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Abstract

Neural Machine Translation (NMT) systems
rely heavily on explicit punctuation cues to
resolve semantic ambiguities in a source sen-
tence. Inputting user-generated sentences,
which are likely to contain missing or incorrect
punctuation, results in fluent but semantically
disastrous translations. This work attempts
to highlight and address the problem of punc-
tuation robustness of NMT systems through
an English-to-Marathi translation. First, we
introduce Viram, a human-curated diagnos-
tic benchmark of 54 punctuation-ambiguous
English-Marathi sentence pairs to stress-test
existing NMT systems. Second, we evaluate
two simple remediation strategies: cascade-
based restore-then-translate and direct fine-
tuning. Our experimental results and analysis
demonstrate that both strategies yield substan-
tial NMT performance improvements. Further-
more, we find that current Large Language
Models (LLMs) exhibit relatively poorer ro-
bustness in translating such sentences than
these task-specific strategies, thus necessitat-
ing further research in this area. The code
and dataset are available at https://github.
com/KaustubhShejole/Viram_Marathi.

1 Introduction

Punctuation is an essential component of written
language, playing a critical role in resolving both
structural and semantic ambiguity. By signaling
how textual elements should be grouped and inter-
preted, punctuation enables readers to accurately
infer the intended meaning of a sentence. Broadly,
punctuation serves two complementary functions.
First, it marks boundaries between segments of a
larger statement and encodes grammatical relation-
ships among those segments. Second, it provides
rhetorical cues by indicating emphasis, tone, or nu-
ance associated with particular words or phrases
(Kirkman, 2006).
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The importance of punctuation can be illus-
trated through classic examples. For instance, the
omission of a comma in the phrase “Let’s eat,
Grandma.” transforms an innocent dinner invita-
tion into a cannibalistic implication. Such cases
demonstrate how ambiguity naturally arises when
punctuation is absent or misused. Similarly, in
the sentence “This is known as ‘exact’ recovery.”,
quotation marks signal specific emphasis on the
term exact, guiding the reader’s interpretation. In
general, punctuation errors that affect grammatical
structure are more consequential than those that
affect rhetorical emphasis as the former can fun-
damentally alter semantic interpretation (Kirkman,
2006; Carey, 1980).

The advent of Transformer (Vaswani et al.,
2017) has led to rapid improvements in NMT qual-
ity over the last few years. Consequently, the
applicability of encoder-decoder and Large Lan-
guage Model (LLM)-based systems has expanded
significantly, now encompassing diverse domains
and low-resource languages (Kocmi et al., 2025;
Pakray et al., 2025). In this paper, we focus on
Marathi!, an Indo-Aryan language primarily spo-
ken by over 80 million people in the complex lin-
guistic landscape of India, yet considered a low- to
mid-resource language (Dabre et al., 2024; Lahoti
etal., 2022; Gaikwad et al., 2021).

Figure 1 illustrates an example in which a miss-
ing comma in an instruction written on a fire ex-
tinguisher could lead to a disaster, highlighting the
punctuation sensitivity of NMT systems. Hence,
we consider it important to analyze the punctua-
tion sensitivity of current models and to develop
techniques to improve their robustness to punctua-
tion, along with an examination of the associated
trade-offs. In addition, we emphasize the need to
create resources for evaluating punctuation robust-

"https://en.wikipedia.org/wiki/Marathi_
language
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Figure 1: A missing comma can lead to a disaster in English—Marathi machine translation.

ness and to explore strategies for improving trans-
lation reliability under punctuation variability.

We first describe the data collection process
for assessing the punctuation sensitivity of cur-
rent Indic models, which was carried out via
two native speakers of Marathi and a book by
Kirkman (2006), leading to Viram?, the first En-
glish (Written)—-English (Meant)-Marathi (Meant)
benchmark, where ‘Meant’ refers to the disam-
biguated semantic representation. We then apply
two approaches for improving the punctuation ro-
bustness of current models, and carry out quantita-
tive and qualitative comparison. We also attempt
to evaluate the translation quality via prompting
of LLMs. All LLMs we considered exhibit lower
performance, indicating the need of punctuation-
robust approaches to be developed further. Finally,
we analyze the performance of our models on stan-
dard benchmarks and observe that on the cost of
punctuation robustness we might lose slightly on
evaluation metrics. Our contributions are as fol-
lows:

1. The first study of punctuation robustness in
English-Marathi machine translation.

2. A novel diagnostic benchmark called Viram
for English—-Marathi punctuation sensitivity

2Viram chinhe (T %) is a Marathi word for punctua-
tion, i.e., signs for marking boundaries by stopping.

analysis. It consists of 54 manually cu-
rated, punctuation-ambiguous instances of
the form English (Written) — English (Meant)
— Marathi (Meant).

. An analysis of improving punctuation robust-
ness using two complementary approaches:
(1) punctuation restoration in English then
translate to Marathi, and (ii) Direct transla-
tion to Marathi. This dual formulation en-
ables systematic comparison of restoration
paradigms. This analysis will help in prolifer-
ating further approaches for improving punc-
tuation robustness.

. A detailed qualitative analysis of model out-
puts, highlighting strengths, limitations, and
error patterns, and identifying directions for
future research on punctuation robustness in
machine translation.

2 Related Work

Punctuation has long been studied in linguistics for
its role in disambiguation, grammatical structure,
and rhetorical emphasis (Kirkman, 2006; Carey,
1980; Lukeman, 2011; Trask, 2019). These works
establish how punctuation errors can introduce se-
mantic ambiguity, motivating its importance in
downstream language technologies.
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Table 1: Examples of punctuation ambiguity with English sentences and their Marathi translations in the Viram

Benchmark

In Natural Language Processing (NLP), punctu-
ation restoration has been explored primarily as a
preprocessing task for text and speech. Early neu-
ral approaches modeled the problem using recur-
rent architectures, including LSTM-based models
(Tilk and Alumie, 2015) and bidirectional RNNs
with attention (Tilk and Alumaée, 2016), particu-
larly for spoken language transcripts. Subsequent
work extended punctuation restoration to multi-
lingual and transformer-based settings, including
large pretrained models for automatic punctuation
and capitalization (Nagy et al., 2021; Pais and Tu-
fis, 2022). More recently, systems such as Punktu-
ator (Chordia, 2021) and Cadence (Pulipaka et al.,
2025) have demonstrated robust multilingual and
cross-domain punctuation restoration for both text
and speech.

Within machine translation, prior studies have
acknowledged the role of punctuation in preserv-
ing meaning across languages. For example,
Mogahed (2012) examined punctuation effects in
English—Arabic MT, highlighting its impact on
translation quality. However, explicit modeling
of punctuation robustness in MT pipelines remains
limited.

Recent research on Indic languages has focused
on improving translation quality and evaluation,
with models like IndicTrans2 (Gala et al., 2023)
supporting translation across all 22 scheduled In-
dian languages, alongside work on MT metric
meta-evaluation (Dixit et al., 2023) and zero-shot
evaluation in low-resource settings (Singh et al.,
2024). However, English-to-Marathi translation
remains highly sensitive to punctuation cues: stan-
dard models such as IndicTrans2 often misinter-
pret syntactic and semantic relations when punctu-
ation is altered or removed. This highlights a criti-
cal gap in current MT systems for Marathi. To ad-
dress it, we develop punctuation-robust MT mod-
els tailored for English—Marathi translation, aim-
ing to improve reliability under punctuation vari-

ability.

In contrast to prior work, our study lies at the in-
tersection of punctuation restoration and English—
Marathi machine translation. We explicitly exam-
ine punctuation sensitivity in MT models and an-
alyze the improvement using punctuation-robust
modeling approaches, addressing a gap in both In-
dic MT and punctuation restoration literature.

3 Creating the Viram Benchmark

Kirkman (2006) analyze punctuation in the En-
glish language, examining how ambiguity can
arise from the omission of punctuation marks. For
instance, in the sentence, “As the machine devel-
ops the forms we use to record data from past
projects will be amended,” readers must insert
a comma after develops to derive the intended
meaning. This example illustrates the human abil-
ity to extract meaning from syntactically ambigu-
ous sentences. Given that Kirkman (2006) is a
well-established resource, we manually curated
English sentences from this work and, with the
assistance of two native Marathi speakers, trans-
lated the English (Meant) sentences into Marathi.
The resulting diagnostic benchmark comprises 54
punctuation-ambiguous instances, structured as
English (Written) — English (Meant) — Marathi
(Meant). While the benchmark size is relatively
modest, it is commensurate with the significant
challenges inherent in data acquisition and cura-
tion within this specific domain. Despite this, the
rigor applied to its curation ensures that it serves
as a high-quality, representative sample for diag-
nostic evaluation. Table 1 presents selected exam-
ples from Viram, illustrating the nature of punctu-
ation ambiguities and their corresponding transla-
tions. Details regarding the annotation process are
provided in Appendix A.1.
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4 Methodology

We explore two primary paradigms for achiev-
ing punctuation robustness in English-to-Marathi
translation.

4.1 Approach 1: Restore Punctuation then
Translate

In this decouple-and-conquer approach, punctua-
tion is first restored in the English source text be-
fore translation, reducing the task to punctuation
restoration. We adopt two modeling paradigms
for punctuation restoration. In the token clas-
sification approach, bert-large-uncased (De-
vlin et al., 2019) and microsoft-mpnet-base
(Song et al., 2020) are used to treat punctuation
prediction as a sequence labeling task. In the
text-to-text generation approach, we fine-tune
google-t5-base (Raffel et al., 2020) to generate
punctuated text from unpunctuated input and also
evaluate Al4Bharat’s Cadence model (Pulipaka
et al., 2025) without fine-tuning it.

4.2 Approach 2: Direct Translation

This approach aims to improve MT robustness
to noisy input. We fine-tune the IndicTrans?2
model® on four variants of our internal dataset®.
We construct four variants using the original data
with punctuation (With Punct) as a baseline, re-
moving all source punctuation (Without Punct),
combining both original and punctuation-removed
data (Combined 2x), and alternately retaining
or removing punctuation on a per-sentence basis
(Combined x). Please note that ‘x’ refers to the
size of the internal fine-tuning dataset. Details for
data handling are provided for both the approaches
in Appendix B.1 and B.2 respectively. Details re-
garding fine-tuning and hyperparameter selection
are provided in Appendix F.

5 Prompting LLMs

We attempt to evaluate the translation quality
of punctuation-ambiguous sentences from English
to Marathi using zero-shot and few-shot prompt-
ing across three LLMs. The models considered
are Sarvam-2b-v0.5°, a 2-billion-parameter model;

Shttps://huggingface.co/aidbharat/
indictrans2-en-indic-dist-200M

It is an in-house corpus created by professional hu-
man translators as part of another project. The inter-
nal dataset details are provided at https://github.com/
KaustubhShejole/Viram_Marathi

Shttps://huggingface.co/sarvamai/
sarvam-2b-v0.5

Gemma-2-9b® (Team, 2024), a 9-billion-parameter
model; and LLaMA-3.1-8b’ (Grattafiori et al.,
2024), an 8-billion-parameter model. All three
models have been exposed to Indian languages
during pre-training. Notably, Sarvam-2b-v0.5 has
been trained exclusively on English and Indian lan-
guages, including Marathi, using a corpus of ap-
proximately one trillion tokens per language. We
adopt the same methodology described in Sec-
tion 4 for each prompting strategy:

1. Zero-shot prompting

(a) Restore punctuation, then translate (see
Appendix E.2 for details about the
prompt).

(b) Direct translation (see Appendix E.3 for
details about the prompt).

2. Three-shot prompting

(a) Restore punctuation, then translate (see
Appendix E.4 for details about the
prompt).

(b) Direct translation (see Appendix E.5 for
details about the prompt).

For outputs using correctly punctuated inputs
(original sentence-meant), we employed the direct
translation strategy in Appendix E.1. For three-
shot prompting, we selected three examples from
the Viram benchmark, each illustrating a distinct
punctuation error involving commas, semicolons,
and colons. During evaluation, these examples
were excluded from the test set to ensure a fair and
unbiased assessment.

6 Results and Analysis

In this section, we present a comprehensive evalu-
ation of the proposed approaches. We first provide
a quantitative comparison of all methods (§6.1).
We then analyze the impact of the two proposed
improvement strategies on the original model’s
performance across standard benchmarks (§6.2).
Next, we examine the effectiveness of different
prompting strategies for large language models
(§6.3). Finally, we complement the quantitative
results with a qualitative analysis to better under-
stand the strengths and limitations of the models

(§6.4).

*https://huggingface.co/google/gemma-2-9b
"https://huggingface.co/meta-1lama/Llama-3.
1-8B
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Type Model Name BLEU BLEURT-20 COMET chrF++ chrF2++ LabSE MuRIL
Baseline IndicTrans2 en indic 200M (Original Model) 21.72 0.7916 0.7391 59.45 55.38 09126 0.7619
Upper Performance Boundary IndicTrans2 en indic 200M + Input as ‘sentence meant’  26.20 0.8082 0.7606 61.15 57.41 0.9313  0.7915
Fine-tuned bert-large-uncased + Original Model 23.84 0.7955 0.7595 60.02 56.11 0.9199  0.7806
A bl Fine-tuned microsoft-mpnet + Original Model 25.12 0.7996 0.7597 60.56 56.79 0.9210 0.7813
T0aC
PP Fine-tuned t5-base + Original Model 24.74 0.7977 0.7586 60.68 56.92 0.9230 0.7838
Al4Bharat’s cadence + Original Model 23.44 0.7980 0.7516 60.49 56.69 0.9210  0.7809
Finetuned (w/ punct) (x) 21.21 0.7830 0.7426 58.90 54.72 0.9145  0.7685
Finetuned (w/o punct) (x) 24.66 0.7774 0.7417 60.30 56.56 09122 0.7830
Approach 2
Finetuned (with and w/o punct) (2x) 24.27 0.7785 0.7443 60.61 56.83 09120 0.7794
Finetuned (alternate with and w/o punct) (x) 24.28 0.7745 0.7433 60.21 56.52 0.9047  0.7761
LLM GPT-5-mini (Zero-Shot + Direct Translation) 18.69 0.7786 0.7420 52.50 48.82 0.9096  0.7394
DeepSeek-V3.2 (Zero-Shot + Direct Translation) 23.41 0.7858 0.7590 58.48 54.82 0.9197 0.7765
Table 2: Quantitative Analysis on the Viram Benchmark
Benchmark Model Name BLEU BLEURT-20 COMET chrF++ chrF2++ LabSE MuRIL
IN22 (CONV)  IndicTrans2 en indic 200 M (Original) 18.95 0.8209 0.8117 51.05 47.74 0.9051 0.7451
Fine-tuned t5-base + Original Model 17.82 0.8121 0.8077 50.24 47.17 0.8982  0.7404
Finetuned (w/ punct) (x) 16.08 0.7963 0.7920 49.77 46.65 0.8869  0.7300
Finetuned (w/o punct) (x) 16.67 0.8034 0.7995 49.68 46.72 0.8927  0.7354
Finetuned (with and w/o punct) (2x) 17.93 0.8106 0.8065 50.45 47.33 0.8962  0.7408
Finetuned (alternate with and w/o punct) (x)  17.87 0.8122 0.8082 50.34 47.26 0.8983  0.7411
IN22 (GEN) IndicTrans2 en indic 200 M (Original) 21.01 0.7920 0.7539 54.22 49.99 09153  0.7389
Fine-tuned t5-base + Original Model 16.86 0.7819 0.7439 53.19 48.84 09129  0.7309
Finetuned (w/ punct) (x) 16.98 0.7627 0.7405 53.23 48.86 0.9098  0.7290
Finetuned (w/o punct) (x) 17.07 0.7745 0.7422 53.09 48.77 09116  0.7307
Finetuned (with and w/o punct) (2x) 17.11 0.7809 0.7440 53.50 49.12 0.9131 0.7315
Finetuned (alternate with and w/o punct) (x)  17.06 0.7822 0.7450 53.37 48.99 09132 0.7312
FLORES-22 IndicTrans2 en indic 200 M (Original) 18.69 0.7894 0.7616 54.48 50.19 0.9226  0.7425
Fine-tuned t5-base + Original Model 19.34 0.7818 0.7531 55.02 50.82 0.9213  0.7413
Finetuned (w/ punct) (x) 19.20 0.7786 0.7513 54.78 50.57 0.9198  0.7400
Finetuned (w/o punct) (x) 19.27 0.7795 0.7528 54.73 50.57 0.9201 0.7413
Finetuned (with and w/o punct) (2x) 19.37 0.7810 0.7521 55.11 50.90 0.9204  0.7418
Finetuned (alternate with and w/o punct) (x)  19.46 0.7825 0.7533 55.11 50.90 0.9218  0.7421

Table 3: Performance Comparison across Benchmark Datasets

6.1 Quantitative Performance

Table 2 reports quantitative results on the
Viram benchmark across lexical, semantic, and
embedding-based metrics. Details about metrics
are provided in Appendix D. The original model
with ‘sent-written’ input serves as the baseline,
while providing oracle sentence boundaries estab-
lishes an upper bound, yielding substantial gains in
BLEU, chrF, and embedding similarity. This gap
highlights the impact of correct sentence boundary
recovery on translation quality. Pipeline-based
punctuation restoration (Approach 1) consistently
outperforms the baseline, with t5-base and
mpnet restorers approaching the oracle upper
bound, indicating that higher-quality punctuation
directly improves translation. Direct fine-tuning
(Approach 2) on unpunctuated data yields clear

gains in BLEU and chrF, while as expected,
training only on punctuated data offers limited im-
provement. Mixed training improves robustness,
particularly in COMET and chrF, but still falls
short of the strongest pipeline-based results.

Among LLMs, DeepSeek-V3.2 outperforms
GPT 5-mini across all metrics, achieving com-
petitive semantic similarity scores in a zero-shot
setting. However, both LLMs remain below the
strongest pipeline and oracle-segmentation con-
figurations. Overall, accurate sentence bound-
ary recovery is critical for translation quality on
Viram, with pipeline-based restoration most effec-
tive when segmentation quality is high, while fine-
tuning improves robustness to punctuation vari-
ability.
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Prompting Strategy Approach Model Name BLEU BLEURT-20 COMET chrF++ chrF2++ LabSE MuRIL
Llama 3.1 8b 5.16 0.6548 0.6026 37.13 33.18 0.8030  0.6093
Restore then Translate  Gemma 2 9b 11.69 0.7260 0.6783 45.89 41.98 0.8783  0.6952
Sarvam 2b v0.5  9.97 0.6961 0.6736 42.93 38.86 0.8228  0.6468
Zero-Shot
Llama 3.1 8b 6.37 0.6660 0.6192 39.89 35.76 0.8230 0.6314
Direct Translation Gemma 2 9b 8.94 0.7248 0.6880 45.40 41.33 0.8559  0.6712
Sarvam 2b v0.5 5.67 0.6300 0.6392 37.47 33.67 0.8102  0.6149
Llama 3.1 8b 4.56 0.6641 0.6113 37.80 33.68 0.8194  0.6120
Restore then Translate  Gemma 2 9b 14.84 0.7407 0.6889 49.27 45.50 0.8926  0.7056
. Sarvam 2b v0.5  8.55 0.7352 0.6982 44.48 40.02 0.8509 0.6710
3-Shot Prompting
Llama 3.1 8b 7.98 0.6776 0.6272 43.21 3891 0.8216  0.6192
Direct Translation Gemma 2 9b 10.99 0.7388 0.6938 48.98 44.88 0.8883  0.7013
Sarvam 2b v0.5  11.01 0.7571 0.7224 49.27 44.74 0.8803  0.7019
Llama 3.1 8b 7.87 0.6785 0.6330 39.70 35.84 0.8404  0.6535
Direct Translation using Di Translati
Sentence Meant (Original) irect Translation Gemma 2 9b 13.75 0.7256 0.6941 45.85 42.47 0.8829  0.6896
Sarvam 2b v0.5  10.36 0.6866 0.6725 41.30 37.63 0.8422  0.6550

Table 4: Quantitative Analysis of LLMs via various prompting strategies on the Viram Benchmark

6.2 Performance Analysis on Standard
Benchmarks

Table 3 reports automatic evaluation results on
IN22 (CONV)®, IN22 (GEN)?, and FLORES-22'°,
We compare the original model with pipeline-
based punctuation restoration (Approach 1) and di-
rect fine-tuning variants on punctuated, unpunctu-
ated, and mixed data (Approach 2).

On IN22 (CONV), the original model achieves
the highest BLEU, while fine-tuned variants show
modest drops. Models trained on both punc-
tuated and unpunctuated data outperform single-
input variants, with the alternate mixed strategy
narrowing the gap with the original on BLEURT-
20, COMET, LabSE, and MuRIL. On IN22 (GEN),
the original model again outperforms fine-tuned
variants. Pipeline-based punctuation restoration
harms BLEU and semantic scores, indicating er-
ror propagation. Mixed fine-tuning outperforms
single-condition models but remains below the
original. On FLORES-22, all models perform sim-
ilarly, with some fine-tuned variants slightly ex-
ceeding the original in BLEU and chrF without re-
ducing semantic scores. This suggests that gains
in punctuation robustness may come at the cost of

®https://huggingface.co/datasets/aidbharat/
IN22-Conv

‘https://huggingface.co/datasets/aid4bharat/
IN22-Gen

Yhttps://indictrans2-public.objectstore.
e2enetworks.net/flores-22_dev.zip

slight reductions in certain evaluation metrics.

6.3 Analysis of Prompting Strategies in
LLMs

The results in Table 4 show that, among zero-shot
prompting strategies, Gemma 2 9B consistently
outperforms the other evaluated LLMs across most
metrics. When considering all prompting strate-
gies, LLaMA 3.1 8B exhibits comparatively lower
performance than Gemma 2 and Sarvam 2B, high-
lighting the impact of model architecture and pre-
training scale on multilingual translation quality.
In zero-shot settings, Sarvam performs better un-
der Approach 1, whereas the other models achieve
higher scores with Approach 2. Under 3-shot
prompting, both LLaMA and Sarvam benefit more
from Approach 2, while Gemma continues to
achieve superior results with Approach 1.

When these LLM results are compared to the
quantitative baselines reported in Table 2, it be-
comes apparent that sub-10B parameter models
generally underperform relative to closed-source
models such as DeepSeek-V3.2 and GPT 5-mini,
which benefit from more specialized capabilities.
For instance, DeepSeek-V3.2 achieves a BLEU
score of 23.41 and a BLEURT-20 score of 0.7858,
whereas GPT 5-mini in a zero-shot direct trans-
lation setting attains BLEU 18.69 and BLEURT-
20 0.7786. In contrast, Gemma 2 9b, the best-
performing model under zero-shot and three-shot
prompting conditions, reaches a BLEU score of
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Sentence (English In-  Model Marathi Output ‘Word-by-Word [English Gloss] Inferred Meaning Status
put)
la. Police say suspect  Original dufyaren  afhae  qar GURidrer (Suspect’s) afhe™ (by lawyer) @dT  Police say the suspect’s  Incorrect
confessed lawyer denies heTesedTd difergie woror (claim) WeTBeM™ (denied) Wferd™ (Police’s)  lawyer denied the claim.
claim TEUTHY (saying) (Missing the confession part
of suspect).
Approach 2 ‘Tﬁﬁ'@ﬂ% TUUT MR B W (Police’s) TUIT (say) e (is) T (that)  The lawyer denies the claim  Correct
(with and w/o EHinc LX) FeA F@T  GRAE (by suspect) w9 (confessed) that the suspect confessed.
punct) (2x) EcacEicard (done) T (claim) RIS (lawyer) ATHRAT (de-
nies).
Approach 1 ‘Tﬁﬁ'@ﬂ% TUUT MR A WA (Police’s) TUIT (say) e (is) T (that)  Police say that the claim is  Correct
(t5-base) Hefa= HIA FoAeT ghE  GAREH (by suspect) w9 (confessed) FA  denied by the lawyer that the
T AT, (done) FHIA (lawyer) JM@T (claim) ATHRaT (de-  suspect confessed.
nies).
1b. Police say sus-  All Models Tiferit Fiftaer B A @G (Police) Wifde (said) &I (that) @™ Two separate reports: one  Correct
pect confessed, lawyer a@ﬁ felt, ad  amEr (suspect) an_g?ﬁ (confession) feeft (gave), g confession, one denial.
denies claim. Eicar (lawyer) 4T (claim) ATHRaT (denies).
2a. Minister says re-  Original W suTeht seeer {fiﬂ’{ﬂﬂ'ﬂ@ (In reforms) 379asf (failed) 3%edT  The Minister notes the cel-  Incorrect
form failed opposition TarRreft vy Stewo: wt (proven) TRt (opposition) U™ (parties’) ~ ebration of the opposition
celebrates Te (celebration): H3iT (Minister) failed in reforms.
Approach 2 REIRGIGH FUROT et Tl (Minister) TUMATA (says), FURUT (reform)  The Minister says the oppo-  Correct
(with and w/o HTeTEEe SRRl STeelly TR (unsuccessful) SEATEER (about becom-  sition celebrated the failure
punct) (2x) e, ing) farerR (by opposition) Sew¥ (celebra-  of reforms.
tion) % (did).
Approach 1 e O U = (Minister) m(says)ﬁ(that)w(re- Minister says reff)rlms failed Correct
(t5-base) St g, fAyeh Sieel™ forms) SR (unsuccessful) BT (became), and  the opposition  cele-
HATd. (opposition) S (celebration) @¥ard  brates.
(do).
2b. Minister says reform  All models Wit wuEE FURUT  (Same as Approach 1 (t5-base) above) (Same as Approach 1 (t5-  Correct
failed, opposition cele- Iraeredt giren, faRiees Sters base) above)
brates. .
3a. Check pressure  Original TR I HNWW HEfad SR (If) Q9 (pressure) ST (gauge) HEIET  Only check the gauge if it's  Incorrect
gauge periodically raise FRUERT A R BB (operable) AT (is) @ (then) dHest (period-  working, to increase pres-
pressure if below opera- 3T TEIUITATS! quTaT ically) ¥ (pressure) qMEIUATTST (to increase)  sure.
ble qurET (check).
Approach 2 TSR 9T Bl qurEl, SR IR A (Pressure gauge) 1A (periodically)  Regular checks; increase  Correct
(with and w/o TGS YT T ST TR IR qUTET (check), TR (if) SR (operable) U pressure only if it’s too low.
punct) (2x) qredl. (than) FHT (less) 3T (is) TR (then) WER (pressure)
dTedT (increase).
Approach 1 19 HISTATY Jdes! quTdT, SR @19 (Pressure) HISHTT (gauge) d@das! (periodi-  Check the gauge; if pressure  Correct
(t5-base) ATATITSNT & HHT ST AR cally) TURI (check), SR (if) ITAVATSINT (opera- s not operable, increase it.
e dTedT. ble) 3 (pressure) FHT (low) A (is) TR (then)
a4 (pressure) dTedT (increase).
3b. Check pressure  Original ST HISTHTY de1de6! quTeT, SR (Same as Approach 1 (t5-base) above) (Same as above) Correct
gauge periodically, raise TATCTUATSR e FHY T T
pressure if below opera- [ dTedl.
ble.
Approach 2 JBS YR A qUET,  dBAS (Periodically) UR TS (gauge) dURT  (Same as above) Correct
(with and w/o SiftRae Uem M ST (check), fiREe (operable) &I (than) FHY (less)
punct) (2x) VSR Fredr. T (if being) WER (pressure) dTedT (increase).
Approach 1 T HISTHTY JaB1a6! quTeT, SR (Same as Approach 1 (t5-base) above) (Same as above) Correct
(t5-base) TATCAUATSR Ta FHY ST T
EEEICEIN
4a. What we see we be-  Original HYUT F UTeAl AT AU HTUUT (We) ST (what) TTEQT (see) TR (on that) A choice: Do we believe  Incorrect
lieve what we hear we ﬁm?ﬁ'cﬁiﬁ SATYUT S Vel AUV (we) 3AT (believe) JaaT (keep) T (OR)  what we see OR register
register TR AT uft T, HATIOT (we) T;T (what) ¥araT (hear) TR (on that)  what we hear?
ST (we) HigU (register)a?{?ﬁ(doy
Approach 2 AU S Tel ATER SMYUT YT (We) T (what) UTEdT (see) MR (on that)  We believe what we see, and ~ Correct
(with and w/o fasrg Sad, SmUur & UYehdl  IATUUT (we) AT (believe) Saar (keep), I we register what we hear.
punct) (2x) TR HTYOT STt . (we) S (what) Tehdl (hear) @R (on that) STa0T
(we) FIOTt (register) &l (do).
Approach 1 W@Tm, fara adl, & SAYUT (We) I (what) TTeal (see), faama (believe)  Seeing leads to belief, hear-  Correct
(t5-base) Uehell, T ieaar. Fadr (keep), I (what) ¥eal (hear), @ (that) Tieadr ing leads to registration.
(register).
4b. What we see we be-  All Models JAMOUT S UTEdl AER SUUT  AUUT (We) T (what) TTea (see) TR (on that)  Parallel statements of two Correct

lieve; what we hear we
register.

faurg 3adr; I Yahal AR
Froor el .

YT (we) T4 (believe) dadT (keep); S (what)
el (hear) TER (on that) 3TIUT (we) EOM (reg-
ister) @@ (do).

human actions.

Table 5: Qualitative comparison of translation outputs of the original models and fine-tuned models on two ap-

proaches.
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14.84 and BLEURT-20 of 0.7407. These results
further suggest that targeted fine-tuning or aug-
mented input strategies continue to offer substan-
tially higher translation quality, particularly on
metrics that are sensitive to semantic adequacy,
such as COMET and LabSE.

6.4 Qualitative Analysis

Tables 5 presents a qualitative comparison of
translations produced by the original model, Ap-
proach 1 (punctuation restoration using T5-base
followed by translation), and Approach 2 (Com-
bined 2x: direct fine-tuning on punctuated and un-
punctuated data). The examples evaluate the mod-
els’ ability to resolve syntactic ambiguity, clause
boundaries, and semantic scope in punctuation-
sparse inputs. The original model consistently
struggles with unpunctuated sentences, particu-
larly in headline-style constructions (e.g., la, 2a)
and instructional text (3a). In news headlines con-
taining multiple reporting verbs, the model fre-
quently misidentifies clause attachment and argu-
ment scope, either omitting one of the reported
events (1a) or incorrectly attributing actions to the
wrong entity (2a). In procedural sentences, it often
embeds conditional phrases incorrectly, conflating
the condition with the action itself rather than ex-
pressing a sequence of operations (3a). Similarly,
in parallel or contrastive constructions (4a), the ab-
sence of punctuation leads the model to misinter-
pret coordination as disjunction, resulting in unin-
tended semantic alternation. These errors indicate
a strong dependence on explicit punctuation cues
for recovering sentence structure.

Approach 1 substantially improves translation
quality by restoring punctuation prior to transla-
tion. This enables more accurate recovery of
clause boundaries, coordination, and reporting
structures, yielding correct interpretations in most
ambiguous cases (e.g., la, 2a, 4a). However, as
a pipeline approach, it remains sensitive to errors
introduced during punctuation restoration, which
can occasionally propagate into the final trans-
lation and lead to less natural or slightly mis-
aligned syntactic realizations. Approach 2 con-
sistently produces the most accurate and stable
translations across all examples. The fine-tuned
model correctly resolves implicit coordination, re-
porting structures, and conditional logic even in
the absence of punctuation, as demonstrated in
both news headlines and procedural instructions.
Performance remains robust across punctuated and

unpunctuated variants, suggesting that the model
learns to infer latent sentence structure directly
from contextual and syntactic cues rather than re-
lying on surface punctuation.

For punctuated inputs (b variants), all models
produce correct translations, confirming that most
observed errors in the original model arise from
difficulties in handling missing punctuation rather
than lexical or morphological limitations. These
results demonstrate that fine-tuning may help in
combating the punctuation-sensitivity of the orig-
inal model for English-Marathi machine transla-
tion. While automatic metrics show moderate
gains, qualitative evaluation reveals substantial im-
provements in semantic fidelity that are not cap-
tured by standard scores.

7 Conclusion and Future Directions

In this study, we focused on assessing and improv-
ing punctuation robustness of English—to-Marathi
NMT systems. We manually constructed Viram,
a diagnostic benchmark that contains punctuation-
ambiguous instances. We evaluated two pri-
mary approaches: a pipeline-based restore-then-
translated and direct fine-tuning on punctuated
and unpunctuated data. Our quantitative and qual-
itative analyses reveal that both approaches signif-
icantly improve punctuation robustness compared
to the baseline model. Through qualitative anal-
ysis, we identified specific failure modes where
NMT models fail to capture the intended mean-
ing in the absence of punctuation. We also eval-
uated LLMs via zero-shot and few-shot prompt-
ing, finding that few-shot prompting improves per-
formance. However, these models lag behind
task-specific approaches in preserving meaning for
punctuation-ambiguous text, highlighting the need
for further research in this area.

We plan to extend this work to other Indic lan-
guages to assess whether similar qualitative pat-
terns emerge across language families. Future
work should focus on better assessment metrics
that check meaning preservation and nuances sim-
ilar to human judgment, and on exploring hybrid
model architectures capable of handling punctua-
tion ambiguity natively, without relying on multi-
stage pipelines like multi-task learning approaches.
This work opens various research directions for
punctuation-robust machine translation.
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Limitations

While our study provides valuable insights into
punctuation robustness, several inherent limita-
tions bound its scope. The Viram benchmark con-
sists of only 54 manually curated instances; al-
though this size is sufficient for diagnostic evalu-
ation of specific semantic ambiguities, it is not in-
tended as a large-scale test set, with the focus delib-
erately placed on quality and linguistic complexity
rather than volume. Our analysis is restricted to the
English—Marathi language pair, and while Marathi
represents a morphologically rich, low-resource In-
dic language, the punctuation-induced errors we
observed may differ in nature and frequency for
other language families or syntactic structures. Fi-
nally, as noted in our qualitative analysis, standard
automated metrics such as BLEU and chrF are of-
ten insensitive to the subtle semantic shifts intro-
duced by punctuation. While we supplemented
these with manual inspection, the scalability of
such qualitative evaluation is inherently limited
due to the need for expert linguistic annotators.

Ethical Considerations

In alignment with the ACL Ethics Policy, we
provide the following disclosures regarding our
data, annotation process, and potential societal im-
pact. The English source sentences for the Viram
benchmark were manually curated from a well-
established linguistic resource (Kirkman, 2006),
and the fine-tuning of models in Approach 2 uti-
lized an internal in-house corpus created by pro-
fessional translators, which we plan to release pub-
licly upon project completion to support further re-
search. Translations for the benchmark were per-
formed by two native Marathi speakers with ad-
vanced academic backgrounds (Master’s and PhD)
in Computer Science. Annotators were fairly com-
pensated for their specialized expertise, and all
translations were developed through collaborative
discussions to ensure semantic accuracy and cul-
tural relevance. We recognize that machine trans-
lation is increasingly used in India for critical ap-
plications such as digital governance and agricul-
tural assistance, where punctuation errors can lead
to significant semantic shifts and the potential dis-
semination of incorrect information. While our
work aims to improve model robustness and mit-
igate such risks, we caution that no MT system is
entirely error-free, and users in sensitive domains
should verify automated translations with human

experts. To ensure transparency and reproducibil-
ity, we have detailed our experimental setups and
prompting strategies in the Appendix and are com-
mitted to releasing the Viram diagnostic bench-
mark publicly to encourage more robust evalua-
tions in Indic language technologies.
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A More details about the Viram
Benchmark

A.1 Annotation Procedure

For the creation of the Viram benchmark transla-
tions, we hired two annotators, one pursuing a Mas-
ter’s degree and the other a PhD, both in the Com-
puter Science and Engineering department. Both
annotators are native speakers of Marathi. All
sentences were discussed and translated collabora-
tively to ensure high-quality and consistent trans-
lations. The annotators received appropriate hono-
rarium for their work.

A.2 Data Statistics

The human-validated English—Marathi test set con-
tains a total of 54 instances with various punctu-
ation marks. Commas are the most frequent, ap-
pearing 38 times, followed by colons and hyphens,
each occurring 3 times. Parentheses and quotation
marks appear twice each, while em dashes, ques-
tion marks, semi-colons, and slashes are less fre-
quent, with one or two occurrences. This distri-
bution reflects the diversity of punctuation in the
dataset, which may affect the complexity of trans-
lation and evaluation.

B Dataset construction for training
models

B.1 Data Handling for Approach 1

For training the punctuation restoration models,
we used the English data from the IWSLT 2017

MT challenge!'. We considered only the English
portion of the dataset, where the source sentences
were stripped of punctuation and the target sen-
tences retained the original punctuation. This
setup enables the models to learn to predict and re-
store punctuation in English sentences. Figure 2
illustrates the data handling process for Approach
1.

B.2 Data Handling for Approach 2

For direct fine-tuning of machine translation mod-
els, we created four variants of the dataset to evalu-
ate the effect of punctuation on translation quality:

* Original data: Used as a baseline without ex-
pecting any punctuation robustness.

» Data without punctuation: All punctuation
marks were removed from the source sen-
tences to give models the ability to predict
punctuation.

* Data with and without punctuation (alter-
nate): Punctuation is alternately removed
and retained, keeping the dataset size equal
to the original.

* Data with and without punctuation (dou-
bled): Each sentence is included twice, once
with punctuation and once without, effec-
tively doubling the dataset size.

Figure 3 shows the data handling process for Ap-
proach 2.

C Statistics of the Datasets Used

Table 6 summarizes the statistics of the
english_punctuation_restoration dataset.
The training split contains 206,112 instances,
while the validation and test splits include 888 and
8,079 instances, respectively.

Table 7 shows the dataset statistics for the in-
ternal eng_mar_finetuning data. The train-
ing set consists of 189,740 instances, and both the
validation and test sets contain 23,717 instances
each. These datasets provide the necessary cover-
age for training and evaluating models for punc-
tuation restoration and English-to-Marathi fine-
tuning tasks.

"https://huggingface.co/datasets/IWSLT/
iws1t2017
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extract only remove
IWSLT 2017 1 english sentences English punctuations English
Multilingual Task > Sentences with > Sentences without
Dataset J \@JW Punctuations

target source
sentences sentences

English Punctuation
Restoration Dataset

Figure 2: Data handling for the punctuation restoration task: Approach 1.

This dataset is created by

professional translators. It Internal ENG-MAR
is a part of a separate dataset
project and will be released
when that project
completes.
\ 4 \ 4 \ 4 A4
remove Remove punctuations from odd For each English sentence, create
keep everything unctuations from index English sentences, keep two sentences, i.e., the original
the same E lish " punctuations for even index and punctuation-removed
nglish sentences English sentences sentence.
\ 4 \ 4 \ 4
) )
Data with Data without Combined Combined
. . y punctuation data
punctuations punctuations punctuation data (x) (2x)

Figure 3: Data handling for the direct fine-tuning task: Approach 2.

Split Number of Instances 1. BLEU (Bilingual Evaluation Understudy)
Train 206,112 (Papineni et al., 2002) remains one of the
Validation 888 most widely used automatic evaluation met-
Test 8,079 rics for machine translation. It computes

the geometric mean of modified n-gram pre-
cision between a candidate translation and
one or more reference translations, combined
with a brevity penalty to discourage overly

Table 6: Dataset statistics for
english_punctuation_restoration.

Split Number of Instances
Train 189740 short outputs.
Validation 23717 2. chrF++ and chrF2++ (Popovi¢, 2017) are
Test 23717 character n-gram—based F'-score metrics that
o . improve upon BLEU by capturing subword-
Table 7: Dataset  statistics for internal

level similarities, making them particularly
effective for morphologically rich languages.
While chrF++ incorporates both character
D Evaluation Metrics Used and word n-grams, chrF2++ sets the [
parameter to 2 (i.e., an Fj-score), placing
greater emphasis on recall than precision.

eng mar finetuning data

Recent advancements in Natural Language Pro-
cessing (NLP), particularly in Machine Translation
(MT) and cross-lingual transfer, have been driven 3. BLEURT-20 (Sellam et al., 2020a,b) repre-

by robust evaluation metrics and high-quality mul- sents a shift toward learned, neural evalua-
tilingual representations. This section briefly de- tion metrics. Built on a BERT-based architec-
scribes the evaluation metrics used in our study. ture, BLEURT is pre-trained on millions of
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Table 8: Implementation details and repositories for the evaluation metrics and models.

Metric Library / Implementation Link / Repository

BLEU Hugging Face evaluate (SacreBLEU) https://huggingface.co/spaces/
evaluate-metric/sacrebleu

chrF / chrF++ Hugging Face evaluate (SacreBLEU) https://huggingface.co/spaces/
evaluate-metric/chrf

COMET Hugging Face evaluate (Unbabel/COMET) https://github.com/Unbabel/COMET

BLEURT-20 Google Research BLEURT https:
//github.com/google-research/bleurt

BERTScore Hugging Face evaluate (MuRIL) https://huggingface.co/spaces/
evaluate-metric/bertscore

LaBSE sentence-transformers https://huggingface.co/
sentence-transformers/LaBSE

MuRIL google/muril-base-cased https://huggingface.co/google/

muril-base-cased

synthetic examples and fine-tuned using hu-
man judgment data. The “-20” checkpoint
corresponds to the refined version released
for the WMT 2020 Metrics shared task and
exhibits strong correlation with human evalu-
ation scores.

4. COMET (Cross-lingual Optimized Met-
ric for Evaluation of Translation) (Rei
et al., 2020) is a neural evaluation framework
that leverages multilingual encoders such as
XLM-RoBERTa. Unlike surface-level met-
rics such as BLEU, COMET jointly models
the source sentence, hypothesis, and refer-
ence translation to directly predict translation
quality.

5. LaBSE (Language-agnostic BERT Sen-
tence Embedding) (Feng et al., 2022) is
a dual-encoder model designed to produce
language-agnostic sentence representations
across 109 languages. It is trained using
masked language modeling and translation
ranking objectives, making it particularly ef-
fective for bitext mining and cross-lingual
similarity tasks.

6. MuRIL (Multilingual Representations for
Indian Languages) (Khanuja et al., 2021)
is a BERT-based model tailored for the
Indian linguistic landscape.  Trained on
17 Indian languages and English, it in-
corporates both monolingual and translat-
ed/transliterated data, significantly outper-
forming general-purpose multilingual mod-
els (e.g., mBERT) on South Asian language
tasks.

Implementation details and repositories for the
evaluation metrics and models is provided in Table

8. The evaluation code used in this work follows
the Indic MT Eval framework of Dixit et al. (2023).

E Prompting Details

E.1 Original Prompt: Direct Translation
without Examples

The original prompt style instructs the model to di-
rectly translate an English sentence into Marathi
without any example demonstrations or interme-
diate punctuation restoration. This approach tests
the model’s ability to perform translation with min-
imal guidance (see Figure 4). We used this prompt
to directly input the correctly punctuated sentences
to the model.

E.2 Zero-shot Prompt: Restore Punctuation
then Translate

The zero-shot prompting strategy instructs the
model to first restore punctuation in the input sen-
tence and subsequently translate the punctuated
sentence from English to Marathi. The prompt ex-
plicitly guides the model to perform punctuation
restoration as an intermediate step before transla-
tion (see Figure 5).

E.3 Zero-shot Prompt: Direct Translation

The zero-shot direct translation prompt directly
instructs the model to translate punctuation-
ambiguous English sentences into Marathi without
any intermediate punctuation restoration step (see
Figure 6).

E.4 Three-shot Prompt: Restore Punctuation
then Translate

The three-shot prompting strategy incorporates
example demonstrations. Each prompt includes
three input—output examples illustrating punctu-
ation restoration followed by translation, after
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Prompt for Original Translation

Prompt:
You are an expert linguist and translator specializing in English-to-
Marathi machine translation. Translate the given English sentence into

Marathi.

Input English: sentence

Make sure that the translation is in Devanagari Script.
Please provide the response in the following format:
Marathi Translation (Devanagari Script):

Figure 4: Prompt used for original translation.

Prompt for Zero-Shot Reasoning with Approach 1 (Restore then

Translate)

Prompt:

You are an expert linguist and translator specializing in English-to-

Marathi translation.

You specialize in “Punctuation Restoration,”

resolving ambiguities caused by missing punctuation in English.

Steps for Analysis:

1. Analyze the English sentence for ambiguity.

2. Identify missing punctuation.

3. Generate the punctuated "English (Meant)” sentence.
4. Translate it into Marathi, ensuring the meaning is preserved.

Input English: sentence

Please provide the response in the following format:

Step 1 (Restoration): [The English (Meant) sentence]

Step 2 (Translation): [The Marathi translation (Devanagari Script)]
Reasoning: [Briefly explain your punctuation choices]

Figure 5: Prompt used for zero-shot reasoning with Approach 1 (Restore then Translate)

which the model applies the same process to a new
punctuation-ambiguous sentence (see Figure 7).

E.5 Three-shot Prompt: Direct Translation

The three-shot direct translation prompting strat-
egy provides three input—output examples illustrat-
ing direct translation of punctuation-ambiguous
English sentences into Marathi, without any inter-
mediate punctuation restoration. The model is then
asked to translate a new sentence using the same
approach (see Figure 8).

F Model Fine-tuning and
Hyperparameter Tuning Details

For machine translation experiments, we
fine-tuned all models on a server equipped
with four NVIDIA A100 GPUs. We con-
ducted a comprehensive  hyperparameter
search, experimenting with learning rates in
[le-3, 3e-3, be-3, le-4, 3e-4, Se-4, 1e-5, 3e-5, be-5],
varying the number of training epochs [2, 5, 8, 10],
and testing different batch sizes [8,16,32]. This
systematic exploration allowed us to identify the
most effective hyperparameter configurations for
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Prompt:

You are an expert linguist and translator specializing in English-to-
Marathi machine translation. Translate the given English sentence into
Marathi, identifying the most logical intended meaning behind missing
punctuation.

Input English: sentence
Make sure that the translation is in Devanagari Script.

Please provide the response in the following format:
Marathi Translation (Devanagari Script):

Figure 6: Prompt used for zero-shot translation withwith Approach 2 (direct translation).

each model. The final models were selected based
on their performance on the validation sets.
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Prompt for Few-Shot inference with Approach 1 (Restore then Translate)

Prompt:
You are an expert linguist and translator specializing in English-to-Marathi
translation. Use punctuation restoration to resolve ambiguity.

Definitions:

1. English (Written): Unpunctuated input.

2. English (Meant): Restored punctuation version.

3. Marathi (Translation): Translation matching English (Meant)”.

Steps:

1. Analyze ambiguity.
2. Restore punctuation.
3. Translate to Marathi.

Some examples are as follows:

1. Input English: These are the components required motor brushes, bearings,
and wiring.
English Meant: These are the components required: motor brushes, bear-
ings, and wiring.

Marathi Translation: 37dT& AN Uech WIATAYHTU 3Med: HIeR s,
AT STOT A feT.

2. Input English: As the machine develops the forms we use to record data
from past projects will be amended.

English Meant: As the machine develops, the forms we use to record data
from past projects will be amended.

Marathi Translation: STESIRT T0T fAhAd BIgd, THAY AR Uehedidie el
(TS FRUATETS! AT AT HHeTel Hird FETRA hel AT,
3. Input English: What we see, we believe what we hear, we register

English Meant: What we see, we believe; what we hear, we register.

Marathi Translation: S UTgal, ma? fasma &adr; of Uehdl, T i Hal.

Input English: sentence
Please provide the response in the following format:
Step 1 (Restoration): [The English (Meant) sentence]

Step 2 (Translation): [The Marathi translation (Devanagari Script)]
Reasoning: [Briefly explain your punctuation choice]

Figure 7: Prompt used for few-shot inference with Approach 1 (Restore then Translate)
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Prompt for Few-Shot Translation

Prompt:

You are an expert linguist and translator specializing in English-to-Marathi
machine translation. Translate the English sentence into Marathi, resolving
ambiguity caused by missing punctuation.

Some examples are as follows:

1. Input English: These are the components required motor brushes, bearings,
and wiring.
English Meant: These are the components required: motor brushes, bear-
ings, and wiring.

Marathi Translation: 37T AN Uech WIATAYHTU 3MMad: HIeR s,
AT TOT A feT.

2. Input English: As the machine develops the forms we use to record data
from past projects will be amended.

English Meant: As the machine develops, the forms we use to record data
from past projects will be amended.

Marathi Translation: STESIRT T50T fAAd Bigd, THAY AT Uehedidiel el
TS FRUATHTS! AT ATIRA HHelel Hird FETRA hel ST,
3. Input English: What we see, we believe what we hear, we register

English Meant: What we see, we believe; what we hear, we register.

Marathi Translation: I ‘TIB?ﬁ, TR fasar 3ad I; St ﬁﬁ"f, T i g,

Input English: sentence

Make sure that the translation is in Devanagari Script.
Please provide the response in the following format:
Marathi Translation (Devanagari Script):

Figure 8: Prompt used for few-shot translation with Approach 2 (direct translation)
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