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Abstract
Product reviews on e-commerce platforms are a critical form of user-generated content that influence consumer
decisions. However, these reviews are predominantly in English, creating a significant accessibility barrier for
users who are not fluent in English. When translating into major Indian languages using the current models, the
outputs often fail to capture domain-specific features and colloquial style, resulting in stylistically unnatural texts.
To address this gap, we introduce STAR-IL, a human-annotated, multilingual, parallel corpus for style-aware
translation of product reviews. We evaluate the performance of several state-of-the-art models on our dataset for
the task of product review translation. Our experiments show that models fine-tuned on STAR-IL achieve significant
average performance gain of 5.77 points in BLEU and 3.78 points in COMET, when compared to their base-
lines, across all languages. Our dataset provides a valuable benchmark for future research in style-aware product
review translation. The STAR-IL dataset is publicly available at https://github.com/ltrc/STAR-IL-Corpus.
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1. Introduction

The rise of online platforms has led to a large
amount of User-Generated Content (UGC). Prod-
uct reviews on e-commerce sites are a vital type of
UGC influencing buying decisions, most of which
are in English. This creates major accessibility bar-
riers for non-English speakers, especially in multi-
lingual countries like India, where only 10.6% of
the population speak English (2011 Census1). To
improve accessibility, the e-commerce sites pro-
vide automatic translations of product reviews into
Indian languages. However, these translations are
frequently inaccurate. They often fail to preserve
the style and tone of the original review, which dis-
torts the intended message (Saadany and Orasan,
2020). This issue arises because product reviews
are inherently challenging to translate, as they con-
tain various attributes like spelling errors, colloqui-
alisms, sentiment, and abbreviations that are diffi-
cult to preserve.

The development of reliable translation systems
for product reviews is also hindered by the lack
of high-quality, domain-specific parallel data for
widely spoken Indian languages2 , including Hindi
and Bengali. Past research has focused on areas
such as sentiment analysis (Yadav et al., 2021),
handling noisy text, and creating resources like the
English-Hindi parallel corpus of translated product
reviews (Gupta et al., 2021). However, the critical
problem of preserving the review’s original style re-
mains largely unsolved.

As illustrated in Table 1, even advanced trans-

1https://www.census2011.co.in/
2https://www.ethnologue.com/insights/ethnologue200/

lation systems produce unnatural translations for
the product reviews. For example, in the first
review, the phrase “amazing specifications” is
translated into a formal Hindi phrase “ अद्भतु िव-
शेषताआें ” (adbhuta viśēṣatāōṁ) by Llama-3.1-8B
(Grattafiori et al., 2024), “ अद्भतु िविशष्टताआें ” (adbhuta
viśiṣṭatāōṁ) by Google Translate3 and “ अद्भतु िविन-
दर्ेशाें ” (adbhuta vinirdēśōṁ) by Bhashaverse (Mu-
jadia and Sharma, 2025) rather than a colloquial,
human-translated phrase like “ इतनी सारी खूिबयाें ”
(itanī sārī khūbiyōṁ). Therefore, to address the
stylistic gap in product review translation, we intro-
duce a new dataset and evaluate its effectiveness.
The main contributions of our work are:

1. We introduce STAR-IL, a novel, human-
annotated parallel corpus designed for style-
aware translation, containing over 55,000
product reviews translated from English into
eight major Indian Languages (Hindi, Marathi,
Bengali, Gujarati, Urdu, Kannada, Tamil, and
Telugu) across the ‘fashion’ and ‘electronics’
e-commerce domains.

2. We demonstrate the effectiveness of our
dataset by evaluating and fine-tuning the cur-
rent state-of-the-art (SOTA) models, achiev-
ing average gains of 5.77 points in BLEU and
3.78 points in COMET over baselines, across
all languages.

3. We establish a new, human-validated bench-
mark to guide future research in this domain.

3https://translate.google.co.in/

https://github.com/ltrc/STAR-IL-Corpus
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Product Review
(Source)

STAR-IL
(Human-
translated)

Llama-3.1-8B Bhashaverse Google Trans-
late

value for money
with these amaz-
ing specifications

इतनी सारी खूिबयाें के
साथ पैसा वसूल
(itanī sārī
khūbiyōṁ kē
sātha paisā
vasūla)

मूल्य के िलए मूल्य इन
अद्भतु िवशेषताआें के
साथ
(mūlya kē liē
mūlya ina adb-
huta viśēṣatāōṁ
kē sātha)

इन अद्भतु िविनदर्ेशाें के
साथ पैसे के िलए मूल्य
(ina adbhuta
vinirdēśōṁ kē
sātha paisē kē liē
mūlya)

इन अद्भतु िविशष्टताआें
के साथ पैसे का पूरा
मूल्य
(ina adbhuta
viśiṣṭatāōṁ kē
sātha paisē kā
pūrā mūlya)

crazy phone it is
really ossum வ¥த்த¦யாசமான

ேபான்ெராம்ப
நல்லாஇருக்கு

vidhdhiyājhamāṉa
bhōṉ roṁbha
nallā irughghu)

அசத்தலான
ெபான்னிலக்-
க¦ இது சரியா-
னது
(ajhadhdhalāṉa
bhoṉṉi-
laghghi idhu
jhariyāṉadhu)

ைபத்த¦யக்கார-
த்தனமான
ெதாைலேபச§
இதுஉண்ைம-
ய¥ல்ஓசம்
(bhaidhdhiyagh-
ghāradhdhaṉa-
māṉa dholaib-
hējhi idhu uṇ-
maiyil ōjhaṁ)

ைபத்த¦யக்கார
ேபான்,இது
உண்ைமய¥ேல-
ேயமுட்டாள்-
தனம்தான்.
(bhaidhdhiyagh-
ghāra bhōṉ,
idhu uṇmaiy-
ilēyē muḍhḍhāḷd-
haṉaṁdhāṉ.)

Table 1: Qualitative comparison of the translation from STAR-IL against model-generated Hindi and Tamil
translations for the English product reviews. The ISO 15919 transliterations are provided in parenthesis.

2. Related Works

Prior work in translation of product reviews has
largely focused on preserving the sentiment of the
original review. This has been achieved through
methods such as fine-tuning models for sentiment
polarity (Saadany and Orasan, 2020) or construct-
ing specialized sentiment analysis models for lan-
guages like Hindi (Yadav et al., 2021). However,
these studies have placed less emphasis on pre-
serving the colloquial style and tone inherent in the
reviews.

A relevant study by Gupta et al. (2021) provides
a English-Hindi parallel corpus of 22,595 manually
verified machine-translated product reviews. How-
ever, our comparative automatic and human eval-
uation (see Section 5.1) reveals that these transla-
tions lack the source review’s colloquial style and
tone. Due to this stylistic issue and the dataset’s
limited scope to only Hindi and the ‘electronics’
domain, we use their English source text but cre-
ate our own human-annotated, style-aware trans-
lations across multiple Indian languages.

When evaluating UGC translations, studies
show that while LLMs can be used as reference-
free quality estimators, they often suffer from reli-
ability issues (Qian et al., 2024). This finding mo-
tivates us to use a combination of standard auto-
matic metrics and human evaluation to thoroughly
assess our style-aware translations.

3. Dataset Construction

The STAR-IL dataset is a multilingual, parallel
corpus for product review translation. It cov-
ers English and eight major Indian languages
from two language families: Indo-Aryan (Hindi
(Hin), Marathi (Mar), Bengali (Ben), Gujarati (Guj),
Urdu (Urd)) and Dravidian (Kannada (Kan), Tamil
(Tam), Telugu (Tel)).

We collect a total of 7,700 English product re-
views from ‘electronics’ and ‘fashion’ e-commerce
domains. Approximately, 71% of the reviews are
from the ‘electronics’ domain, obtained from the
corpus by Gupta et al. (2021) (IIT Patna dataset;
originally from Flipkart). The remaining 29% are
from the ‘fashion’ domain, obtained from Arnob
and Khan (2024) (originally from Myntra). This
dual-domain design ensures that STAR-IL is more
generalizable and captures a diverse range of
review styles common to popular retail categories.

As shown in Table 2, the data is split as 90%
training and 10% benchmark data, with both splits
maintaining the 71% ‘electronics’ and 29% ‘fash-
ion’ domain distribution. To preserve the authen-
ticity and context of the review, we do not per-
form any additional post-processing on the source
text. Common features of product reviews, such
as emojis, informal markers, and spelling errors,
are deliberately retained to reflect real-world data.
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Language Family Indo-Aryan Dravidian
Language Ben Guj Hin Mar Urd Kan Tam Tel

Training 6091 6990 5986 5989 7794 5988 5488 5991
Benchmark 700 700 699 700 700 699 699 700

Table 2: Distribution of training and benchmark samples per Indian Language in the STAR-IL dataset.

3.1. Data Annotation

Figure 1: Two-stage human annotation workflow
for STAR-IL: Post-editing machine translations for
training data, and translation from scratch with
cross-reviewing for benchmark data.

As discussed in Section 1 and illustrated in Ta-
ble 1, modern translation systems fail to produce
colloquial style-aware translations for product re-
views. Hence, they cannot be used for dataset con-
struction independently. This highlights the need
for manual annotation and verification to ensure
better quality of the translations.

As described in Figure 1, we implement a rig-
orous annotation process with an in-house team
of experienced translators (3 to 4 native-speakers
per language pair), using distinct methodologies
to annotate the translations for the training and
benchmark data in STAR-IL.

To construct the parallel training data cost-
effectively, we adopt a post-editing technique.
Rather than translating reviews from scratch,
annotators are provided with initial machine-
generated translations from either Google Trans-
late or Bhashaverse. Then, they correct and refine
these outputs to meet our annotation guidelines4,
and ensure consistency. The guidelines are based
on three key principles:

• Prioritizing Colloquial Style: Use a natu-
ral, vernacular style that matches the source
review, allowing relaxed grammar and code-
mixing.

• Retaining Domain-Specific Terms: Keep
English technical terms and brand names in
their original form (or transliterated).

• Ensuring Idiomatic Equivalence: Translate
idioms and sarcastic comments to their clos-
est target-language equivalent to preserve the
original intent.

4https://github.com/ltrc/STAR-IL-Corpus

The benchmark data is created adhering to the
same guidelines, but it is translated entirely from
scratch by the annotators. This approach ensures
a high-quality test dataset, free from any potential
biases introduced by machine-generated outputs.
To ensure consistency, each sample in the bench-
mark data undergoes two rounds of independent
cross-reviewing. After annotating the training and
benchmark sets, we filtered out unsuitable transla-
tions to ensure a high-quality final corpus.

3.2. Dataset Analysis
Table 3 details the STAR-IL dataset statistics for
both ‘electronics’ and ‘fashion’ domain. A key ob-
servation is that the average number of tokens per
sample, measured using the IndicTrans2-en-indic-
1B tokenizer5, is consistently higher in the ‘fashion’
domain than ‘electronics’. This shows that ‘fash-
ion’ domain reviews are more descriptive, which
is also illustrated through few examples from our
dataset in Table 4. Further, the Type-Token Ratio
(TTR%) is consistently low across all languages
which is mainly because of the colloquial style of
the reviews and the dataset’s focus on just two e-
commerce domains, where specific terms are fre-
quently repeated.

4. Experiments

As discussed in Section 4.1, we independently
validate the STAR-IL dataset, and establish base-
lines using several multilingual models. We then
finetune the best-performing baseline models, on
our training data and measure the resulting per-
formance gains (see Section 4.2). We use the
language-wise training and benchmark splits of
STAR-IL as reported in Table 2 for all our experi-
ments.

4.1. Baselines
To establish baseline performance on the STAR-IL
benchmark, we evaluate five multilingual models.
All the models are selected such that they are pre-
trained on few or all of the Indian languages in our
dataset. The models include one encoder-decoder

5https://huggingface.co/ai4bharat/
indictrans2-en-indic-1B

https://huggingface.co/ai4bharat/indictrans2-en-indic-1B
https://huggingface.co/ai4bharat/indictrans2-en-indic-1B
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Electronics Fashion
Language Family Indo-Aryan Dravidian Indo-Aryan Dravidian
Language Ben Guj Hin Mar Urd Kan Tam Tel Ben Guj Hin Mar Urd Kan Tam Tel

Samples 4391 4491 4486 4489 4471 4488 4490 4491 2400 3199 2199 2200 3963 2199 1697 2200
Sample Length 47.86 56.55 15.93 14.23 16.52 55.13 67.15 61.97 259.79 310.23 80.98 72.65 87.90 307.15 334.91 355.34
TTR% 0.26 0.32 6.89 9.45 5.72 0.44 0.32 0.25 0.10 0.12 3.96 0.09 1.82 0.37 0.07 0.10

Table 3: Statistics for the STAR-IL dataset across the ‘electronics’ and ‘fashion’ domains, showing num-
ber of samples, average sample length (tokens), and Type-Token Ratio (TTR%) for the eight Indian
languages.

Domain Product Review (Source)

Electronics camera not as expected compared to other mobiles in this range .

Fashion

Best clothing app ever ,with numerous collections of variant products. The quality
of the products are 10/10 ,no compromise with the materials, it’s a trust worthy store
.Not like other online shopping apps ,where we order a product of a particular size &
color and then receive a different one with tampered piece. Always on time delivery
and Myntra maintains it’s standard. I love Myntra �

Table 4: Examples of product reviews from the ‘electronics’ and ‘fashion’ domains in the STAR-IL dataset.

model, IndicTrans2 (Gala et al., 2023), and sev-
eral open-weight LLMs. The LLMs are Llama-
3.1-8B and Llama-3.2-3B (Grattafiori et al., 2024),
which include Hindi in their pre-training; Sarvam-
Translate (Sarvam AI Team, 2024) a Gemma3-
4B-IT model (Team et al., 2025) fine-tuned on 23
Indian languages; and Qwen3-8B (Yang et al.,
2025) , which covers all languages in the STAR-IL
dataset.

We tailor our baseline experiments to each
model’s architecture. For IndicTrans2, we perform
direct translation of the English product review into
Indian Languages. On the other hand, we as-
sess the performance of the LLMs, using differ-
ent prompting techniques. In the zero-shot setting
we use a detailed prompt which contains the e-
commerce domain (‘electronics’ or ‘fashion’) and
explicitly instructs the model to preserve the re-
view’s original style (see Prompt Template).

We evaluate the two best-performing LLMs (se-
lected on the basis of higher COMET score) from
our zero-shot experiments using dynamic few-shot
prompting (C et al., 2024). This approach as-
sesses the model’s performance when relevant, in-
context examples are provided in the prompt. For
each source review, we dynamically retrieve se-
mantically similar examples from the training data
using the text embeddings from nomic-embed-text-
v1.5 (Nussbaum et al., 2025). These examples
are then incorporated directly into the prompt after
the instructions (see Prompt Template) to generate
the translation.

Prompt Template

Your task is to translate a {domain_cat}
product review from {source_lang} to
{target_lang} for an e-commerce website.
You are a professional translator who under-
stands casual language and customer senti-
ment.
Key Instructions:

1. Preserve Sentiment: The translation
must accurately reflect the original re-
view’s sentiment (e.g., happy, frustrated,
disappointed).

2. Maintain Tone: Keep the tone infor-
mal and natural, just as a real customer
would write. Translate slang and colloqui-
alisms appropriately.

3. Do Not Translate Entities: Keep brand
names, product model numbers, and
technical specifications in their original
form.

Translate the following review, providing
ONLY the translated text.
### Text:
{source}
Translation:

4.2. Model Finetuning
To evaluate the impact of our training data, we
finetune IndicTrans2 and the two best-performing
baseline LLMs (Llama-3.1-8B and Sarvam-
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Hyperparameter Value

Batch Size 1
Gradient Accumulation Steps 8
Learning Rate 2× 10−5

16-bit Floating Point Precision True
LoRA Rank 16
LoRA Scaling Factor 32
LoRA Dropout 0.05

Table 5: Hyperparameter settings for fine-tuning
Llama-3.1-8B and Sarvam-Translate. IndicTrans2
share the same settings, except LoRA configura-
tion.

Translate) (see Table 8) on the human-annotated
STAR-IL training data.

For the parametrically smaller IndicTrans2
model, we perform full fine-tuning for 5 epochs as
it is computationally viable. The LLMs are fine-
tuned for 3 epochs using Low-Rank Adaptation
(LoRA) (Hu et al., 2021) with the detailed prompt
(see Prompt Template). This technique efficiently
adapts them to the task while preserving their pre-
trained knowledge. All models are finetuned on a
single NVIDIA L40S GPU with 45GB VRAM. The
detailed hyperparameter settings are reported in
Table 5.

5. Results and Analysis

In this section, first, we present a comparative
automatic and human evaluation of the STAR-IL
benchmark against the existing IIT Patna dataset
(Gupta et al., 2021). For automatic evaluation
we employ both lexical-level and semantic-level
metrics. For lexical analysis, we use BLEU (Pa-
pineni et al., 2002) to measure n-gram preci-
sion, CHrF (Popović, 2015) to assess character
n-gram overlap, and TER (Translation Edit Rate)
(Snover et al., 2006) to calculate the edit distance
between the predicted and reference translation.
For semantic-level evaluation, we use COMET
(Rei et al., 2022), which scores translation qual-
ity against both the source and reference, and
BERTScore (F1) (Zhang et al., 2020), which mea-
sures semantic similarity using token embeddings.

5.1. Comparative Analysis

To evaluate our STAR-IL benchmark, we con-
duct both quantitative and qualitative comparisons
against the existing IIT Patna dataset (Gupta et al.,
2021). The IIT Patna dataset contains English-to-
Hindi translated product reviews and is also the
source for the English reviews in the electronics
domain of STAR-IL.

5.1.1. Automatic Evaluation

Model Dataset Metrics

BLEU ↑ CHrF ↑ TER ↓ COMET ↑ BS ↑

IndicTrans2 IIT Patna 16.66 37.22 69.30 77.53 92.47

STAR-IL 25.57 49.92 57.69 85.87 94.64

Llama 3.1 IIT Patna 21.36 48.51 75.11 80.93 93.36

STAR-IL 14.12 36.54 85.05 77.71 92.28

Sarvam IIT Patna 34.16 59.99 57.64 84.81 94.68

STAR-IL 22.06 42.84 66.82 80.89 92.99

Table 6: Zero-shot performance comparison be-
tween the IIT Patna dataset and STAR-IL dataset,
using IndicTrans2, Llama 3.1, and Sarvam, where
BS denotes BERTScore (F1). The best score for
each metric is in bold.

We conduct zero-shot inference for English-
to-Hindi product review translation, using the
three best baseline models (see Section 5.2),
namely, IndicTrans2, Llama-3.1-8B (Llama 3.1),
and Sarvam-Translate (Sarvam). As reported in
Table 6, IndicTrans2, an encoder-decoder model
specifically trained for translation, aligns better
with our colloquial STAR-IL dataset, suggesting
that its focused training helps to capture the stylis-
tic nuances of a product review better. Conversely,
general-purpose LLMs like Llama 3.1 and Sar-
vam (finetuned Gemma3-4B-IT model), which lack
domain-specific training, fail to preserve the origi-
nal review’s style. Hence, their less-colloquial out-
puts align more closely to the translations in the IIT
Patna dataset than to those in STAR-IL.

5.1.2. Human Evaluation

Dataset Accuracy Fluency Style Tone
(Crit. 1) (Crit. 2) (Crit. 3) (Crit. 4)

IIT Patna 7.00 5.67 8.33 6.67
STAR-IL 36.00 36.00 41.67 37.67
Equal 57.00 58.33 50.00 55.67

Table 7: The values represent the percentage of
times annotators preferred translations from the
IIT Patna dataset or the STAR-IL dataset, or rated
them as ‘Equal’, averaged across all criteria, with
STAR-IL’s preferred percentages in bold.

Recognizing that automatic metrics struggle to
capture stylistic nuances (Agrawal et al., 2024), we
conduct a comparative human evaluation. We ran-
domly sample 100 English product reviews and
compare their Hindi translations in STAR-IL bench-
mark against those in the IIT Patna dataset. Three
annotators, who are native speakers of both En-
glish and Hindi, are presented with the source re-
view alongside the two Hindi translations. The or-
der is randomized and the dataset source is hid-
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den to prevent bias. For each pair, annotators se-
lect the superior translation or rate them as ‘Equal’
based on four criteria (detailed in Section 12.2):

• Accuracy (Criterion 1): Faithfulness to the
original meaning and information.

• Fluency (Criterion 2): Grammatical correct-
ness and smooth readability.

• Style (Criterion 3): Colloquial and natural to
a native speaker.

• Tone (Criterion 4): Preservation of the de-
gree of politeness or tone.

We assess the inter-annotator agreement using
Fleiss’ Kappa (Fleiss, 1971). It achieves an av-
erage score of 0.74 (standard deviation = 0.02)
across all criteria, which indicates substantial
agreement among annotators. As reported in Ta-
ble 7, for all the four criteria, the preference of
rating the paired translations as ‘Equal’ is more
than 50%, indicating that our STAR-IL benchmark
maintains the quality comparable to the IIT Patna
dataset, especially for fundamental aspects like
‘Accuracy’ and ‘Fluency’ of a translation. However,
in cases where annotators express a clear pref-
erence, STAR-IL translations consistently outper-
form the translations from the IIT Patna dataset
across all criteria. This is particularly observed in
criteria of Style (Criterion 3) and Tone (Criterion 4),
with preference rates of 41.67% and 37.67% re-
spectively. These results show that the STAR-IL
benchmark effectively captures the colloquial and
stylistic nuances crucial for product review transla-
tion, as compared to the existing IIT Patna dataset.

5.2. Baseline Performance
As discussed in Section 4.1, we perform auto-
matic evaluation of our baseline models, namely,
IndicTrans2, Llama-3.1-8B (Llama 3.1), Llama-3.2-
3B (Llama 3.2), Sarvam-Translate (Sarvam), and
Qwen3-8B (Qwen3) on our STAR-IL benchmark.

As reported in Table 8, for the zero-shot exper-
iment, our results indicate that Sarvam demon-
strates strong instruction-following capabilities for
translation, with Llama 3.1 as the second-best per-
forming LLM (selected based on higher COMET
score). Conversely, Qwen3 and Llama 3.2
achieve relatively low scores across all metrics,
which shows their limited ability to translate prod-
uct reviews from English to the target Indian lan-
guages in the STAR-IL benchmark. For Qwen3,
this failure is explicitly linked to its architecture.
As a Chain-of-Thought (CoT) instruct model, it
structurally overrides the explicit ’translation-only’
instructions in the prompt, resulting in severe
penalties across exact-match metrics. Notably,

Lang. Metrics
BLEU ↑ CHrF ↑ TER ↓ COMET ↑ BS ↑

Ben
Qwen3 0.43 8.85 1152.72 39.44 80.45
Llama 3.2 8.43 38.68 85.53 78.84 90.28
Llama 3.1 12.54 44.04 77.51 84.33 92.62
Sarvam 26.06 58.29 57.95 88.74 93.94

Guj
Qwen3 0.53 7.46 939.00 39.85 80.99
Llama 3.2 4.98 25.32 97.84 71.36 89.21
Llama 3.1 8.19 31.05 88.64 78.26 90.62
Sarvam 29.19 53.16 57.01 89.15 93.79

Hin
Qwen3 0.63 8.02 907.30 35.44 81.17
Llama 3.2 12.09 36.19 79.68 74.41 91.32
Llama 3.1 15.87 40.32 73.47 78.69 92.56
Sarvam 22.31 45.91 62.70 81.52 93.38

Mar
Qwen3 0.40 8.41 1169.36 32.74 80.69
Llama 3.2 3.49 25.86 127.84 55.28 88.40
Llama 3.1 9.89 37.72 91.05 67.68 91.19
Sarvam 23.43 51.39 63.81 78.61 93.46

Urd
Qwen3 0.68 8.08 1112.18 36.11 80.25
Llama 3.2 7.83 33.17 98.05 68.84 89.27
Llama 3.1 14.56 41.03 80.51 77.44 90.99
Sarvam 31.48 56.34 54.82 85.78 93.82

Kan
Qwen3 0.26 8.70 1094.71 40.44 80.86
Llama 3.2 1.93 23.57 97.97 61.45 87.76
Llama 3.1 2.88 26.92 94.54 70.93 90.03
Sarvam 9.33 41.24 82.29 84.50 92.22

Tam
Qwen3 0.08 8.17 1354.77 41.68 79.52
Llama 3.2 0.64 24.70 106.01 63.86 87.10
Llama 3.1 4.64 30.33 89.18 79.05 91.51
Sarvam 3.55 36.77 100.57 85.74 90.78

Tel
Qwen3 0.24 7.73 1055.68 39.45 80.63
Llama 3.2 3.16 27.38 93.18 72.39 89.58
Llama 3.1 4.64 30.33 89.19 79.05 91.51
Sarvam 11.40 44.82 75.53 86.60 93.22

Table 8: Zero-shot baseline performance of LLMs
on the STAR-IL benchmark. Scores are reported
across the eight Indian languages, where BS
denotes BERTScore (F1). The best score for
each metric is in bold and the second-best is
underlined.

IndicTrans2 performs competitively with Sarvam,
achieving similar scores across all metrics (see Ta-
ble 9).

Our analysis reveals two key performance
trends across all models. First, Indo-Aryan
languages consistently outperform Dravidian lan-
guages. This is likely due to better representa-
tion of Indo-Aryan languages in the model’s pre-
training data. Second, as reported in Table 12,
reviews from the ’fashion’ domain consistently
achieve lower TER scores than those from ’elec-
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Lang. Metrics
BLEU ↑ CHrF ↑ TER ↓ COMET ↑ BS ↑

Ben 24.27 54.88 62.38 86.14 93.60
Guj 19.80 43.39 67.29 86.51 92.68
Hin 16.84 38.30 69.87 76.60 92.41
Mar 20.73 47.46 66.00 74.70 92.37
Urd 26.43 50.35 59.90 82.53 93.20
Kan 10.18 42.33 80.90 83.16 92.10
Tam 2.08 29.68 99.46 81.93 89.89
Tel 10.98 40.99 78.22 82.63 92.33

Table 9: Baseline performance of IndicTrans2 on
the STAR-IL benchmark, across eight Indian lan-
guages, where BS denotes BERTScore (F1).

Model Metrics
BLEU ↑ CHrF ↑ TER ↓ COMET ↑ BS ↑

Ben
Sarvam 8.35 32.27 99.24 75.98 90.24
Llama 3.1 14.59 47.05 73.35 85.70 92.90

Guj
Sarvam 10.46 30.82 95.15 80.07 90.64
Llama 3.1 14.39 39.13 76.67 84.77 92.31

Hin
Sarvam 7.68 26.92 93.47 71.59 90.75
Llama 3.1 19.22 43.35 69.67 80.24 93.00

Mar
Sarvam 1.37 12.32 122.13 54.16 87.70
Llama 3.1 13.81 42.35 81.87 70.54 91.65

Urd
Sarvam 13.99 35.79 93.04 78.00 90.04
Llama 3.1 19.37 44.61 72.63 78.75 92.06

Kan
Sarvam 4.16 27.95 102.68 72.80 89.71
Llama 3.1 7.74 34.79 86.51 77.45 91.07

Tam
Sarvam 2.08 27.42 113.31 74.36 87.85
Llama 3.1 2.19 30.47 98.17 81.16 89.88

Tel
Sarvam 3.98 27.58 104.15 73.77 89.76
Llama 3.1 8.75 34.14 82.82 78.35 91.63

Table 10: Few-shot performance of Llama 3.1 and
Sarvam across the eight Indian languages, where
BS denotes BERTScore (F1). The best score for
each metric is in bold.

tronics’ across all languages. This suggests that
models are more prone to failure when translating
’electronics’ reviews, likely due to the high pres-
ence of technical and domain-specific terminology.
In contrast, translations of ’fashion’ reviews exhibit
superior lexical overlap with the ground truth as
they are descriptive in nature and rely on generic
vocabulary, resulting in a higher probability of suc-
cessful word matching, as observed in the exam-
ples in Table 4. Despite these quantitative differ-

Figure 2: Performance improvement (Delta) in
BLEU (x) and COMET (o) scores for three mod-
els across eight Indian languages after finetuning.

ences, a key qualitative finding is that all baseline
models fail to produce translations that are collo-
quial and convey the true intent of the source re-
view.

Next, we analyze in-context learning by apply-
ing few-shot prompting on the two best-performing
LLMs, Llama 3.1 and Sarvam. As shown in
Table 10, providing Llama 3.1 with two dynami-
cally retrieved examples yields significant improve-
ments over its zero-shot baseline, with average
gains of 3.83 points in BLEU and 3.54 points in
COMET across all languages. Being a general-
purpose model, its pattern-recognition abilities al-
low it to adapt to the task better. Conversely, when
Sarvam is provided with one dynamically retrieved
example, its performance drops by an average of
13.08 points in BLEU and 12.49 points in COMET
compared to its zero-shot baseline. Aligning with
recent findings (Chitale et al., 2024; Ponce and
Etchegoyhen, 2025), our results suggest that as
Sarvam is a smaller, multilingual, instruction-tuned
model, its training is too rigid to learn from in-
context example. Instead, it performs better with
instructions alone, as it is fine-tuned specifically to
follow instructions. Given this trade-off, fine-tuning
is clearly required to enhance the model’s perfor-
mance in this domain.

5.3. Performance After Finetuning
Following the methodology in Section 4.2, we
finetune IndicTrans2 and the two best-performing
LLMs Llama-3.1-8B (Llama 3.1) and Sarvam-
Translate (Sarvam), selected based on higher
COMET score among the zero-shot baselines. As
shown in Figure 2, fine-tuning yields significant
performance gains over baselines. The absolute
score difference (delta) is predominantly positive
in BLEU and COMET for the three models, across
all languages. As reported in Table 11, Llama 3.1
improves substantially, with an average increase
of 10 points in BLEU and 0.1 points in COMET
over its baseline, across all languages. Similarly,
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Lang. Model Electronics Fashion
BLEU↑ CHrF↑ TER↓ COMET↑ BS↑ BLEU↑ CHrF↑ TER↓ COMET↑ BS↑

Ben
IndicTrans2 22.40 55.87 61.60 88.97 94.32 21.22 50.73 65.39 83.61 93.30
Llama 3.1 24.09 55.31 62.03 89.23 94.40 26.99 59.96 58.17 88.11 94.35
Sarvam 27.73 58.07 58.83 90.04 94.68 34.55 65.49 49.23 89.72 95.13

Guj
IndicTrans2 26.08 52.10 59.96 89.94 93.96 19.72 43.69 68.69 85.06 93.44
Llama 3.1 27.46 51.95 61.53 91.30 94.20 33.62 58.80 51.75 90.59 95.04
Sarvam 30.16 55.03 55.53 91.98 94.51 40.09 64.06 46.09 91.60 95.72

Hin
IndicTrans2 25.57 49.92 57.69 85.87 94.64 25.98 52.72 58.62 81.34 93.90
Llama 3.1 18.38 48.48 87.65 85.54 94.62 23.91 51.48 60.75 81.52 93.73
Sarvam 27.22 50.77 55.81 86.78 94.87 27.42 53.78 57.09 83.01 94.17

Mar
IndicTrans2 26.77 56.42 60.02 82.24 94.03 28.68 59.56 57.32 75.79 94.26
Llama 3.1 25.98 54.82 59.79 82.64 94.42 25.64 57.00 60.58 76.93 94.44
Sarvam 29.88 57.12 56.09 83.19 94.49 31.51 60.96 54.56 79.50 95.04

Urd
IndicTrans2 29.49 52.91 55.91 85.61 93.55 29.71 56.09 56.43 82.94 93.60
Llama 3.1 25.16 50.63 69.47 86.30 93.51 27.77 55.12 59.29 83.05 93.58
Sarvam 32.27 54.93 52.36 86.38 93.85 33.27 59.41 52.64 85.60 94.35

Kan
IndicTrans2 14.53 45.78 77.15 85.13 92.84 4.27 30.32 88.66 72.18 89.72
Llama 3.1 15.30 46.29 74.92 86.25 93.12 7.26 38.42 85.28 78.93 90.42
Sarvam 17.51 48.47 73.02 86.97 93.13 8.82 41.12 81.52 81.49 91.02

Tam
IndicTrans2 3.76 32.44 94.29 83.84 90.70 2.97 31.13 90.94 79.07 89.22
Llama 3.1 3.15 32.09 98.36 84.48 90.80 6.52 40.57 97.57 85.70 90.04
Sarvam 3.74 32.05 94.57 85.27 90.88 5.99 41.32 94.39 87.81 90.41

Tel
IndicTrans2 14.99 45.41 71.76 86.04 93.28 6.16 32.43 83.94 76.96 90.88
Llama 3.1 12.96 43.84 72.10 86.23 93.40 10.28 45.14 76.95 84.90 92.16
Sarvam 14.53 44.99 71.66 86.82 93.58 10.45 45.63 75.72 85.82 92.41

Table 11: Domainwise performance of finetuned models on the STAR-IL benchmark after finetuning
IndicTrans2, Llama 3.1 and Sarvam. Scores are reported across eight Indian languages (Lang.), where
BS denotes BERTScore (F1). The best score for each metric is in bold and the second-best is underlined.

Sarvam shows considerable gains of 3.61 points
in BLEU and 0.02 points in COMET, while Indic-
Trans2 shows average increase of 3.14 points in
BLEU and 0.02 points in COMET. This improve-
ment is more prominent in the ‘electronics’ domain,
indicating that all the models successfully learn the
relevant domain-specific terminology.

However, IndicTrans2’s performance decreases
in the ‘fashion’ domain for some languages, with a
2.22 points drop in BLEU for Bengali and a 0.02
points drop in COMET for Kannada (Figure 2).
This performance drop is a likely consequence of
the inherent challenges of full-model finetuning,
which is more sensitive to the smaller dataset size
of the ‘fashion’ domain compared to the ‘electron-
ics’.

Another key observation is the limited perfor-
mance gain for Tamil across all three models and
metrics, particularly with only 1.85 points gain in
BLEU. This is mainly due to Tamil’s diglossic na-
ture (Steever, 2019). The models which are pre-
trained on formal, written Tamil register, struggle

to adapt to the colloquial style in our dataset, as it
provides limited data to overcome the strong pre-
training bias. For instance, the English review
“phone display is very nice.” is translated by fine-
tuned IndicTrans2 into a slightly formal review as
“ேபான்டிஸ்ப¥ேலமிகவும்அருைமயாகஉள்-
ளது.” (Pōṉ ṭispiḷē mikavum arumaiyāka uḷḷatu) in-
stead of the preferred vernacular translation in our
STAR-IL dataset as “ேபான் டிஸ்ப¥ேல ெராம்ப
நல்ல இருக்கு” (Pōṉ ṭispiḷē roṁpa nalla irukku).
So, while the model correctly handles domain-
specific terms like “phone display” it is using for-
mal words like “mikavum” (meaning: more) and
“arumaiyāka” (meaning: nice) instead of their spo-
ken equivalents “roṁpa” and “nalla irukku” respec-
tively.

Overall, the results show that STAR-IL is highly
effective for task adaptation, significantly improv-
ing both lexical and semantic metrics.
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6. Conclusion

In this work, we introduce STAR-IL, a novel,
human-annotated parallel corpus for style-aware
product review translation, covering eight English–
Indian Language pairs across the ‘electronics’ and
‘fashion’ e-commerce domains. Our evaluation
confirms that current SOTA models struggle with
the task of translating product reviews, and a
comparative study against the existing dataset by
Gupta et al. (2021) validates that our benchmark
preserves colloquial style and tone. Fine-tuning on
STAR-IL yields significant performance gains over
baselines, with average increase of 5.77 points in
BLEU and 3.78 points in COMET, across all lan-
guages. This demonstrates STAR-IL’s effective-
ness in adapting models for this task. Future work
will focus on expanding the size and domain cov-
erage of STAR-IL, to build more robust English–
Indian language product review translation models.
We believe STAR-IL provides a strong foundation
for future research in UGC translation.

7. Limitations

The STAR-IL dataset is primarily limited by small
number of samples restricted to just two e-
commerce domains. This is a direct consequence
of the substantial cost required for large-scale,
high-quality human translation by professional an-
notators. Synthetic data augmentation through
back-translation is not feasible due to the scarcity
of monolingual corpora for the selected Indian lan-
guages in the domain of product reviews. Despite
its smaller size, we demonstrate the significant
performance gains achievable by models when
trained using high-quality data to adapt to the task
of style-aware translation. Future work will focus
on different methods to expand the data in terms
of size and domain-coverage.

8. Ethical Considerations

We have taken care to address the ethical consid-
erations of this work. The source product reviews
for the STAR-IL dataset are obtained from existing
public corpora, and our usage respects their orig-
inal licensing agreements. All the translation and
annotation tasks were performed by professional
translators who were formally contracted and fairly
compensated for their work.
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12. Appendix

12.1. Domain-wise Baseline
Performance

As discussed in Section 4.1, we evaluate the
domain-specific performance of the baseline mod-
els on the electronics and fashion domains from
the STAR-IL benchmark. The evaluated mod-
els include IndicTrans2, Llama-3.1-8B (Llama 3.1),
Llama-3.2-3B (Llama 3.2), Sarvam-Translate (Sar-
vam), and Qwen3-8B (Qwen).

The detailed results across all lexical and se-
mantic evaluation metrics are presented in Ta-
ble 12.

12.2. Comparative Evaluation
Guidelines

We present the guidelines provided to the annota-
tors for the human evaluation phase discussed in
Section 5.1 below:

Task

For each of the 100 translations from English to
Hindi, you will be presented with three pieces of
text:

• Source Text: The original product review.

• Translation A: The first translated version.

• Translation B: The second translated ver-
sion.

Your task is to compare Translation A and Trans-
lation B and decide which one is better.

How to evaluate?

After reviewing the source and both translations,
please select one of the following three options:

• A” : Translation A is Better: Choose this if
Translation A is clearly superior to B.

• B” : Translation B is Better: Choose this if
Translation B is clearly superior to A.

• “Equal” : They are Equal in Quality:
Choose this if both translations are of roughly
the same quality (whether good or bad).

Evaluation Criteria

What Makes a Translation “Better”?
When comparing the two translations, please base
your decision on the following three criteria, with
special emphasis on Style & Tone.
Criterion 1: Accuracy (Which is more faithful
to the meaning?)

The more accurate translation is the one that is
truer to the source.

• Does the translation preserve all the key in-
formation, facts, opinions from the original re-
view?

Criterion 2: Fluency (Which sounds more nat-
ural?)

• Which one is more grammatically correct and
reads more smoothly in the target language
with respect to the source.

Criterion 3: Style

• The more colloquial translation sounds like
something a native speaker would actually
write. Does the translation use a natural equiv-
alent, or does it produce a literal and awkward
result?

• In which translation are the slang, idioms, and
casual phrases if any, handled better?

Criterion 4: Tone

• Depending on the degree of politeness (tone)
of the source review, does the translation
match same tone?

http://arxiv.org/abs/2505.09388
http://arxiv.org/abs/1904.09675
http://arxiv.org/abs/1904.09675
https://doi.org/10.17632/chr5b94c6y.2
https://doi.org/10.17632/chr5b94c6y.2
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Lang. Model Electronics Fashion
BLEU↑ CHrF↑ TER↓ COMET↑ BS↑ BLEU↑ CHrF↑ TER↓ COMET↑ BS↑

Ben

IndicTrans2 22.47 52.37 65.43 85.98 93.37 29.27 61.80 53.94 86.57 94.24
Qwen 0.23 5.56 3247.09 39.69 79.77 0.88 13.00 455.10 39.16 81.89
Llama 3.2 7.57 35.18 99.19 78.45 89.67 8.41 39.64 81.46 76.61 90.51
Llama 3.1 11.82 42.48 84.99 83.48 92.90 12.52 44.30 75.11 82.60 91.67
Sarvam 19.03 50.28 67.53 86.81 93.15 27.98 60.59 54.75 89.86 94.55

Guj

IndicTrans2 18.13 40.87 69.45 86.50 92.44 24.42 50.36 61.35 86.53 93.36
Qwen 0.31 4.92 2891.91 39.80 80.06 1.02 10.42 360.38 39.55 82.65
Llama 3.2 4.70 24.54 122.97 72.50 89.31 4.41 25.48 89.93 65.63 88.12
Llama 3.1 7.60 30.06 105.69 79.04 90.63 7.63 31.25 83.81 74.50 89.91
Sarvam 23.39 45.37 63.98 88.26 93.29 30.85 55.62 54.83 89.44 94.43

Hin

IndicTrans2 16.23 37.01 70.88 77.34 92.49 18.52 41.85 67.07 74.57 92.20
Qwen 0.29 4.68 2770.41 35.71 80.28 1.41 12.36 347.13 34.85 82.63
Llama 3.2 10.00 32.10 96.50 73.45 90.88 12.23 37.45 74.60 72.86 91.13
Llama 3.1 14.12 36.54 85.05 77.71 92.28 16.07 41.41 70.63 77.29 92.06
Sarvam 22.06 42.84 66.82 80.89 92.99 22.33 46.77 62.03 80.10 93.13

Kan

IndicTrans2 11.35 43.87 79.57 84.92 92.73 6.97 38.10 84.55 78.30 90.37
Qwen 0.20 6.61 3024.87 40.63 80.42 0.36 10.79 436.43 39.92 81.74
Llama 3.2 3.34 25.63 104.80 64.44 88.36 1.37 22.62 95.95 54.23 86.46
Llama 3.1 4.73 32.10 98.91 73.95 90.87 2.06 24.84 93.19 62.78 87.89
Sarvam 11.29 43.25 79.06 86.02 92.80 8.70 40.60 83.34 81.77 90.87

Mar

IndicTrans2 20.62 46.36 66.90 76.18 92.18 21.06 50.50 63.53 70.60 92.91
Qwen 0.23 4.88 3453.38 34.23 79.73 0.76 12.85 454.40 30.00 82.47
Llama 3.2 4.61 24.82 134.70 59.31 88.90 3.05 26.13 125.81 46.42 86.58
Llama 3.1 8.18 33.67 105.38 68.14 91.05 10.45 38.98 86.19 64.62 91.00
Sarvam 20.61 46.86 69.50 77.65 92.68 23.95 52.67 62.57 77.66 94.06

Tam

IndicTrans2 2.38 28.16 97.74 82.86 90.40 1.26 33.87 104.22 79.36 88.49
Qwen 0.03 4.68 3578.78 40.58 78.82 0.18 12.65 547.44 44.34 81.04
Llama 3.2 0.56 19.98 121.99 65.20 87.45 0.65 26.44 99.16 61.32 86.38
Llama 3.1 0.75 24.14 111.73 74.03 89.25 0.82 27.92 97.97 69.79 87.34
Sarvam 5.59 37.01 92.09 86.57 91.59 2.91 37.02 103.56 85.08 89.41

Tel

IndicTrans2 11.80 40.58 78.02 82.74 92.62 8.73 42.22 78.77 82.35 91.54
Qwen 0.17 5.78 3078.85 39.75 80.05 0.36 9.66 413.78 39.10 81.85
Llama 3.2 5.23 28.04 100.60 72.70 89.28 2.34 26.96 91.01 68.37 88.77
Llama 3.1 8.10 34.33 91.51 79.52 91.96 3.37 28.78 88.92 73.27 89.68
Sarvam 13.07 43.23 74.40 85.21 93.26 10.83 45.16 76.10 86.37 92.42

Urd

IndicTrans2 26.38 49.23 60.11 82.94 93.18 26.62 54.05 59.17 81.19 93.27
Qwen 0.35 4.62 3030.70 36.60 79.55 1.61 13.95 394.53 35.97 82.17
Llama 3.2 6.68 30.82 115.38 71.26 89.34 8.23 33.94 91.77 60.15 88.65
Llama 3.1 12.39 36.96 96.13 77.05 90.88 15.32 42.41 74.82 74.53 91.28
Sarvam 31.65 53.37 54.18 85.15 93.69 31.35 57.37 55.05 84.78 93.99

Table 12: Domainwise baseline performance of IndicTrans2, Qwen, Llama 3.2, Llama 3.1 and Sarvam on
the STAR-IL benchmark. Scores are reported across eight Indian languages (Lang.), where BS denotes
BERTScore (F1). The best score for each metric is in bold and the second-best is underlined.
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