexi-
cal items, and semantically related expres-
sions which enables us to examine the trans-
lation systems in maintaining discourse-level
coherence in translation. Although transla-
tion is performed sentence by sentence, anno-

tators are instructed to consider the full docu-
ment context, ensuring cross-sentence coher-
ence, coreference resolution, and lexical con-
sistency.

2. DiscoAlign: For evaluating the personal pro-
nouns and lexical cohesion while translating
from Indian languages to English, we intro-
duce source to target alignment benchmark
dataset on top of IndicDiSCO-MT dataset,
where the source words in different Indian
languages and target word in English (Dis-
coAlign). Using this we can particularly fo-
cus on comparing the personal pronouns and
lexical entities between gold text and model
translated text.

3. ProAlign: To evaluate the models capabil-
ity for preserving personal pronouns in trans-
lated text, we extracted only the alignments
containing personal pronouns from the Dis-
coAlign dataset.

4. LexiAlign: To evaluate lexical cohesion,
named entity consistency, transliteration con-
sistency, and entity substitution errors, we ex-
tract lexical alignments from the DiscoAlign
dataset for all Indian languages.

5. Model Comparison: For evaluating pronoun
and lexical cohesion in model translated text,



we have considered - Qwen3-4B-Instruct-
2507 (Qwen), GPT-40 (GPT), gemma-3-
4b-it (Gemma), sarvam-translate (Sarvam),
LlaMa-3.2-1B (LlaMa). We also include
Google Translate as a commercial MT system
and BhashaVerse as an encoder—decoder MT
system. Here we are analysing the strength
and limitations of all these models in han-
dling discourse-level challenges while trans-
lating from Indian languages to English.

2 Related Works

Discourse-level phenomena such as pronoun res-
olution and lexical cohesion play a crucial role
in ensuring coherence and consistency in machine
translation (MT). Prior work has shown that while
sentence-level neural machine translation systems
achieve strong performance, they often struggle
with discourse-level dependencies, particularly in
handling inter-sentential context. Early studies
(Miiller et al., 2018)) and (Guillou et al., 2018)
demonstrated that state-of-the-art MT systems fre-
quently fail to correctly translate pronouns, espe-
cially when cross-sentence context is required. To
address this, targeted evaluation benchmarks such
as PROTEST (Guillou and Hardmeier, 2016) and
multilingual pronoun test suites (Jwalapuram et al.,
2019) were introduced to systematically evaluate
pronoun translation performance across languages.

Beyond pronouns, other discourse phenomena
such as ellipsis and lexical cohesion have also
been shown to pose challenges for MT systems.
(Khullar, 2021)) highlights the importance of el-
lipsis in translation, demonstrating that discourse-
level omissions can significantly affect transla-
tion quality. Lexical cohesion, which involves
maintaining consistent reference through repeti-
tion, synonymy, and semantic relatedness, is sim-
ilarly difficult to preserve across languages, par-
ticularly in multilingual and morphologically rich
settings.

Recent advances in large language models
(LLMs) have improved translation quality, partic-
ularly in document-level and context-aware set-
tings. However, prior work indicates that LLMs
still struggle to consistently capture discourse-
level phenomena. For example, (Manakhimova
et al., 2024) evaluate the linguistic performance
of LLMs in machine translation and show limi-
tations in handling discourse-level dependencies.
Similarly, (Mohammed et al., 2026) demonstrate

that LLMs often fail to adequately model latent
discourse structures, particularly for pronoun reso-
lution and cohesion, despite strong overall perfor-
mance.

In addition to pronoun resolution and lexical co-
hesion, several studies highlight the importance of
broader discourse modeling in translation, includ-
ing context tracking and cross-sentence depen-
dencies. Context-aware approaches have shown
that incorporating document-level information im-
proves translation consistency, but such methods
still struggle with long-range dependencies and
implicit references (Voita et al., 2018)), (Miculi-
cich et al., 2018). Furthermore, recent work on
document-level translation using LLLMs suggests
that while these models benefit from larger con-
text windows, they do not consistently utilize con-
textual signals for accurate discourse resolution
(Wang et al., 2023). These findings reinforce the
need for targeted benchmarks that explicitly evalu-
ate discourse-level phenomena rather than relying
solely on overall translation quality.

Several automatic evaluation metrics, including
BLEU (Papineni et al., 2002), chrF++ (Popovic,
2017), COMET (Rei1 et al., 2020), and BERTScore
(Zhang et al., 2019)), are widely used for MT eval-
uation. However, these metrics primarily focus
on surface-level similarity and are often insuffi-
cient for capturing discourse-level correctness, es-
pecially in multilingual and low-resource settings
(Yar1 et al., 2025). This limitation is particularly
pronounced for Indian languages, which exhibit
rich morphology and complex pronominal sys-
tems. Although this linguistic richness increases
the difficulty of translation, it also introduces am-
biguity at the source level, requiring accurate dis-
course interpretation when translating into En-
glish.

Despite these challenges, there is limited work
on evaluating discourse-level phenomena in trans-
lation from Indian languages to English. Exist-
ing benchmarks largely focus on sentence-level
evaluation or high-resource language pairs, leav-
ing a gap in systematic evaluation for multilin-
gual Indian-to-English translation settings. To ad-
dress this, we introduce IndicDISCO-MT, a uni-
fied benchmark for evaluating discourse phenom-
ena such as pronoun resolution and lexical cohe-
sion across multiple Indian languages translated
into English.



3 Discourse Benchmark Development

3.1 Dataset Collection for Discourse
Phenomena

The end to end pipeline for discourse benchmark
dataset creation is given in the Figure [2| For cre-
ating the parallel dataset, 85 monolingual English
paragraphs were collected from Wikipedia. The
selected texts contain rich occurrences of personal
pronouns (e.g., I, we, he, she, they, it, you, etc) and
instances where pronoun interpretation depends on
cross-sentence context, enabling evaluation of ref-
erential consistency in translation from Indian lan-
guages to English. Moreover, for lexical cohesion
we selected the paragraphs that illustrate meaning-
ful links between words through repetition, syn-
onymy, or other semantic relations. Also it in-
cludes text where certain lexical items have mul-
tiple meanings. For example a word “tree” can re-
fer to a natural object while, “trees” represent the
hierarchical data structure in graph theory. Such
context-dependent words and rich personal pro-
nouns in text makes it challenging for LLMs and
MT systems to preserve coherence and maintain
consistent lexical choices throughout the transla-
tion.

3.2 Human Translation

Now to create the parallel benchmark dataset from
the English monolingual paragraphs, annotators
have translated the paragraphs into 8 Indian lan-
guages - Hindi, Gujarati, Bengali, Marathi, Tamil,
Telugu, Kannada and Urdu. The guidelines are
mentioned in Appendix [A.I] For each language,
three experts were selected based on their profi-
ciency and experience. After the translations were
completed according to the given guidelines, each
sample was cross-verified by another translator
to ensure quality and consistency. The complete
manual translation and verification process took
approximately one month.

3.3 IndicDISCO-MT Benchmarks

IndicDISCO-MT is the base multilingual paral-
lel corpus containing translations from eight In-
dian languages to English. On top of this cor-
pus, we build DiscoAlign, a human-annotated
alignment layer containing source-to-target align-
ment pairs. From DiscoAlign, we further de-
rive two phenomenon-specific evaluation subsets:
ProAlign for personal pronouns and LexiAlign for
lexical cohesion. IndicDISCO-MT is a human

translated parallel benchmark corpus covering 8
Indian languages, namely: Bengali, Hindi, Gu-
jarati, Marathi, Tamil, Telugu, Kannada and Urdu,
each paired with English. For every language,
the corpus contains 85 passages including approx-
imately 1,030 sentences to evaluate the mentioned
discourse phenomena such as personal pronoun
and lexical cohesion during translation.

3.4 DiscoAlign Benchmarks

In this work, we are presenting the unique method
to evaluate the personal pronouns and lexical co-
hesion when models translate the text from In-
dian languages to English. To evaluate personal
pronouns and lexical cohesion while considering
translations from the Indian languages to English,
firstly we need each word mapping from source to
target languages. Previous studies show the limi-
tation of benchmark dataset for evaluating the ca-
pabilities of the recent LLM and MT systems for
discourse translation particularly for Indian lan-
guages. Thus, we introduce first DiscoAlign, a
human-annotated alignment layer built on top of
IndicDISCO-MT, where word alignment pairs are
created using 1,030 sentences, where the source
words are in 8 Indian languages, namely: Ben-
gali, Hindi, Gujarati, Marathi, Kannada, Tamil,
Telugu, Urdu and target words are in English. The
whole dataset is created by human annotators to
ensure accuracy and reliability. To obtain pre-
cise mappings between source and target words,
we performed the annotation at the sentence level
by considering each sentence of a paragraph sep-
arately. Thus, DiscoAlign enables detailed analy-
sis of translation behavior and helps identify how
models handle discourse-sensitive elements during
translation. This approach allows us to obtain the
relevant alignment mapping between different lan-
guages having diverse linguistic characteristics.

The same annotators, who created IndicDISCO-
MT dataset were hired to perform this task.
The guidelines given to annotators to perform
the source to target alignment pair task from 8
Indian languages to English are given in Ap-
pendix Furthermore, to evaluate the consis-
tency of the alignment annotations, we computed
inter-annotator agreement using the F1 score for
each language pair. The agreement scores were
86% for Hindi and Bengali, 88% for Gujarati, and
91% for Tamil, while Kannada, Marathi, and Urdu
obtained scores of 89%, 87%, and 90%, respec-
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Figure 2: Discourse Benchmark Dataset Creation Pipeline

tively. These results indicate a high level of con-
sistency among annotators in identifying correct
alignment pairs. This annotation and verification
process took around 3 months to complete.

3.5 Phenomenon-Specific Subsets

3.5.1 ProAlign Benchmark dataset

To evaluate LLMs and MT systems only based
on the personal pronouns, firstly annotators have
created the list of all personal pronouns for each
Indian language by filtering them from a larger list
of pronouns. Based on the created list, we fetched
only those alignments pairs from DiscoAlign that
contained only the identified personal pronouns.
Thus, we have created the first ProAlign Bench-
mark dataset having only personal pronouns align-
ments pairs from 8 Indian languages to English.

3.5.2 LexiAlign Benchmark dataset

Now here we want benchmark data for evalu-
ating the capabilities of LLMs and MT systems
on lexical cohesion preservation while translating
from Indian languages to English. For lexical co-
hesion, we focus on nouns and proper nouns, as
they play a crucial role in entity consistency and
named entity preservation across sentences. Since
nouns typically refer to the same discourse entities
throughout a paragraph, their consistent translation

helps maintain lexical continuity and discourse co-
herence in the translated output. Thus, we consid-
ered the English text and filtered the words hav-
ing nouns and proper nouns using POS tags and
name entity using Stanza (version-1.11.1) (Q1 et
al., 2020) and Flair (version-0.15.1) (Akbik et al.,
2019) models respectively. On top of this filter-
ing, we have also filtered the words having lexi-
cal items particularly nouns and proper nouns in
the Indian text using shallow parser (Mishra et al.,
2024). Based on this collected lexical items, we
extracted the alignment pairs having these lexical
items from the DiscoAlign dataset. Thus, we have
created the first LexiAlign Benchmark dataset con-
taining only lexical cohesion alignment pairs from
8 Indian languages to English. Statistics for both
personal pronouns and lexical items from Dis-
coAlign are given in Table [Il Also, the sample
alignment pairs from each benchmark dataset for a
sentence are provided in Figure [6]

3.6 ModelAlign

Now to evaluate the capabilities of LLMs and
MT systems for preserving the discourse phe-
nomena, we have taken the source text from the
IndicDISCO-MT dataset which is in 8 Indian lan-
guages and translated them into English using
LLMs and MT systems. For this translation, we



Lang. No. of Personal Pronouns No. of Lexical Items

Ban 1449 1682
Hin 1464 1904
Guj 1663 1862
Mar 1424 1836
Kan 1202 1808
Tam 1285 1664
Tel 1520 1680
Urd 1407 1607

Table 1: Statistics of personal pronouns and lexical items
per language.

have considered 5 LLMs - GPT, Qwen, Gemma,
Sarvam, LlaMa and 2 MT systems - Google Trans-
late (commercial MT system) and BhashaVerse
(open source encoder—decoder MT model). The
prompt used for translation and detail of all LLMs
and MT systems are provided in the Appendix |A.4
and Appendix [A.5|respectively.

Now, for evaluating personal pronouns and lex-
ical cohesion, we require an automatic method
for generating source-to-target alignment pairs,
as large-scale human annotation for this task
would be time consuming and expensive. For
the automatic source to target alignment pairs,
we have used two methods i.e GPT-40 and Awe-
some aligner. Now to find the best method
among both methods for the alignment task, we
obtain the source to target alignment pairs for
the IndicDISCO-MT dataset, considering Indian
languages as source and target as English. The
predicted alignment pairs can be compared with
DiscoAlign gold annotation to evaluate the effec-
tiveness of both methods. We found that GPT-
40 achieved an F1 score of 71.21% for align-
ment pairs on average for all languages. In con-
trast, Awesome aligner achieved F1 scores of
52.64%. The accuracy, precision, recall and F1
scores for both GPT-40 and Awesome aligner is
given in Table [ Additionally, studies showed
that tools like Awesome-Align may struggle with
complex cross-lingual relationships and linguisti-
cally diverse language pairs. For example, recent
work on Dravidian languages reports (James and
Krishnamurthy, 2025) lower alignment accuracy
for Awesome-Align, particularly for cross-family
pairs such as English-Telugu and English—Tamil.
Thus, we choose GPT-40 to generate alignment
pairs, where source is Indian languages belonging
to the IndicDISCO-MT dataset and target belong
to the model generated English text. Additionally,
the prompt used for obtaining alignments by GPT-
4o is presented in Appendix [A.3]

4 Evaluation Metrics and Strategies

4.1 Standard Evaluation Metrics

Before evaluating the ModelAlign data for per-
sonal pronoun and lexical cohesion, the translation
scores of LLMs and MT systems are calculated to
check the translation quality. For this, we have
considered standard automatic evaluation metrics,
which are commonly used in machine translation
research such as BLEU (Papineni et al., 2002),
chrF++ (Popovié, 2015), and COMET (Rei et al.,
2020).

4.2 Task-Specific Evaluation

In this study, we focus on evaluating models for
preserving discourse phenomena. We use four
metrics to evaluate LLMs and MT systems for per-
sonal pronoun and lexical cohesion: accuracy, F1-
score, precision, and recall. In this context, preci-
sion measures the proportion of model-generated
alignment pairs that are correct, capturing over-
generation, while recall measures the proportion of
gold alignment pairs successfully identified by the
model, capturing undergeneration. Accuracy re-
flects the overall correctness across alignment in-
stances, penalizing both missed and incorrect pre-
dictions. For analysis, we primarily rely on F1-
score, as it balances precision and recall and pro-
vides a robust measure of alignment quality. How-
ever, accuracy is not used as the primary met-
ric, as it does not adequately capture over- and
undergeneration effects. Since our evaluation re-
lies on automatically generated alignments, some
noise may be introduced by the alignment pro-
cess. To mitigate this, we compare model outputs
against human-annotated gold alignments in Dis-
coAlign, which exhibit high inter-annotator agree-
ment (86-91%), ensuring reliability. Therefore,
our evaluation considers precision, recall, and F1
jointly, providing a balanced assessment that ac-
counts for both alignment noise and coverage.

4.2.1 Personal Pronoun Evaluation

To evaluate personal pronouns in the model pre-
diction, we consider ProAlign dataset as the gold
data which is a human-annotated source-to-target
word alignment dataset involving personal pro-
nouns across eight Indian languages and English
as mentioned in Section 3.5. We then evaluate
ModelAlign data for personal pronouns. Thus, we
have used the same pronouns list for each language
which was used for creating the ProAlign. More-



over, we extracted alignment pairs from Mode-
1Align that only have identified personal pronouns.

Since gold and model-generated alignments
pairs are available, we apply the metrics such as
accuracy, F1 score, precision and recall as defined
in Section 4.2. As mentioned in the dataset cre-
ation, we have used the single sentences for ob-
taining the relevant alignment pairs. Now for eval-
uation, we consider the pronoun alignments of all
sentences within a paragraph as a single block, ag-
gregating them to compute accuracy, precision, re-
call, and F1-score. Then to obtain the final scores
for each language, we averaged evaluation scores
for all the paragraphs.

4.2.2 Lexical Cohesion Evaluation

As we discussed earlier, LexiALign is a human
created source to target word alignment dataset
which contains only the alignment pairs having
lexical items particularly proper nouns, where the
source language is 8 Indian languages and the tar-
get is English. Now, we evaluate the ModelAlign
data for lexical cohesion. Thus, we have used the
same lexical items list which was used for creating
the LexiAlign for extracting alignment pairs from
ModelAlign.

For lexical cohesion evaluation, we apply the
same methodology used for pronoun evaluation
and use accuracy, Fl-score, precision, and recall
for comparison. We consider the lexical align-
ments of all sentences within a paragraph as a sin-
gle block to compute the evaluation metrics. Prior
to evaluation, we remove alignment pairs occur-
ring fewer than three times within a paragraph, as
lexical cohesion focuses on recurring entities and
lexical items. This filtering also helps reduce noise
and capture consistent lexical relationships. Fi-
nally, the scores for each language are obtained
by averaging the evaluation scores across all para-
graphs.

5 Results

5.1 Translation Quality Results

The COMET scores of model translation for all
the 8 Indian languages are shown in Figure [3
Moreover, the BLEU, chrF++ scores for all mod-
els across all languages are mention in Table @ and
Table[5] From the above figure, we can depict that
the translation quality is high for GPT and Google
Translate achieving COMET scores of more than
0.86 for all languages. The second highest scores

1.00 B Bangla
B Gujarati
Hindi
M Kannada
W Marathi
W Tamil
| Telugu
M Urdu

Gpt  GoogleTranslate LLama Sarvam BhashaVerse Gemma Qwen

Figure 3: COMET scores for all models

are achieved by models like Gemma, Bhashaverse
and Qwen. In contrast, LlaMa and Sarvam obtain
comparatively lower scores for languages such as
Kannada, Hindi, Bengali, Tamil and Telugu.

5.2 Task-Specific Results

5.2.1 Personal pronoun

100.00% o 8an
B Hin

Guj

B Mar

B kan

W Tam

Tel

75.00%

W ud

50.00%
25.00%

0.00%

Google Translate ~ GPT Bhashaverse llama Sarvam Qwen Gemma

Figure 4: F1 scores for Personal Pronouns across 8 Indian
languages and models

The F1 scores and accuracy for personal pro-
nouns evaluation for all the LLMs and MT systems
across 8 Indian languages are shown in Figure [4]
and Table [2] respectively. Overall the results de-
pict that all models achieve relatively similar per-
formance in handling personal pronouns for each
language. Among the evaluated models, Sarvam
and Google Translate achieves highest F1 scores of
67.74%, 82.88% and 76.76% respectively among
all other models, for the languages such as Hindi,
Tamil and Telugu. In contrast, although LlaMa has
achieved good COMET scores for languages like
Marathi and Urdu, it achieves least F1 scores of
60.93% and 75.87% for these two languages thus it
struggles a bit more in capturing the personal pro-
nouns for these languages compared to other mod-
els. Also, the accuracy scores of LlaMa are low for
the languages like Marathi, Telugu and Urdu.



Model Ban Hin Guj Mar Kan Tam Tel Urd

Google Translate 75.71% 55.48% 72.94% 50.52% 59.23% 73.54% 65.34% 64.37%
GPT 76.76% 55.51% 73.08% 51.26% 58.36% 72.93% 63.90% 64.00%
Bhashaverse 74.88% 55.13% 73.24% 50.47% 59.94% T72.91% 6321% 64.79%
LlaMa 77.19% 5531% 72.67% 49.52% 57.92% 72.45% 62.47% 63.56%
Sarvam 7544% 55.61% 72.03% 50.03% 57.89% 74.24% 64.06% 64.01%
Qwen 76.49% 55.49% 7228% 50.53% 59.06% 73.56% 63.55% 63.81%
Gemma 75.35% 55.83% 73.08% 50.10% 57.40% 73.14% 63.53% 64.89%

Table 2: Personal Pronoun Accuracy of Models across Indian languages.

Model Ban Hin Guj Mar Kan Tam Tel Urd

Google Translate 87.21% 86.12% 88.06% 79.40% 81.13% 85.74% 77.88% 84.84%
GPT 86.46% 86.05% 89.24% 78.68% 82.41% 85.74% T7.67% 84.55%
Bhashaverse 85.95% 85.36% 89.09% 79.14% 81.52% 85.33% 77.59% 85.25%
LlaMa 86.77% 84.98% 88.44% 79.05% 80.20% 84.27% 78.23% 85.90%
Sarvam 87.38% 84.89% 89.00% 78.37% 81.58% 84.94% T7.07% 85.29%
Qwen 86.33% 85.21% 89.73% 79.86% 81.51% 84.88% 78.30% 82.49%
Gemma 86.29% 85.81% 89.26% 78.99% 81.74% 84.98% 78.00% 85.32%

Table 3: Lexical Cohesion Accuracy of Models across Indian languages.

Among all the languages, the F1 scores of Ben-
gali is highest for all the models that suggest that
models are capable enough for preserving Bengali
personal pronouns compared to other languages.
One possible reason for this behaviour is that Ben-
gali has a relatively smaller set of personal pro-
nouns compared to several other Indian languages,
which reduces ambiguity and makes pronoun han-
dling easier for translation models. Moreover, F1
scores and accuracy for Gujarati and Tamil lan-
guages are also second highest among all models
and across all other languages. In contrast, lan-
guages such as Marathi and Hindi show compara-
tively lower F1 scores, typically ranging between
60% and 70% suggesting that all models still strug-
gle with these languages for accurate personal pro-
noun preservation while translation in certain lin-
guistic contexts. The precision and recall scores
for personal pronoun are given in Table [/| and Ta-
ble [§] respectively.

5.2.2 Lexical Cohesion

The F1 scores and accuracy for lexical cohesion
evaluation for all the LLMs and MT systems across
8 Indian languages are shown in Figure [5 and Ta-
ble 3| respectively. The lexical cohesion results in-
dicates that the F1 scores are more than 85 for all
the models and among all languages which sug-
gest that models are more capable to handle lex-
ical cohesion particularly, in terms of entity con-

100.00% M Ban
B Hin
Guj

B Mar
75.00%
M kan

Tam
Tel

50.00% urd

25.00%

0.00%

Google Translate  Gpt Bhashaverse  Llama Sarvam Qwen Gemma

Figure 5: F1 scores for Lexical Cohesion across 8 Indian lan-
guages and models.

sistency and repeated content words. Unlike per-
sonal pronouns, lexical items are explicitly men-
tioned in the text and usually retain the same form
during translation, making it easier for models to
preserve. Among all the LLMs and MT system,
Qwen and Google Translate achieves the highest
F1 scores for several languages such as Gujarati,
Hindi, Marathi, Telugu and Urdu. In contrast, Sar-
vam and LlaMa together scores least F1 scores for
5 Indian languages, namely: Hindi, Marathi, Kan-
nada, Tamil and Telugu.

Across languages, Gujarati and Bengali consis-
tently obtain the highest F1 scores of 92% and
above it, suggesting that during machine trans-
lation, the lexical items in these languages are
preserved more accurately by models. In con-



trast, Telugu, Marathi and Kannada show relatively
lower F1 scores and accuracy compared to other
languages. Furthermore, the accuracy scores for
languages such as Marathi and Telugu are less than
80% among all models. The precision and recall
scores for lexical cohesion are given in Table[9]and
Table [I0] respectively.

Overall, it is observed that although the COMET
scores for Google Translate and Sarvam are high
for specially for the languages such as Gujarati and
Telugu, these models fail for preserving the lexical
items compared to other models while translation.
The F1 scores for Marathi and Telugu is least for
all the models for personal pronouns and lexical
cohesion that shows that it is challenging for re-
cent LLM and MT systems to preserve personal
pronouns and lexical cohesion in these languages.

6 Conclusion and Future work

Overall, our benchmark dataset reveals that al-
though several models achieve high COMET
scores for certain languages such as Telugu and
Marathi, their F1 scores for pronoun preservation
and lexical cohesion shows a noticeable contradic-
tion. This suggests that it is challenging for mod-
els to handles discourse-level phenomena particu-
larly in Indian languages. Furthermore, most mod-
els obtain similar F1 and accuracy scores across
both discourse tasks, indicating that these systems
may rely on mostly similar training data and ex-
hibit comparable limitations in handling discourse-
sensitive elements. One possible reason is that
the training data may not sufficiently capture di-
verse pronominal forms and inflections. In future
work, models can be trained on datasets that con-
tain more diverse examples of pronouns and lexi-
cal items. Additionally, the benchmark can be ex-
tended to cover other discourse phenomena and ex-
panded to include more Indian languages.

7 Limitations

Although this work focuses on discourse phenom-
ena, it considers only two aspects i.e personal
pronouns and lexical cohesion while, other dis-
course elements such as coreference resolution, el-
lipsis, discourse connectives, and topic continuity
are not explored. In addition, the current version
of IndicDISCO-MT contains a limited number of
paragraphs, which may not fully capture the diver-
sity of discourse structures present in real-world
texts. Moreover, we use GPT-40 both for gener-

ating word alignments and as one of the evaluated
translation systems. Although the alignments are
generated independently of the translation outputs,
this setup may introduce a potential evaluation bias
toward the same model.
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A Appendix

A.1 Guidelines for Human Translation for
IndicDISCO-MT Benchmark

* Analyze the entire source text before starting.

 Translate sentence by sentence while preserv-
ing meaning and clarity.

* Pay attention to pronouns to ensure accurate
reference and coherence.

* Maintain lexical consistency for nouns and
noun phrases.

* Re-read the translation multiple times to en-
sure flow and accuracy.

* Compare the final translation with the source
to ensure message and context alignment.

A.2 Word-to-Word Alignment Guidelines for
Human Annotators for Creating the

DiscoAlign Benchmark

To ensure consistency and accuracy in the Dis-
coAlign dataset, we defined a set of guidelines
for validating and correcting word-level align-
ments between the source sentences and their cor-
responding English translations.

Objective: The goal of the alignment process is
to verify and correct word-level mappings between
the source sentence and the corresponding English
translation. Each alignment pair should represent

the same meaning, grammatical role, and contex-
tual usage.

Alignment Unit: The basic unit of alignment is
either a single word or a meaningful phrase. Align-
ments may occur in the following forms:

* One-to-one (1:1): one source word aligned
with one target word.

¢ One-to-many (1:n) or many-to-one (n:1):
when a word or phrase in one language cor-
responds to multiple words in the other lan-
guage.

e Null alignment: when a source word does
not have an explicit counterpart in the target
sentence due to implicit meaning or structural
differences.

Semantic Consistency: Annotators prioritize
semantic equivalence over literal translation. If
a translated word or phrase conveys the intended
meaning in context, it is considered acceptable
even if it is not a direct literal equivalent.

Handling Multiword Expressions: When a
multiword expression in the source language cor-
responds to a single compound expression in En-
glish, the alignment should reflect the combined
meaning. For example, a phrase representing age
in the source language may align with a compound
adjective such as “4-month-old”.

Null Alignment Representation:  Words
whose meanings are implicitly conveyed else-
where in the translation are marked using a blank
(for example: —; is). This typically occurs for
grammatical particles or morphological markers
that do not have a direct English equivalent.

Alignment of Function Words: Function
words such as complementizers and relative mark-
ers should be aligned when they contribute to the
sentence structure or meaning. Repeated function
words should also be aligned individually when
they appear in the source sentence.

Morphological Equivalence: Inflectional vari-
ations should be aligned with their corresponding
grammatical forms in English. For example, auxil-
iary verbs and agreement markers are aligned with
the appropriate English verb forms depending on
the subject and tense.

Structural Transformations: When the syn-
tactic structure differs between the source and tar-
get sentences, the alignment should still capture



the semantic correspondence. In such cases, in-
dividual components of a phrase may be aligned
with the relevant parts of the translated expression.

A.3 GPT-40 Prompt for Source-to-Target
Alignment Task

The following prompt was used with GPT-4o to
generate word-level alignments between Indian
language sentences and their corresponding En-
glish translations.

You are a word alignment model for
Indian languages.
TASK:
Align source words from the Indian
language with their
closest corresponding English
target words.
OUTPUT FORMAT (MANDATORY) :
source word —-> target word
ALIGNMENT RULES:
1. No index numbers,
explanations.
2. Align word-by-word as much as
possible.
3. If a source word does NOT have
an exact standalone

English equivalent:

-> Merge 2-3 source words
together and align them

to ONE English word.

4. Do NOT use "--" or indicate
missing alignments.
5. Do NOT perform named-entity
recognition.
6. Treat names, dates,
numbers as normal words,

align them as-is.
7. If multiple English words

tables, or

places, and

match, choose the closest single
word.

8. Output EXACTLY one alignment
per line.

9. Maintain script accuracy, do
not transliterate unless
the source itself uses Roman

script.
SOURCE ([language name]) : [source]
TARGET (English): [target]

Figure[6|presents example source-to-target word
alignments from the DiscoAlign benchmark, along
with examples from its derived subsets, ProAlign
and LexiAlign. In this example, the source lan-
guage is Hindi and the target language is En-
glish. The figure demonstrates how personal pro-
nouns and lexical entities in the source text are
aligned with their corresponding English transla-
tions. While ProAlign focuses on evaluating pro-
noun preservation, LexiAlign targets lexical cohe-
sion and entity consistency, enabling a more fine-

grained assessment of discourse phenomena in ma-
chine translation.

Hindi Source - 38 317 T BRI § P HRT 3R T 91w Y
Hindi Roman - Unhone apne poore career mein kai prashansa aur sammaan
praapt kiye.
Target - She received several accolades and honors throughout her career.

LexiAlign

BRI — career
TR’ — accolades
HTE — honors

DiscoAlign ProAlign

3% — She

3199 — her

R — throughout
— career

¥ -

%% - several

TRIAT — accolades

3R — and

HHTT — honors

T — received

T — received

1=>

Figure 6: Example of alignment pairs from DiscoAlign,
ProAlign and LexiAlign benchmark dataset

A.4 Translation Prompt for All Models

The following prompt was used to generate trans-
lations from all evaluated models in our experi-
ments.

You are a professional multilingual
translator specializing

in translating from [language-name]
to English.

# Task

Translate the following
[language-name] text into English,

maintaining:

1. The same meaning and tone.
2. Correct pronoun and tense
agreement.

3. Natural fluency without
paraphrasing unnecessarily.

Return your answer strictly as a
Python dictionary:

"translated":
translation>"

}

"<only the English

A.5 Considered LLMs/MT models

In this paper, we considered both decoder-
only large language models (LLMs), designed
for a wide range of language understanding
and generation tasks, and encoder—decoder
machine translation (MT) systems, which
are specialized for translation. Among
the considered models, ChatGPT-40, Google
Translate, and Bhashaverse are closed-source,
while Qwen3-4B-Instruct-2507, LlaMa-3.2,
Gemma-3-4B-IT and Sarvam are open-source.
These models were selected based on re-



cent evaluations demonstrating strong perfor-
mance on Indian-language tasks (Mujadia et
al., 2023), (Sankalp et al., 2025), (Singh et
al., 2024)) and (Chandra et al., 2025)). Further-
more, we included newer and less-explored
models such as Sarvam and Gemma to ensure
broader coverage.

Sarvanﬂ (Sarvam Al and Al4Bharat, 2025)
is a document-level translation model devel-
oped by Sarvam Al in collaboration with
Al4Bharat, designed to support 22 officially
recognized Indian languages. The model is
built on Gemma-3-4B-IT (Team, 2025) and
fine-tuned through a two-stage process: first
on a large multilingual dataset to improve
translation capability, and then using LoRA
fine-tuning on a curated dataset to enhance
format preservation and style consistency.
Gemma (Team et al., 2025) is a multimodal
model capable of handling text and image in-
puts. It is available in multiple sizes (1B, 4B,
12B, and 27B parameters) and trained on web
documents covering over 140 languages. In
our experiments, we used the gemma-3-4b-
i] variant, trained on 4 trillion tokens with a
128K token context window.

LlaMa (Dubey et al., 2024) is a multilingual
auto-regressive transformer with Grouped-
Query Attention (GQA), pretrained on up to
9 trillion tokens and further refined using su-
pervised fine-tuning (SFT) and reinforcement
learning with human feedback (RLHF). We
used the LlaMa—3.2—3B—InstructE| variant, op-
timized for diverse multilingual tasks.

Qwen (Yang et al., 2025) is trained with a
causal language modeling (CLM) objective.
We used the Qwen3-4B-Instruct-2507] vari-
ant, which contains 4B parameters across 36
transformer layers, uses GQA for efficient in-
ference, and supports a native context length
of 262,144 tokens.

ChatGPT-40 (Achiam et al., 2023) is a large-
scale generative language model developed by
OpenAl, based on the GPT-4 architecture. It
is optimized for instruction-following and di-
alogue tasks, with extensive pretraining on di-

Zhttps://huggingface.co/sarvamai/sarvam-translate
*https://huggingface.co/google/gemma-3-4b-it
*https://huggingface.co/meta-LlaMa/LlaMa-3.2-1B
>https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507

verse multilingual text corpora.

Google Translate (Wu et al., 2016) is a
widely used commercial machine translation
(MT) system supporting over 130 languages.
Its underlying architecture is not publicly dis-
closed and may involve a combination of neu-
ral machine translation and large language
model components.

BhashaVerse (Mujadia and Sharma, 2024)
is a 2B-parameter multilingual sequence-to-
sequence model supporting translation across
36x36 language pairs, including English and
35 Indian languages. It follows a transformer-
based encoder-decoder architecture and is
trained on 10 billion parallel sentences. It is
included due to its strong Indic language cov-
erage despite its smaller size.

A.6 Translation Quality Scores - BLEU and
ChrF++

To provide a broader comparison of translation
quality across models and languages, we report
BLEU and chrF++ scores for evaluated systems.
BLEU measures n-gram overlap between model
outputs and reference translations, while chrF++
captures character- and word-level similarity, mak-
ing it suitable for morphologically rich languages.
The BLEU and chrF++ scores are presented in Ta-
ble [4] and Table [5] respectively. Overall, Google
Translate and GPT-40 achieve strong performance,
while Qwen and Gemma also demonstrate compet-
itive results. In addition, Table[6|presents the align-
ment quality comparison between GPT-40 and
Awesome-Align against the human-annotated Dis-
coAlign benchmark. GPT-40 generally achieves
higher precision and F1-scores across language
pairs. Furthermore, Table[7|and Table [§|report pre-
cision and recall scores for personal pronoun eval-
uation, while Table [9] and Table [10] provide scores
for lexical cohesion evaluation across languages
and models. The results indicate that preserving
lexical cohesion and pronoun consistency across
Indian languages remains challenging.


https://huggingface.co/sarvamai/sarvam-translate
https://huggingface.co/google/gemma-3-4b-it
https://huggingface.co/meta-LlaMa/LlaMa-3.2-1B
https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507

BLUE Ban Guj Hin Kan Mar Tam Tel Urd
GPT-40 5890 60.69 5798 5442 5552 47.33 5529 58.67
Google Translate 60.61 65.59 60.07 58.77 57.57 51.01 59.79 60.60
LlaMa 24.08 1891 31.73 1450 2227 16.06 16.15 26.58
Sarvam 30.55 5831 35.87 5024 39.05 39.84 53.38 48.56
Bhashaverse 31.42 5578 29.71 4939 4851 4191 43.15 32.15
Gemma 21.60 28.14 3212 2737 28.87 25.11 27.46 2599
Qwen 35.83 37.58 39.64 30.03 34.04 2649 3282 36.66
Table 4: BLEU scores of all models across languages
chrF++ Ban Guj Hin Kan Mar Tam  Tel Urd
GPT 7820 79.01 77.46 7559 7626 70.48 76.05 77.66
GoogleTranslate 79.27 8195 78.64 78.01 77.11 7239 7840 78.71
LlaMa 46.94 4199 5579 36.23 47.01 38.87 38.88 50.27
Sarvam 5488 77.51 60.61 71.73 65.41 64.55 73.99 71.23
BhashaVerse 52.51 76.78 50.81 72.67 72.03 6739 65.68 5243
Gemma 4524 51.79 55.12 52.63 53.69 50.51 5237 49.71
Qwen 63.86 64.85 6638 59.67 62.56 56.87 61.50 64.04
Table S: chrF++ scores of all models across languages
Model Metric Ban Guj Hin Mar Kan Tam  Tel Urd
GPT-40 Accuracy 72.01 68.10 63.77 60.61 52.06 55.08 52.68 73.00
Precision 90.94 88.48 76.21 85.65 8545 79.99 80.56 81.88
Recall 72.44 68.10 66.64 60.72 52.06 5695 54.09 74.85
F1 80.35 7692 69.97 7098 64.63 6533 63.74 77.74
Awesome Aligner Accuracy 54.40 4941 46.10 5024 47.63 3692 49.15 46.82
Precision 64.25 61.16 61.34 6234 61.62 4295 59.76 5743
Recall 5477 4941 46.58 50.34 47.63 3846 5091 47.23
F1 5890 54.63 52.67 55.65 53770 39.81 54.11 51.67

Table 6: Accuracy, Precision, Recall and F1 scores of GPT-40 and Awesome Aligner across all languages

Models Ban Guj Hin Kan Mar Tam Tel Urd

Bhashaverse 84.65% 82.56% 64.43% T1.18% 59.60% 81.96% 7T7.711% 75.23%
Google Translate 85.09% 82.47% 64.75% 70.50% 59.89% 82.35% 79.23% 75.07%
GPT-40 86.02% 82.15% 64.66% 70.15% 60.24% 81.85% 7T8.87% T74.76%
LlaMa 86.29% 82.60% 64.64% 69.93% 58.87% 81.84% T7121% 74.52%
Sarvam 84.94% 81.40% 64.85% 69.94% 59.18% 83.17% 78.63% 74.85%
Qwen 85.79% 81.77% 64.66% 70.75% 59.64% 82.47% T78.57% 74.62%
Gemma 84.75% 82.68% 64.76% 69.26% 59.62% 82.01% 78.19% 75.53%

Table 7: Precision scores of all models for personal pronouns across all models and languages

Models Ban Guj Hin Kan Mar Tam Tel Urd

Bhashaverse 82.66% 81.46% 70.58% 73.95% 64.81% 81.42% 82.66% 81.46%
Google Translate 83.16% 81.89% 70.95% 73.27% 65.34% 81.65% 83.16% 81.89%
GPT-40 84.37% 81.93% 70.77% T72.66% 65.54% 81.67% 84.37% 81.93%
LlaMa 84.40% 81.60% 70.74% 71.83% 63.89% 81.16% 84.40% 81.60%
Sarvam 82.97% 81.04% 71.20% 7T1.95% 64.83% 82.87% 8297% 81.04%
Qwen 84.21% 81.29% 70.711% 73.16% 64.82% 82.41% 84.21% 81.29%
Gemma 82.90% 81.93% 7094% 7T1.25% 64.32% 81.67% 73.00% 78.41%

Table 8: Recall scores of all models for personal pronouns across all models and languages



Models Ban Guj Hin Kan Mar Tam Tel Urd
Bhashaverse 90.43% 93.54% 90.22% 89.82% 88.42% 89.83% 85.60% 88.42%
Google Translate 90.53% 92.98% 90.30% 89.36% 88.76% 89.87% 84.99% 88.41%
GPT-40 90.30% 93.68% 90.09% 89.92% 88.54% 89.73% 85.29% 88.66%
LlaMa 90.96% 93.26% 90.05% 89.40% 88.43% 89.23% 85.83% 91.17%
Sarvam 90.60% 93.84% 89.57% 89.60% 88.38% 89.69% 84.96% 89.69%
Qwen 90.28% 94.00% 89.41% 89.19% 88.86% 89.94% 85.80% 88.83%
Gemma 90.52% 93.58% 90.13% 89.99% 88.82% 89.80% 85.44% 89.69%
Table 9: Precision scores of all models for lexical cohesion across all models and languages
Models Ban Guj Hin Kan Mar Tam Tel Urd
Bhashaverse 9427% 94.27% 9425% 88.39% 87.04% 94.54% 88.94% 95.38%
Google Translate 95.58% 93.37% 9493% 88.24% 87.02% 94.81% 89.51% 94.77%
GPT-40 94.89% 94.29% 95.09% 89.08% 86.30% 94.61% 89.15% 93.51%
LlaMa 94.68% 93.87% 93.88% 87.30% 86.84% 93.66% 89.48% 92.76%
Sarvam 95.64% 9391% 94.12% 88.56% 86.32% 94.05% 88.63% 93.55%
Qwen 9497% 94.53% 94.80% 88.41% 87.59% 93.78% 89.47% 91.46%
Gemma 94.62% 94.49% 94.64% 88.42% 86.69% 94.04% 89.42% 93.74%

Table 10: Recall scores of all models for lexical cohesion across all models and languages
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