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Abstract

Existing translation models are typically
trained on sentence-level and formal text, lim-
iting their ability to capture everyday conver-
sational dialogue phenomena such as informal-
ity, speaker interaction, and discourse coher-
ence. Most existing Indic translation resources
and evaluation benchmarks focus on sentence-
level or formal text, making it difficult to as-
sess translation quality of the dialogue phenom-
ena. In this work, we introduce BaatCheet, a
multilingual dialogue corpus named after the
Hindi term for conversation or chitchat, con-
taining approximately 49,000 dialogues for di-
alogue translation across five translation direc-
tions. We fine-tune five open-source LLMs
across seven training data configurations and
find that fine-tuning yields substantial gains
over zero- and few-shot baselines. To compre-
hensively evaluate dialogue translation quality,
we employ multiple evaluation strategies, in-
cluding automatic metrics, LLM-as-judge, and
human assessments using an SQM-guided Di-
rect Assessment (DA) Protocol. The dataset is
available here'.

1 Introduction

Dialogue is a fundamental mode of human commu-
nication through which individuals express emo-
tions, intentions, and maintain social relation-
ships (Gumperz, 1982; Halliday, 1987). In the
sociolinguistic context of the Indian subcontinent,
these interactions are predominantly multi-turn and
informal, often involving dynamic code-mixing
between regional and global languages. Such di-
alogues diverge from formal written text, which
exhibits fragmented syntax, elliptical structures,
and heavy use of colloquial expressions that reflect
the spontaneity of natural speech. With the growing
need for cross-lingual communication in multilin-
gual societies like India, machine translation (MT)
*Authors contributed equally.

"https://huggingface.co/datasets/Himang Y/BaatCheet-
Corpus
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Figure 1: Highlighting Linguistic phenomena in informal
Telugu dialogue. Dashed boxes highlight examples of pro-
drop, ellipses, and register-specific informal expressions in a
sample conversation.

has become pivotal in bridging language barriers.
Most existing MT systems are primarily trained
on formal, sentence-level parallel corpora derived
from news and governance domains (Koehn, 2005;
Mujadia and Sharma, 2025). Such systems of-
ten struggle to preserve the pragmatic and contex-
tual nuances inherent in natural conversation (Sung
et al., 2024) and this gap persists even for LLM-
based translation systems (Choudhary et al., 2025),
a trend our own baseline evaluation reaffirms for
informal Indic dialogue (§3.2).

To illustrate these challenges, we present a sam-
ple dialogue in Telugu, a major Dravidian lan-
guage?, in Figure 1. Unlike the formal datasets
commonly used in MT research, this spontaneous
conversation is replete with code-mix, pro-drop
(where both subjects and objects are null) and con-
textual ellipsis, where utterances like ‘No’ (I€du)
and ‘Then day after?” (ayité ellundi?) carry a

>Throughout this paper we use Indic as an umbrella term
for the languages of the Indian subcontinent covered in our
corpus, spanning both the Indo-Aryan (e.g., Hindi, Gujarati)

and Dravidian (e.g., Tamil, Telugu) language families; we use
Dravidian specifically when referring to that family.
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high semantic load that is only recoverable through
multi-turn reasoning.

For example, a major challenge in dialogue
translation is the encoding of social relationships
through honorific pronouns. Unlike English, which
uses a single second-person pronoun you across all
social contexts, Indian languages grammaticalize
social distance and respect, directly distinguishing
formal and informal pronouns. These distinctions
carry pragmatic weight that MT systems routinely
collapse (Hingrajiya et al., 2026). This limitation
is highly consequential in high-stakes applications
(e.g., healthcare, customer support, and travel as-
sistance), where misinterpreting register or speaker
intent can degrade communication. To evaluate
these phenomena, sentence-level parallel test sets
exist for Indic languages (Team et al., 2022), but
no dialogue-level test set is available for evaluating
informal dialogue translation.

We address this gap by introducing BaatCheet,
named after the Hindi term for conversation
or chitchat, a multilingual corpus for informal
dialogue translation spanning English, Hindi,
Tamil, and Telugu. It is built from com-
bining existing dialogue resources and syn-
thetically generated dialogues, as illustrated in
Figure 2. The dataset consists of two pri-
mary components: (i) BaatCheet_Gold, contain-
ing gold-standard human translations split into
BaatCheet Human_Train and a BaatCheet_Test;
and (ii) BaatCheet_Synthetic, comprising two
training subsets: BaatCheet_Syn_X2IL- a set
whose monolingual dialogue data was collected
and created in source languages and translated into
target languages and BaatCheet_Syn_IL2X whose
monolingual dialogue data was collected and cre-
ated in target languages and those were translated
into source languages and column swapped to make
it source to target parallel data for fine-tuning pur-
pose.

Using this corpus, we fine-tune five open-source
LLMs across seven training data configurations
spanning synthetic-only, human-only, and hybrid
compositions to study how data provenance, scale,
and quality interact with model capacity. To eval-
uate translation quality beyond automatic metrics,
we conduct human and LLM-as-a-judge evalua-
tions using the SQM-guided DA framework (Bojar
et al., 2017; Perrella et al., 2024).

The primary contributions of this work are as
follows:

1. BaatCheet: A multilingual dialogue corpus for
English — {Hindi, Telugu, Tamil} and Hindi —
{Telugu, Tamil} featuring human translations
and synthetically generated dialogues.

2. BaatCheet_Gold: A curated gold-standard test-
set for evaluating informal dialogue machine
translation in Indic languages.

3. A structured data creation pipeline employing
automatic metric-guided quality selection for
high-quality synthetic training corpus curation.

4. A fine-tuning study of five open-source LLMs
across multiple data configurations, tailored for
informal dialogue translation.

5. A large-scale human and LLM-as-judge evalu-
ation using SQM-guided DA establishing the
reliability of automatic and LLM-based assess-
ment for this task.

Specifically, our work addresses the following
key research questions:

* RQ1: How well do existing open-source LLMs,
dedicated MT systems, and proprietary LLMs
translate informal dialogues into Indic lan-
guages?

* RQ2: How do the two synthetic data axes,
BaatCheet_Syn_X2IL and BaatCheet_Syn_IL2X,
differ in their effect on fine-tuned dialogue trans-
lation quality?

¢ RQ3: How well do automatic metrics, and LLM-
based judges agree with human assessment of
informal dialogue translation?

2 Related work

Early research on document and dialogue-level ma-
chine translation focused on incorporating broader
discourse history to improve translation coher-
ence (Maruf et al., 2021). Traditional approaches
leveraged source and target-side conversational his-
tory to model multi-speaker dynamics (Maruf et al.,
2018), or integrated extra-textual speaker iden-
tity cues to improve personalized translation (Vin-
cent, 2021). The emergence of multilingual Large
Language Models (LLMs) has further advanced
this domain by enabling zero-shot context han-
dling (Zhang et al., 2023) and generating high-
quality synthetic parallel text to address low-
resource gaps (Jiao et al., 2023).

Another line of work focuses on constructing di-
alogue datasets to support conversational machine
translation research. The DailyDialog dataset (Li
et al., 2017) provides a widely used multi-turn con-
versational dataset containing human-written ev-
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Figure 2: A flowchart of the BaatCheet Corpora preparation process for training and evaluation. The Metric-based methodology

for selecting high-quality synthetic is detailed in Section 3.3.

eryday dialogues. Subtitle-based resources such as
OpenSubtitles (Lison and Tiedemann, 2016) have
also been used extensively for training conversa-
tional translation systems. (Wang et al., 2016) pro-
posed methods to automatically construct paral-
lel dialogue corpora by aligning subtitle data with
monolingual scripts while preserving speaker and
discourse information. More recently, (Majewska
et al., 2023) introduced an outline-based approach
for generating multilingual dialogue datasets, while
(Bawden et al., 2021) developed the DiaBLa En-
glish—French corpus of informal written dialogues
specifically designed, for evaluating context-aware
machine translation systems. Additionally, IndicDi-
alogue (Arnob et al., 2024) provides subtitle-based
dialogue corpora across multiple Indic languages.

For Indic languages, benchmarks like FLORES-
200 (Team et al., 2022) and the conversational sub-
set IN22-Conv (Gala et al., 2023) evaluate transla-
tion across standard formal registers.

However, many of these datasets focus pri-
marily on sentence-level translation or subtitle-
style dialogues and often lack the informal con-
versational structures, and code-mixed character-
istics that are common in real-world multilingual
conversations across Indian languages. Standard
reference-based metrics like BLEU and sentence-
level COMET (Rei et al., 2022) often fail to capture
dialogue-level coherence and register fidelity. Re-
cent advances introduce context-aware metrics like
DOC-COMET (Vernikos et al., 2022) alongside
LLM-as-a-Judge frameworks for qualitative assess-
ment (Zheng et al., 2023).

3 Building BaatCheet Corpora

BaatCheet Corpora is a multilingual dialogue
corpus spanning English, Hindi, Tamil, and Tel-
ugu, designed to support training and evalua-
tion of LLMs and MT systems for informal di-
alogue. In total, the corpus comprises approx-

imately 49,000 dialogues, 383,000 utterances,
and 690,500 sentences, organized into two ma-
jor components: (i) BaatCheet_Synthetic, a large-
scale machine-translated corpus subdivided into
BaatCheet_Syn_X2IL and BaatCheet_Syn_IL2X;
and (ii) BaatCheet_Gold, a human-translated
set subdivided into BaatCheet Human_Train and
BaatCheet_Test.

Data Sources. The corpus draws on three cate-
gories of dialogue sources spanning all four lan-
guages: (i) Natural English Dialogues: Dai-
lyTalk (Lee et al., 2022), and MuTual (Cui et al.,
2020) are human-authored two-speaker daily con-
versational corpora. (ii) Generated English Di-
alogues: News-Eng*®, informal dialogues gener-
ated using GPT-40-mini from English news arti-
cles. (iii) Generated IL Dialogues: Hinglish-
Chat (Khatri, 2024), an existing LLM-generated di-
alogue dataset subsequently refined via prompting
to reduce robotic phrasing and improve conversa-
tional fluency; and News-Hin*, dialogues generated
from Hindi news articles, News-Tam*, News-Tel*
and Story-Tam*, Story-Tel* dialogues generated
from Tamil and Telugu news articles and short sto-
ries, respectively. A full description of each data
source, including generation prompts and language
coverage, is provided in Table 5 (Appendix C).

Human Validation of Generated Dialogues.
Large Language Models often generate syntheti-
cally fluent text that may suffer from contextual
pronoun mismatches, rigid/overly formal phras-
ing, or awkward code-mixing. To address this,
native speakers validated and edited a small sam-
ple of LLM-generated dialogues, which comprise
both BaatCheet_Gold source dialogues (Eng-src:
News-Eng and Hin-src: Hinglish, News-Hin) and
other generated dialogue sources across all lan-

3All * datasources are generated dialogues with GPT-4o-
mini
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guages. Across 344 dialogues containing 4,487
turns, 71.80% of dialogues required at least one
human intervention, with 37.24% of overall indi-
vidual turns modified. Table 6 (Appendix C.1)
detailed analysis along with TER and CER.

3.1 BaatCheet_Gold

Dialogue Sampling. For English source dia-
logues, we stratify a sample 90 dialogues each from
DailyTalk, MuTual, and News-Eng*. For Hindi, 90
dialogues each are sampled from Hinglish-Chat
and News-Hin*. From each source, dialogues
are partitioned into BaatCheet_Human_Train and
BaatCheet_Test.

1. BaatCheet_Human_Train: Used both as the
reference set for Automatic metric-guided qual-
ity selection to identify the highest-quality trans-
lations for curating the synthetic training corpus,
i.e., BaatCheet_Synthetic (detailed in section
3.3), and as gold training data for fine-tuning
our selected translation models.

2. BaatCheet_Test: Reserved exclusively as a held-
out evaluation set for all translation experiments.

These validated BaatCheet_Gold source dia-
logues are human-translated by our inhouse trans-
lators. Translation guidelines, quality review pro-
cesses, and detailed source validation metrics are
described in Appendix C.4.

3.2 Baselines Evaluation on
BaatCheet_ Human_Train

With  our  established  human-translated
BaatCheet_Human_Train reference set, we
conduct a systematic evaluation of existing MT
systems and open-source and proprietary LL.Ms
on informal Indic dialogue translation across our
target directions (Eng — IL and Hin — IL). This
evaluation serves a dual purpose: to test current
models’ capability on informal dialogue, and to
identify which systems produce translations of
sufficient quality to serve as candidate MT engines
for large-scale synthetic data generation.

We evaluate nine systems on
BaatCheet_Human_Train using reference-
based COMET and reference-free COMET-QE
across three categories: (i) five open-source LLMs
(Llama-3.1-8B-Instruct* (Meta, 2024), Llama-3.2-

“https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

3B-Instruct’, Qwen3-4B-Instruct® (Team, 2025),
Gemma3-4B-IT’ (Team et al., 2025), and Sarvam-
Translate 3.); (ii) three dedicated MT systems
(Google Translate (GMT)?, IndicTrans2 (Gala
et al., 2023), and BhashaVerse(Mujadia and
Sharma, 2025) '°); and (iii) one proprietary LLM
(GPT-40-mini (Jiao et al., 2023)).

Figure 3 reports scores across all five language
directions. The three dedicated MT systems along-
side GPT-40-mini consistently outperform among
all models under both metrics (ref-based avg.
0.803—0.848; ref-free avg. 0.823-0.857). Among
open-sourced LLMs, Gemma3-4B and Sarvam-
Translate are the strongest, while Qwen3-4B and
Llama-3.2-3B score lowest (avg. below 0.54 and
0.59 respectively). These results reveal a clear qual-
ity gap between established MT systems and open-
source LL.Ms for informal Indic dialogue trans-
lation, motivating our approach of using the four
top-performing systems to generate large-scale syn-
thetic training data, and subsequently fine-tuning
the five open-source LLMs on this curated corpus
to evaluate whether the gap can be closed.

3.3 BaatCheet_Synthetic Curation Pipeline

Synthetic Dialogue Sources. To enrich training
data diversity and mitigate MT-bias on the Indic
target side, we curate synthetic dialogues along two
translation axes, as illustrated in Figure 2.

1. Syn_X2IL: Comprises English source dia-
logues DailyTalk, MuTual) and News-Eng*
machine-translated into Hindi, Tamil, and Tel-
ugu; and Hindi source dialogues Hinglish-Chat,
News-Hin* are machine-translated into Tamil
and Telugu.

2. Syn_IL2X: Comprises Tamil dialogues (News-
Tam*, Story-Tam*) and Telugu dialogues (News-
Tel*, Story-Tel*), machine-translated into En-
glish and Hindi; and Hindi dialogues (Hinglish-
Chat, News-Hin*) machine-translated into En-
glish. All resulting pairs are column-swapped
to align with our target language pair direction
X—IL (English, Hindi to IL) training direc-
tion while fine-tuning our selected open-sourced
LLMs, ensuring that the Indic target side in

Shttps://huggingface.co/meta-llama/Llama-3.2-3B-
Instruct
®https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
"https://huggingface.co/google/gemma-3-4b-it
8https://huggingface.co/sarvamai/sarvam-translate
9https ://translate.google.co.in/?sl=auto&tl=
en&op=translate
Ohttps://ssmt.iiit.ac.in/translatev3
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Figure 3: Baseline performance comparison across nine candidate systems on BaatCheet_Human_Train using
(a)reference-based COMET and (b)reference-free COMET-QE. Dedicated MT systems (GMT, IndicTrans2, Bhasha-
Verse) and GPT-40-mini consistently outperform open-source LLMs across all language directions.

Syn_IL2X comprises dialogues generated na-
tively in Indic style, preserving informal dia-
logue characteristics rather than just MT-biased
output.

Selecting Candidate MT Systems. Based on our
baseline evaluation on BaatCheet_Human_Train
(Section 3.2, Figure 3), the four top-performing
systems, Google Translate (GMT), GPT-40-mini,
IndicTrans2, and BhashaVerse are selected as can-
didate MT outputs.

Each system independently translates all
BaatCheet_Human_Train dialogues, producing
four parallel candidate translations per source
utterance across both directions, forming Hu-
man_Train_X2IL and Human_Train_IL2X candi-
date sets. Language-pair disaggregated COMET
scores of all four MT engines on these candidate
sets are provided in Appendix D.1.

Automatic Metric Guided Quality Selec-
tion. We apply utterance-level reference-based
(COMET) and reference-free (COMET-QE)
scoring on Human_Train_X2IL. and Hu-
man_Train_IL2X candidate sets to select the
highest-quality translation per utterance from
the four candidates, comparing two selection
strategies:

1. Utt-Avg (Utterance-Average): Selects the sin-
gle MT system that achieves the highest average
utterance score across an entire dialogue.

2. Un-High (Utterance-Highest): Selects the
highest-scoring candidate translation indepen-
dently for every individual utterance within a
dialogue.

Analysis of MT candidate selection counts (Ap-
pendix D.2) reveals that GMT and GPT-40-mini
are the most frequently selected engines under both
strategies across all language directions.

Validation of Selection Strategies and Hu-
man Alignment. To determine which filter-
ing strategy yields higher-quality translations
on BaatCheet Human_Train candidates, we
compare Utt-Avg and Utt-High using DOC-
COMET (Vernikos et al., 2022) and COM-
TAIL (Ahsan et al., 2025), plus a human binary
preference study on 510 dialogues (255 per direc-
tion, X2IL and IL2X), where annotators chose be-
tween COMET-QE-curated Utt-Avg and Utt-High
outputs. Both automatic metrics consistently fa-
vor Utt-High (Appendix D.3), while humans pre-
ferred Utt-Avg in 58% of dialogues (304/510) ver-
sus 42% for Utt-High. This divergence is smaller
than it appears: in over 90% of dialogues, a sin-
gle MT system contributes most utterances, so the
two strategies select highly similar data. For ex-
ample, in a 13-utterance dialogue (Appendix D.4),
Utt-High independently picks GMT for 8 turns,
and GMT is also the top engine under Utt-Avg’s
dialogue-level average (0.8697). The two strate-
gies converge on the same dominant engine even
though candidate scoring is done turn-by-turn ver-
sus dialogue-wide. Disagreement concentrates in
the remaining ~10%, where a dialogue-level av-
erage can be inflated by a few strong utterances
that mask weaker ones (Appendix D.4). Since
our downstream goal is SFT data where turn-level
accuracy directly shapes model output, we prior-
itize Utt-High’s guaranteed per-utterance quality
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BaatCheet Corpus #Dialogues #Utterances #Sentences A‘fe]zlg Avg Utt Len  Avg Sent Len
Sre Tgt Src Tgt Src Tgt
BaatCheet_Syn_X2IL 42,148 301,278 533,102 533,494 8.8 148 11.8 87 6.9
BaatCheet_Syn_IL2X 6,096 73,666 135,894 136,616 12.3 146 11.8 84 6.9
BaatCheet_Human_Train 510 8,405 16,455 16,077 17.3 176 14.1 9.1 7.5
BaatCheet_Test 658 8,904 16,813 16,518 13.7 169 141 89 7.5
TOTAL 49,412 392,253 702,264 702,705 13.0 16.0 13.0 8.8 7.2

Table 1: Overall statistics of the BaatCheet corpus across 4 splits.

floor over Utt-Avg’s holistic stylistic consistency.
We therefore adopt Utt-High for selecting the best-
scoring translation at each turn via COMET-QE to
construct BaatCheet_Synthetic.

BaatCheet Corpus Overview. Based on these
findings, we curate the final BaatCheet_Synthetic
dataset using reference-free COMET-QE under the
Utt-High strategy. Table 1 summarizes BaatCheet
across its four splits, comprising 49,412 dialogues,
392,253 utterances, and ~702k sentences. Large-
scale synthetic data includes Syn_X2IL (42.1k di-
alogues) and Syn_IL2X (6.1k dialogues) with na-
tive Indic targets to reduce MT bias for our target
direction X — IL fine-tuning of models. Human-
translated dialogue splits contain 510 dialogues
in Human_Train and 658 held-out dialogues in
BaatCheet_Test. Full breakdown appears in Ta-
ble 7, Appendix C.2.

Linguistics Properties. Automatic language-ID
tagging (Madhani et al., 2023) measures an average
code-mixing rate of ~20% across language pairs,
although this is likely an underestimate because it
relies on Roman-script detection and misses the
pervasive practice of transliterating English words
into native Indic scripts. The corpus also preserves
pro-drop (null subjects/objects) and syntactic ellip-
sis, especially Tamil and Telugu permit subjects
and objects to be omitted when recoverable from
the discourse context, as illustrated in Figure 1.
The translation challenge is not pro-drop itself,
but correctly recovering omitted arguments when
the target language requires explicit realization.
Statistically evaluating this recovery is, however,
not straightforward, as the Auto Pronoun Transla-
tion metric (APT (Miculicich Werlen and Popescu-
Belis, 2017)) is designed for pro-drop-scarce Euro-
pean languages and is unreliable in conversational
Indic settings where omission is grammatical rather
than exceptional(Hingrajiya et al., 2026).

4 BaatCheet Experimental Setup

We select a structurally diverse suite of decoder-
only instruction-tuned models: Llama-3.1-8B-
Instruct (Meta, 2024), Llama-3.2-3B-Instruct,
Owen3-4B-Instruct (Team, 2025), Gemma3-4B-
IT (Team et al., 2025), and Sarvam-Translate '!.
These models are chosen for their pre-training ex-
posure to Indic languages, multilingual baselines,
and optimized tokenizers for low-resource scripts.
To establish strong baselines for comparing zero-
shot and few-shot translation performance against
supervised fine-tuning, we evaluate all models on
BaatCheet_Test under two settings:

e Zero-Shot Baseline: Models translate dialogue
prompts directly without in-context examples.

* Few-Shot Baseline: Implemented an adap-
tive retrieval strategy to dynamically select the
most contextually relevant in-context examples.
Specifically, we generate dense embeddings for
all dialogues in the Human_Train set using the
all-MinilLM-L6-v2 model, which are indexed
using FAISS. For each test dialogue, we retrieve
the top-k£ mathematically closest context exam-
ples.

Fine-Tuning Setup. Models are loaded in 4-bit
NormalFloat (NF4) quantized format using bit-
sandbytes (Dettmers et al., 2022) and trained us-
ing bfloat16 precision for numerical stability. The
absolute context length is constrained to 4096 to-
kens. To prevent truncation of long, multi-turn
dialogue contexts, we implement a length-aware
chunking protocol: dialogues exceeding the maxi-
mum token budget are segmented into contiguous
sub-dialogues, with each segment prefixed by a
custom control token, <splitted_dialogue>, to
preserve contextual and structural continuity. This
chunking mechanism is applied identically during
both training and inference. The training prompt
template is shown in Appendix section E.2.

sarvamai/sarvam-translate
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Baselines Synthetic-Only Human-Only Dual-Hybrid Multi-Hybrid
Model Zero-Shot Few-Shot Syn_X2IL Syn_IL2X HT Syn_X2IL+HT Syn_IL2X+HT Syn_Both+HT Syn_Both+3xHT
(a) COMET (Reference-Based)
Gemma3-4B 0.5024 0.6410 0.8076 0.7095 0.8324 0.8192 0.8223 0.7397 0.6087
Llama-3.2-3B 0.5317 0.5864 0.7802 0.7279 0.7139 0.7410 0.7076 0.7647 0.7271
Llama-3.1-8B  0.7113 0.6882 0.8023 0.7418 0.7871 0.7197 0.7210 0.7930 0.8461
Qwen3-4B 0.6797 0.6601 0.8373 0.7372 0.7959 0.8063 0.7370 0.7695 0.8288
Sarvam-T 0.6168 0.4859 0.8149 0.8057 0.8320 0.8573 0.8499 0.8471 0.8411
(b) DOC-COMET (Reference-Based)
Gemma3-4B 0.4145 0.3755 0.7513 0.6342 0.7768 0.7673 0.7704 0.6666 0.5771
Llama-3.2-3B  0.5684 0.5152 0.6467 0.6113 0.6085 0.6418 0.6104 0.6622 0.6585
Llama-3.1-8B  0.6485 0.6067 0.6899 0.6418 0.7459 0.6265 0.6324 0.6799 0.7926
Qwen3-4B 0.6008 0.5819 0.7846 0.6337 0.7408 0.7488 0.6716 0.7097 0.7843
Sarvam-T 0.4954 0.3491 0.7604 0.7608 0.8023 0.8043 0.8043 0.7916 0.7955
(c) COMTAIL (Reference-Based)
Gemma3-4B 0.2556 0.4791 0.7017 0.5655 0.7244 0.7007 0.6986 0.6011 0.4552
Llama-3.2-3B  0.3615 0.4169 0.6813 0.5835 0.5722 0.5999 0.5608 0.6596 0.6037
Llama-3.1-8B  0.5230 0.5489 0.7072 0.5918 0.6481 0.5711 0.5704 0.6945 0.7563
Qwen3-4B 0.5648 0.5309 0.7506 0.5904 0.6719 0.6810 0.5956 0.6764 0.7372
Sarvam-T 0.4723 0.3126 0.7202 0.6896 0.7328 0.7554 0.7443 0.7660 0.7582

Table 2: Performance comparison of five open-source LLMs across fine-tuning configurations on BaatCheet_Test, evaluated
using (a) COMET DA, (b) DOC-COMET, and (c) COMTAIL DA. Syn_Both denotes Syn_[X2IL+IL2X] and HT denotes
Human_Train. Bold values indicate the best-performing data configuration for each respective model.

Parameter-Efficient Fine-tuning. We employ
Parameter-Efficient Fine-Tuning (PEFT) leverag-
ing QLoRA combined with Rank-Stabilized LoRA
(rsLoRA) (Kalajdzievski, 2023). Specifically,
rsLoRA enhances training stability across linguis-
tically distinct target vocabularies by scaling the
adapter updates with a factor proportional to o/+/r
(where r denotes the LoRA rank and « is the scal-
ing factor), rather than the traditional «/r scaling.
LoRA adapter weights, particularly matrix A is
Gaussian-initialized to encourage diverse feature
representations and matrix B is initialized to zeros.
The complete set of training hyperparameters is
detailed Table 13 in the Appendix.

4.1 Training Data Configurations

To systematically investigate the effect of dataset
composition on informal dialogue translation qual-
ity, we define seven configurations spanning five
categories:

1. Baselines: The zero-shot and few-shot baseline
performance of each model.

2. Synthetic-Only: Fine-tuning exclusively on
each synthetic split (Synt_X2IL vs. Synt_IL2X)
in isolation, to evaluate whether training on
target-side machine translations (Synt_X2IL)
versus column-swapped native Indic target text
(Synt_IL2X) more effectively boosts fine-tuned
translation performance.

3. Human-Only: Fine-tuning strictly on gold stan-
dard translation set- Human_Train.

4. Dual-Hybrid: Blending a single synthetic dia-
logue set with human gold standard - Syn_X2IL
+HT and Syn_IL2X +HT to evaluate the com-
plementary gain from combining machine-
translated scale with human-translated dia-
logues.

5. Multi-Hybrid: Blending all synthetic dialogue
sets - Syn_X2IL and Syn_IL2X with human
translation sets at two scaling ratios: Syn_Both
+HT and Syn_Both + 3xHT to assess whether
increasing the proportion of human-translated
data further improves translation quality at
scale.

5 Results and Discussion

We evaluate five fine-tuned LLMs across all dataset
configurations on BaatCheet_Test using three auto-
matic metrics (Table 2). Detailed results across all
five LLMs on all configurations are provided in the
Appendix Section E.3.

5.1

COMET (Rei et al., 2022) scores are consis-
tently the highest across all configurations (rang-
ing 0.49-0.86). Being a sentence-level metric,
COMET rewards local lexical and semantic ad-
equacy per utterance independently, without mod-
elling cross-turn discourse coherence.

Metric Behaviour.

DOC-COMET (Vernikos et al., 2022) scores
are systematically lower (0.35-0.79), as it incorpo-
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rates up to three preceding utterances as additional
context signal. While this enables coarse dialogue-
level coherence scoring, its limited context window
is insufficient to capture long-range dependencies
in multi-turn conversations. Consequently, trans-
lations that are locally fluent but contextually in-
coherent are penalized, resulting in lower overall
scores compared to sentence-level COMET.

COMTAIL (Ahsan et al., 2025) produces the
lowest scores overall (0.25-0.77). As an Indic- spe-
cialized metric, COMTAIL may be more sensitive
to Indic language-specific imperfections in lexical
choice, morphology, and domain register. How-
ever, since COMTALIL is primarily fine-tuned on
formal sentence-level parallel data, it may lack cal-
ibration for informal dialogue registers, resulting
in conservatively lower scores.

5.2 Training Data Configuration Observations

Baselines. Few-shot performance is consistently
lower than zero-shot for most models (e.g., Sarvam-
T:0.6168 — 0.4859 COMET; Gemma: 0.4145 —
0.3755 DOC-COMET). We attribute this to two
compounding issues: (i) retrieved in-context exam-
ples from BaatCheet_Human_Train may not align
well in topic or register with test dialogues, intro-
ducing distributional noise into the prompt; and (ii)
multi-turn dialogue examples significantly expand
input length, leading to context window saturation
and truncation of earlier dialogue history, forcing
the model to translate with incomplete context.

Synthetic-Only. Fine-tuning on Syn_X2IL con-
sistently outperforms Syn_IL2X across all models
and metrics. In Syn_X2IL, the source side largely
comprises naturally occurring dialogues (DailyTalk,
MuTual, Hinglish-Chat) with machine-translated
Indic targets (Section 3.3). In contrast, Syn_IL2X
is entirely synthetic on both sides: its source (En-
glish/Hindi) is machine-translated output, while its
Indic targets are GPT-4o-mini-generated dialogues
which, despite being prompted for informal code-
mixed style, lack the naturalistic register variation
inherent in human-produced dialogues. Combined
with its substantially smaller scale (6.1k vs. 42.1k
dialogues), this fully synthetic construction lim-
its the quality and diversity of the SFT signal in
Syn_IL2X.

Human-Only. Despite comprising only 510 di-
alogues, BaatCheet_Human_Train alone achieves
the highest COMET score for Gemma3-4B (0.832)

and competitive results for Sarvam (0.832). Models
with strong multilingual pre-training appear capa-
ble of efficiently leveraging small but high-quality
human-translated corpora.

Dual-Hybrid. Syn_X2IL + Human_Train yields
peak performance for three of five models: Llama-
3.2-3B (0.765 COMET), Sarvam (0.857), and
QOwen (0.806). Syn_IL2X + Human_Train, by con-
trast, consistently underperforms its counterpart
across all models. Beyond the fully synthetic na-
ture of Syn_IL.2X, its substantially smaller volume
fails to add meaningful linguistic diversity to Hu-
man_Train during SFT.

Multi-Hybrid. Syn_Both + 3 x Human_Train
delivers peak scores for Llama-3.1-8B (COMET:
0.846, DOC-COMET: 0.793, COMTAIL: 0.756)
and strong gains for Qwen3-4B (COMET: 0.829
vs. 0.770 with 1 x Human_Train). However,
Syn_Both + 1 x Human_Train noticeably under-
performs noticeably hurts these models relative to
their Syn_X2IL + Human_Train dual-hybrid per-
formance in Gemma, which we attribute to a gold
dilution effect: the ~48k combined synthetic vol-
ume overwhelms the 510-dialogue Human_Train
set, exposing the model disproportionately to nois-
ier synthetic signal. Tripling Human_Train (3x)
restores the quality-to-volume ratio, providing suffi-
cient human-translated exposure for larger-capacity
models to calibrate towards authentic informal dia-
logue quality.

Average Performance Comparison of Fine-Tt d Data Configurations
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Figure 4: Average translation performance (mean score
across all five fine-tuned models and three evaluation metrics:
COMET, DOC-COMET, and COMTAIL) for each fine-tuned
training configuration.

5.3 Comparative Analysis of Training Data
Configurations

To determine which data composition strategy most
effectively boosts model performance, Figure 4
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GPT Judge

Gemini Judge Human Judge

Utt-Level| Dia-Level Factors Utt-Level| Dia-Level Factors Utt-Level| Dia-Level Factors

Model Configuration Acc | Nat Inf Coh Acc | Nat Inf Coh Acc | Nat Inf Coh
Gemma Syn_X2IL+HT 48.58 4279 48.82 46.66 4794 |4595 48.86 47.69 4998 |[46.45 49.63 47.46
Human_Train 50.31 [48.99 50.52 50.92 50.54 |51.62 5225 52.79 51.52 |50.20 50.15 50.67
Llama-3B SYn_X2IL+HT 43.14 | 39.55 46.76 37.47 4131 |37.49 41.81 37.13 4322 |43.11 49.23 4231
Syn_X2IL 4441 |43.64 41.54 39.82 4396 |41.95 40.78 40.50 4335 |44.88 46.25 4391
Llama-SB Syn_Both+3xHT  52.73 |5593 5135 5541 53.00 |5545 52.62 5523 5248 |[53.61 50.03 53.67
Human_Train 4776 |45.09 51.38 48.44  46.52 |44.45 51.20 4558 48.84 |46.03 51.67 47.01
Qwen Syn_Both+3xHT  50.68 |52.59 48.68 52.73 5147 |52.06 49.86 52.06 51.42 |[51.05 48.32 51.25
Syn_X2IL 51.86 [52.61 47.80 52.66 51.73 |52.46 49.93 52.60 5192 |51.30 48.50 51.56
Sarvam-T Syn_X2IL+HT 5399 |[58.28 55.64 57.30 54.86 |58.18 56.38 57.55 5476 |55.38 52.90 55.32
Human_Train 54.76 | 60.55 57.62 58.66 56.18 |60.59 57.32 59.20 55.53 |58.04 53.92 57.18

Table 3: Qualitative SQM-DA evaluation scores (z-score normalized and scaled) disaggregated by Utterance-Level Accuracy
(Utt-level) and Dialogue-Level Factors (Dia-level): Naturalness (Nat), Informality (Inf), and Cohesion & Coherence (Coh).
Evaluated across top-two data configurations per model by GPT-40-mini, Gemini-Flash-Lite-preview, and Human Judges.
Syn_Both denotes Syn_[X2IL+IL2X]. Bold text indicates the higher score per model setup.

compares the mean scores across all fine-tuning
configurations (averaged across all models and
evaluation metrics). Among all configurations,
Synt_X2IL achieves the highest overall average
score (0.7491), closely followed by the human-only
baseline Gold (0.7323). Conversely, Synt_IL2X
in isolation yields the lowest overall performance
(0.6683), and incorporating it into hybrid setups
consistently degrades overall translation quality
compared to Synt_X2IL alone. Crucially, the re-
sponsiveness of each model to these data configura-
tions is strongly governed by base architectural fac-
tors like model parameter capacity and pre-trained
Indic linguistic knowledge.

5.4 Limitations of Automatic Metrics

While automatic metrics confirm substantial and
consistent gains from our curated corpus, they do
not fully capture pragmatic dimensions critical to
informal dialogue translation, including honorific
pronoun usage, pro-drop nature, and code-mixed
naturalness.

6 LLM-as-Judge and Human Assessment

We conduct a qualitative evaluation using both hu-
man judges and LLM judges under a Scalar Quality
Metric (SQM)-guided Direct Assessment (DA) pro-
tocol.

Experimental Setup and Sampling. For each
of the five fine-tuned models, we select its top-
two performing training configurations based on

DOC-COMET scores, yielding 10 unique model-
configuration setups. From each setup, we sample
test dialogues across all language directions: 30
dialogues for each English-source pair (Eng —
Hin/Tam/Tel) and 20 dialogues for the Hindi-
source pair (Hin — Tel). In total, 1,100 dialogues
(900 English-source and 200 Hindi-source) are in-
dependently evaluated by expert native-speaking
linguists and two SOTA LLM judges: GPT-5-mini
and Gemini-3.1-flash-lite-preview.

Scoring Granularity. Evaluations are conducted
at two distinct levels: Dialogue Level: The judge
assesses the full context on three dimensions: Nat-
uralness, Informality, and Cohesion & Coherence.
Utterance Level: Each sentence pair is indepen-
dently scored to capture fine-grained translation
accuracy. The detailed prompt templates and guide-
lines are given in section F in the Appendix.

6.1 Qualitative Assessment and Analysis

Cross-Judge Agreement. Table 3 reveals strong
directional consistency across all three evaluators,
GPT, Gemini, and Human, with judges largely
agreeing on both the relative ranking of models
and the preferred training configuration per model.
This concordance validates the reliability of LLM
judges as proxies for human assessment in the in-
formal Indic dialogue translation setting.

Model-Specific Qualitative Trends. Disaggre-
gating scores by model architecture reveals distinct
qualitative behaviors:
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e For Gemma3-4B and  Sarvam-T, the
Human_Train  configuration  consistently
yields higher scores than Syn_X2IL + HT across
all judges and all four evaluation dimensions:
utterance accuracy, naturalness, informality, and
cohesion. This is consistent with their automatic
metric results (Section 5).

* Llama-3.2-3B records the lowest qualitative
scores across all judges and dimensions, mir-
roring its modest gains under automatic metrics.
This consistent under-performance across both
evaluation paradigms confirms that its 3B pa-
rameter capacity remains the primary bottleneck,
limiting its ability to capture discourse structure
regardless of the training data configuration.

e For Liama-3.1-8B and Qwen3-4B, both evaluated
configurations produce closely competitive qual-
itative scores across all judges, with neither con-
figuration showing a decisive advantage over the
other in dialogue-level factors. Notably, for these
two models, Gemini and Human judgements ex-
hibit stronger mutual agreement compared to
GPT, suggesting that Gemini’s evaluation ten-
dencies better align with human preferences for
dialogue-level naturalness and coherence assess-
ment in this setting.

Overall SQM-guided DA Analysis. Across all
models and judges, Sarvam-T under Human_Train
achieves the highest qualitative scores on all three
dialogue-level factors, particularly Naturalness
(GPT: 60.55; Gemini: 60.59; Human: 58.04) and
Cohesion (GPT: 58.66; Gemini: 59.20; Human:
57.18). This is fully consistent with its consistently
strong performance in automatic evaluation (Sec-
tion 5).

Granular Rubric Distribution for Sarvam-T.
At the dialogue level, 85/130 instances were rated
as Grammatical and somewhat natural, while
64/130 were classified as Slightly Informal. Regard-
ing discourse flow, 66/130 dialogues were deemed
Somewhat coherent and cohesive, with 52/130
achieving Strong Coherence and Cohesion. At the
utterance level, over 90% of dialogues achieved
high accuracy and naturalness (scores > 61). A
detailed, granular analysis per language pair, along
with a sample dialogue error analysis, is provided
in Table 17 and Figure 11 in Appendix F.2.

6.2 Inter-Judge Correlation Analysis

Table 4 reports average inter-judge correlations
across all five models. Utterance-level accuracy

GPT vs H Ge vs Hu GPT vs Ge
Factor r T r T r T
Nat 0.552 0.370 0.625 0.428 0.738 0.540
Inf 0.343 0.232 0.332 0.209 0.391 0.266
Coh 0.561 0.364 0.647 0.442 0.743 0.532
Utt 0.702 0.498 0.697 0.525 0.781 0.597

Table 4: Average inter-judge correlation (r = Pearson, 7
= Kendall’s 7) across all five models. Bold values indicate
the highest agreement factor per judge pair(GPT, Gemini-
Ge and Human-H.Utterance-Level Accuracy (Utt-level) and
Dialogue-Level Factors (Dia-level): Naturalness (Nat), In-
formality (Inf), and Cohesion & Coherence (Coh). Ge.

achieves the strongest agreement across all judge
pairs, confirming that fine-grained translation ac-
curacy is consistently assessable by both human
and LLM evaluators. However, when evaluating
holistic dialogue-level factors, correlation drops
noticeably across all evaluators, while Informal-
ity records the lowest correlations. This reveals
a fundamental evaluation gap: while judges reli-
ably agree on local-context utterance-level factors,
evaluating on dialogue-level factors introduces sub-
jectivity and the cultural-sensitive nature of Judges.
This shows that holistic dialogue quality is far more
challenging to standardize than utterance-level ac-
curacy. Full per-model breakdowns are provided in
Appendix G.

7 Conclusion

We introduce BaatCheet, a multi-turn parallel dia-
logue corpus for informal Indic translation across
five language directions. Our evaluation reveals
that while dedicated MT engines and GPT-4o-
mini lead zero-shot baselines, fine-tuning open-
source LLMs—particularly Indic-specialized mod-
els like Sarvam-T significantly bridges this gap. We
demonstrate that synthetic data curated from nat-
ural source dialogues (Synt_X2IL) provides a far
superior training signal compared to synthetic In-
dic sources (Synt_IL2X). Through our evaluations,
we show that LLMs can be employed as judges
for evaluating dialogue translations as proxies. Fu-
ture extensions of this study will expand the size of
BaatCheet_Human dialogues also to include Ben-
gali, Gujarati, Kannada, and Marathi, maintaining
the current source language pairs. Additionally, we
aim to develop domain-specific datasets to further
refine model performance for specialized down-
stream applications like healthcare.
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Limitations

Synthetic target generation and MT translation may
introduce subtle structural artifacts, lacking the
spontaneous code-mixing and deep cultural nu-
ances of organic human conversations. Human-
translated gold data, while highly effective for
fine-tuning, is limited in volume due to annota-
tion costs, making dataset expansion a key priority.
Systemic scoring differences between LLM judges
(e.g., Gemini vs. GPT) require calibration against
human baselines, and budget constraints limited
human Direct Assessment to a sampled subset of
1,100 dialogues.
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A Appendix
B Formal vs Informal Translation

Formal language relies on rigid grammatical struc-
tures and standardized vocabulary, whereas infor-
mal "BaatCheet" prioritizes social flow and spon-
taneity through pro-drop (omitted subjects) and
code-mixing. For instance, in given example Fig-
ure 5, the formal translation uses explicit pronouns
and literary metaphors like paheliyan sulajhana
(solving riddles), which feel robotic in a casual
setting. Conversely, the informal translation natu-
ralizes the dialogue by adding social markers like
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"Bhai" and utilizing common urban slang like "life
set" instead of a literal translation for "figured out."
This shift demonstrates that informal translation is
a process of pragmatic transcreation, capturing the
"vibe" and cultural nuances that formal, sentence-
level MT systems often miss.

C BaatCheet Corpora Building

Table 5 presents the overview of dialogue data
sources used for constructing BaatCheet Corpora
across English, Hindi, Tamil, and Telugu.

C.1 Guidelines for Generated Dialogue
Validation

Language experts are provided with the follow-
ing standardized instructions to validate LLM-
generated dialogues:

Validation Guidelines

1. Grammatical correctness and semantic coher-
ence.

2. Contextual pronoun consistency across dia-
logue turns.

3. Gender agreement and awkward phrasing re-
mediation.

4. Converting grammatically sound yet robotic
or overly formal expressions into natural, col-
loquial style.

5. Refining code-mixed phrasing to ensure con-
versational naturalness.

Metric Calculation

Dialogue Edit Rate (%): The percentage of dia-
logues where at least one Utterance was modified
by human:

N . .
Dialogue Edit Rate = —coreddialogues )

total dialogues
Utterance Edit Rate (%): The proportion of in-
dividual dialogue Utterances altered during valida-
tion:

T edited

Utterance Edit Rate = x 100

total

Token Edit Rate (TER %): Corpus-level word-
level Levenshtein edit distance (insertions, dele-
tions, substitutions) normalized by total source
word count:

ZiT: | Levenshteinyq (Source;, Targeti)

TER =
3" i = 17"WordCount(Source; )

x 100
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Character Edit Rate (CER %): Corpus-level
character-level Levenshtein edit distance normal-
ized by total source character length:

ZiT:I Levenshteingy, (Source;, Target)
>~ i = 17CharCount(Source;)

CER =

C.2 Detailed BaatCheet Corpus Statistics

The entire BaatCheet corpus aggregates to 49,412
dialogues, 392,253 utterances, and over 702,000
parallel sentences as shown in Table 7.

* Synthetic Volume (Syn_X2IL & Syn_IL2X):
The synthetic component provides the
core scale necessary for LLM fine-tuning.
BaatCheet_Syn_X2IL accounts for 42,148
dialogues (301,278  utterances), repre-
senting standard X — IL translations.
BaatCheet_Syn_IL2X contributes 6,096
dialogues (73,666 utterances), which are
column-swapped to provide natively generated
Indic targets and eliminate machine translation
bias on the target side.

e Human Gold Standards (Human_Train &
BaatCheet_Test): The professionally translated
human sets consist of 510 dialogues (8,405 ut-
terances) in BaatCheet_Human_Train and 658
dialogues (8,904 utterances) in BaatCheet_Test.
Human_Train acts as both a high-fidelity fine-
tuning set and the quality-filtering reference
for synthetic curation, while BaatCheet_Test is
strictly held out for evaluation.

Diversity in Linguistic Properties Comparing
Source vs. Target utterance lengths (in words)
and sentence lengths reveals fundamental linguistic
properties across language families:
Agglutination (Tamil & Telugu). In X — IL
directions (Eng — Tam and Eng — Tel), En-
glish source utterances average 14.97-17.37 words,
whereas Tamil and Telugu target utterances aver-
age only 11.18-12.76 words. Similarly, in IL — X
directions (Tam — Eng and Tel — Eng), Tamil
and Telugu source utterances (9.59—-12.12 words)
expand significantly when translated into English
targets (11.86—16.50 words).

Linguistic Cause: Tamil and Telugu
are highly agglutinative Dravidian lan-
guages. Case markers, postpositions,
tense inflections, and pronominal suf-
fixes are morphologically bound into sin-
gle word forms, resulting in systemat-
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Source Dialogue Formal Translation
Speaker 1: Hey, are you free this evening? It's been so long

Speaker 1: 3R, 1 T4 3T 9T 31 P €12 <1 81 7Y, 374 &9 DEl IR
since we actually sat somewhere and talked properly. o Sia

4 ard T A
Speaker 1: are, kya tuma &ja $ama ko fri ho? ho gae, jaba
hama kahim &rama se baithakara thika se batem kara pae hom

Speaker 2: Yeah, | was thinking the same. Let's just meet near ' Speaker 2: &, # +ft 7€t i 38T e T, 9 Bt g & ur frerd & iR et
the tea stall and relax for a bit. e g
Speaker 2: ha~, maim bhi yahi soca raha tha| calo, caya ki dukana ke
pasa milate haim aura thorT dera arama karate haim
when you're sitting, Speaker 1: afaT| #9 @ al, S g ANl &
wawﬂaﬁ%\tﬂﬁfnﬁmﬁwv@aﬁal

Speaker 1: barhiya| saca kaha~ to,

, jaba tuma dostom ke satha bahara

Speaker 1: Perfect. Honestly, tea tastes bette
outside with friends and complaining about life.

Informal Translation

7 81T & 9 99 3R At e gT
ho gaya dhamga se

Speaker 1: 3R, 31T A HI & 1?2
Speaker 1: are, &ja $ama phri hai kya?
baithe aura batem karate hue|

Speaker 2: & T, # *ff 7} Wra &1 &1 el A1, AR ATt B U et €, ST
Reters A1

Speaker 2: ha~ bhai, maim bhi yahi soca raha tha| cala na, caya vale ke
pasa milate haim, thora rilaiksa karemge|

Speaker 1: afeaT| Fa 3, SR P A JTIR Mg DroicH B §Y

Speaker 1: barhiya| saca mem, dostom ke satha baithakara laipha

it zimdagr ki Sika
kara rahe hote ho

Speaker 2: Facts. And somehow those random roadside snacks | Speaker 2: GeH Hel| 3K el & a2, wrse T e arel a o & wa,
always taste better than expensive café food. HEW B & G | ST FIE I &
Speaker 2: ekadama sahi] aura pata nahim kyom, saraka kinare milane
vale vo ama se snaiksa, mahamge kaife ke khane se zyada svadista

lagate haim
Speaker 1: Exactly! We'll have tea, eat something spicy, and Speaker 1: fieger & ar R, 3 geyer @i, 3ﬂ={ T e BN, SR
pretend we have everything in life figured out e et bt IR wRfer Geren ot &1

Speaker 1: brlku/a' hama caya pie~ge, kucha catapata khae~ge, aura
aisa dikhava karemge, jaise hamane zimdagi ki sari paheliya~ sulajha It
hom

Speaker 2: T cifth §6 IR << Fd BT, § 8T 3fchell @ 81 Q4T &l
TR 3, S foredt = gt Revae o Raran
Speaker 2: pakka| lekina isa bara mata karana, maim vaha~ akela
khara hokara aisa nahim dikhana cahata, jaise kisi ne mujhe rijekta kara
diya ho

Speaker 2: Deal. But don't be |ate this time, I'm not standing
there alone looking like | got rejected.

karate hue

Speaker 2: facget! 3R ud T T, ASHES Ael T AT HEN H | SUTT
7T T B

Speaker 2: bilkula! aura pata nahim kyom, rodasaida vale snaiksa
hamesa mahamge kaife se jyada acche lagatem hail

Speaker 1: &l 97| w G, Wmm@sﬁ?ﬁw@waﬁﬁﬁqﬁ
il
Speaker 1: sahi bata| caya piemge, kucha masaledara khae~ge aura
phira aise batem karemge jaise pari jimdagi seta ho gai ho|

Speaker 2: UET| 98 $8 IR 1 7 8 ST, 3 J8T 3t FST Tl 35 b A
BRI
Speaker 2: pakka| basa isa bara mata ho jana, mem vaha-~ akela
khara nahim raha~ga ki jaise rijekta ho gaya ha~!

Figure 5: An example of Formal and Informal Translation from English to Hindi along with translitration in IAST

format. All the differences are highlited with colors.

ically lower word counts compared to
analytic English.

Domain Diversity By combining daily speech
(DailyTalk), multi-turn reasoning (MuTual), code-
mixed chat (Hinglish-Chat), generated news con-
versations (News), and fictional narratives (Stories),
BaatCheet covers a broad spectrum of registers
from task-oriented information exchange to infor-
mal chitchat.

C.3 Linguistic Properties: Code-Mixing &
Pronoun Ellipsis of BaatCheet Corpus

Code-Mixing. To evaluate the prevalence of
code-mixing in our corpus, we processed the
datasets using the Indic ILD (Madhani et al., 2023)
language detection tool. The tool identifies an aver-
age code-mixing rate of approximately 20% across
our language pairs. However, we note that this
baseline is a significant underestimate due to a cru-
cial limitation of current automatic tools: Indic
ILD relies primarily on the presence of the Roman
script (English characters) to identify code-mixed
tokens. In contrast, real-world colloquial Indic
speech features extensive code-mixing using En-
glish words transliterated directly into native Indic
scripts. Consequently, although the corpus exhibits
a high density of conversational code-mixing, its
true frequency cannot be precisely quantified by
script-dependent automatic tools.

Pronoun-Drop and Ellipsis. Prior work in
discourse-aware MT has proposed the Auto Pro-

noun Translation (APT (Miculicich Werlen and
Popescu-Belis, 2017), which is specific for Euro-
pean Languages) metric to evaluate pronoun trans-
lation quality. We argue that adapting APT as a
primary evaluation metric is highly unreliable in
conversational Indic settings. Tamil and Telugu,
like other pro-drop languages, permit subjects and
objects to be omitted when they are recoverable
from grammatical or discourse context. In dia-
logue translation, the challenge is therefore not the
presence of pro-drop itself, but correctly recover-
ing omitted information when translating into a
language that requires or prefers its explicit realiza-
tion as shown in the figure 1.

C.4 BaatCheet_Gold Translation Protocal

Prior to human translation, synthetically generated
source dialogues of BaatCheet_Gold underwent
expert editing to ensure naturalness, formality, and
coherence, and the edit metrics are shown in Ta-
ble 6 in section C.1.

Translation Protocol. Validated source dia-
logues were assigned to professional human trans-
lators with native-level proficiency in the target
language and at least three years of translation ex-
perience. Per language pair, 2—4 translators inde-
pendently produced target-language translations
following strict informal dialogue guidelines.

1. manual translation only (no MT post-editing);

2. use of colloquial vocabulary; avoidance of
formal or Sanskritized registers;
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Data Source — Src.Lang

Description

Hinglish-Chat — Hin

MuTual (Multi-Turn
Dialogue Reasoning) — Eng

DailyTalk — Eng

News Articles

— Eng, Hin, Tam, Tel

Short Stories — Tam, Tel

A synthetically generated Hinglish conversational dataset (Khatri, 2024)
featuring everyday life dialogues. The dataset is modified by LLM
prompting to “Remove unnatural nouns and pronouns usage from this
dialogue, but it still has to make sense and write it in Hindi (devanagri)
script"

A Chinese high school English listening comprehension dataset (Cui
et al., 2020), adapted, preprocessed, and manually annotated to create
a multi-turn dialogue reasoning corpus aimed at evaluating dialogue
models’ contextual understanding and reasoning capabilities.

A conversational speech dataset for TTS systems developed by sampling
and modifying dialogues from the open-domain DailyDialog corpus (Li
et al., 2017). Dialogues from DailyTalk (Lee et al., 2022) are used here,
annotated with speaker identifiers to capture natural conversational flow.

News articles (Mujadia and Sharma, 2025) from diverse domains is used
to generate informal dialogues using LLM prompting: “Generate 10
informal dialogues between two friends on this topic. Keep them short,
natural, conversational and direct that concludes meaningfully.”

Short stories from online sources such as tamil_stories'? for Tamil
and the Chandamama Kathalu Dataset!’ for Telugu are used. Each
story is prompted as: “You are given a language story text. Generate
one informal dialogue between two language friends discussing the story
in detail in a natural, code-mixed (with English) tone in language. The
dialogue should be conversational and informal like spoken language.
Reach an opinion about the story.”

Table 5: Overview of dialogue data sources used for constructing BaatCheet Corpora across English, Hindi, Tamil, and Telugu.

Datasource Total Edited Dialogue Edit Total Edited UttEdit TER| CER]
Dialogues Dialogues Rate (%)l Utts Utts Rate(%)] (%) (%)
News-Eng’ 50 4 8.00 516 4 0.78 0.31 0.25
Hinglish' 49 49 100.00 967 638 65.98 21.99 19.60
News-Hin' 49 34 69.39 492 139 28.25 3.96 2.77
News-Tam 48 27 56.25 344 61 17.73 4.81 2.94
News-Tel 48 38 79.17 361 167 46.26 17.87 11.91
Stories-Tam 50 48 96.00 777 330 42.47 9.68 6.21
Stories-Tel 50 47 94.00 1,030 332 32.23 6.88 443
TOTAL 344 247 71.80 4,487 1,671 37.24 10.47 7.63

Table 6: Edit metrics of Human Validation across all data sources. TIndicates BaatCheet_Gold source dialogues;
remaining splits are sampled from trainset splits. We report Dialogue Edit Rate, Utterance(Utt) Edit Rate, Token
Edit Rate (TER), and Character Edit Rate (CER). Lower is better.

3. contextual adaptation of pronouns and hon- discourse coherence.
orifics based on speaker relationships; and

Completed translations underwent an expert re-

4. preservation of natural turn-taking flow and  view by senior linguists (distinct from the transla-
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tors) in the first pass; expert reviewers flagged trans-
lations violating any guideline; flagged segments
were returned to the translator for revision for tar-
geted revision. This iterative process ensures that
BaatCheet_Gold constitutes a high-quality gold
standard for informal dialogue MT evaluation.

D Baseline Candidate System Evaluation:
Disaggregated Results

Table 8 presents the complete language-pair disag-
gregated evaluation of all nine candidate systems
on BaatCheet_Human_Train, comparing reference-
based COMET and reference-free COMET-QE
scores across all five language directions (Eng —
Hin, Eng — Tam, Eng — Tel, Hin — Tam, and
Hin — Tel).

LLM Translation Prompt Template. For zero-
shot baseline evaluation of open-source LLMs
(Llama-3B, Llama-8B, Qwen3-4B, Gemma3-4B,
Sarvam-Translate) and GPT-40-mini, we use a sim-
ple, direct instruction prompt without in-context
examples:

Baseline Evaluation Prompt Template

Translate the following from
{source_language} to {target_language}:
{source_text}

This simple template ensures that baseline eval-
uations measure pure zero-shot translation capabil-
ities without prompt-engineering artifacts.

High-Resource Alignment (Eng — Hin).
Eng — Hin exhibits the highest scores across
all open-source LLMs under both reference-
based COMET (0.699-0.804) and reference-free
COMET-QE (0.751-0.846). This superior baseline
stems from the abundance of English-Hindi paral-
lel training data in open-source LLM pre-training
mixtures, enabling stronger zero-shot cross-lingual
transfer even for informal dialogue registers.

Dravidian Language Challenge (Eng/Hin —
Tam/Tel). For Dravidian target languages (Tamil
and Telugu), open-source LLMs experience a sharp
performance drop, particularly for Hindi-source
directions (Hin — Tam and Hin — Tel). For in-
stance, Llama-3.2-3B drops from 0.728 on Eng —
Hin to 0.505 on Hin — Tam, while Qwen3-4B
drops from 0.699 to 0.508. This drop is attributed
to morphological complexity (agglutination) and

lower representation of Dravidian script in general
open-source LLM pre-training.

Robustness of Dedicated MT Systems and GPT-
40-mini. In contrast to open-source LL.Ms, dedi-
cated MT engines (Google Translate, IndicTrans2,
BhashaVerse) and GPT-40-mini demonstrate re-
markable stability across all language pairs, main-
taining high COMET scores (> 0.80) even for Dra-
vidian targets. Google Translate (GMT) achieves
peak overall average performance under both
reference-based COMET (0.848) and COMET-QE
(0.857), followed closely by GPT-40-mini (0.837
and 0.853). This cross-lingual stability justifies us-
ing these top four engines as candidate translation
generators in our synthetic curation pipeline.

D.1 Candidate MT Evaluation:
Disaggregated Results

Table 9 presents the complete language-pair and
source-disaggregated evaluation of the four can-
didate MT engines (Google Translate, GPT-40-
mini, IndicTrans2, and BhashaVerse) on Hu-
man_Train_X2IL and Human_Train_IL2X candi-
date sets.

Engine Performance Trends. Google Translate
(GMT) and GPT-4o0-mini consistently emerge as
the top-two performing engines across both trans-
lation axes. On X2IL directions (X — IL), GMT
achieves peak average scores on English-source
pairs (Eng — Tam COMET-QE: 0.8704), while
GPT-40-mini leads on Hindi-source Indic pairs
(Hin — Tel COMET: 0.8659). On IL2X reverse
directions (IL — X), GPT-40-mini displays ex-
ceptional translation strength into English targets
(Tel — Eng COMET: 0.8711).

Source-Level Insights. Conversational corpora
(DailyTalk, MuTual) and news dialogues (News-
gen) maintain high translation quality across en-
gines (> 0.80 COMET). Conversely, code-mixed
dialogues (Hinglish-Chat) present greater cross-
lingual difficulty when translating into Dravidian
targets (Tam — Hin IndicTrans2 COMET: 0.6911),
reflecting the morphological and syntactic chal-
lenges of informal code-mixed translation. These
disaggregated results validate our selection of GMT
and GPT-40-mini as the primary translation gener-
ators for synthetic corpus curation.
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D.2 Candidate MT Selection Counts Across
Filtering Strategies

Table 10 presents the distribution of candidate MT
system selections on BaatCheet_Human_Train un-
der both filtering strategies: (a) Utt-Avg (dialogue-
level engine selection across 510 dialogues) and
(b) Utt-High (turn-by-turn optimal candidate selec-
tion across 8,427 utterances).

Engine Selection Trends. Two primary patterns
emerge from the selection distribution:

* Dominance of GMT and GPT-40-mini: Across
both filtering strategies and directions, Google
Translate (GMT) and GPT-40-mini collectively
account for over 80% of all selected dialogues
and utterances, confirming their status as the
highest-quality translation engines in our pool.
Directional Asymmetry: On X2IL directions
(X — IL), GMT is the single most selected en-
gine (accounting for 320/510 dialogues in Uftt-
Avg and 3,506/8,427 turns in Utt-High under
COMET-QE). Conversely, on IL2X reverse di-
rections (IL — X), GPT-40-mini becomes the
dominant engine (up to 431/510 dialogues in Utt-
Avg and 4,725/8,427 turns in Utt-High), reflect-
ing GPT-40-mini’s strength in generating fluent
English and Hindi target outputs.

D.3 Validation of Filtering Strategies:
DOC-COMET and COMTAIL Analysis

Table 11 reports the detailed validation of candi-
date filtering strategies (Utt-Avg vs Utt-High) eval-
vated on BaatCheet_Human_Train candidate out-
puts using context-aware DOC-COMET and Indic-
specialized COMTAIL metrics across all language
directions.

When candidate selection is guided by reference-
free COMET-QE, U-High consistently outper-
forms Utt-Avg across both evaluation metrics and
all language directions:

* DOC-COMET Alignment: Utt-High achieves
higher overall average dialogue scores across
both X2IL (0.8854 vs 0.8803) and IL2X (0.8435
vs 0.8392), confirming that selecting the best-
scoring candidate translation per turn improves
multi-turn discourse consistency.

Conclusion. These results confirm that turn-by-
turn COMET-QE selection (Utt-High) prevents in-
dividual low-quality utterances from degrading dia-
logue quality, ensuring that no utterance falls below

the quality ceiling set by the evaluator. This empir-
ical validation justifies adopting Utt-High as the
primary filtering strategy for scaling up the con-
struction of BaatCheet_Synthetic.

D.4 Human Binary Preference Evaluation of
Curation Strategies

To evaluate human perception of dialogue cura-
tion strategies, native expert linguists conducted
a binary preference study comparing Utt-Avg
(dialogue-level engine selection) against Utt-High
(turn-by-turn optimal selection) on 510 sampled
dialogues (255 per translation direction). Annota-
tors evaluated pairwise dialogue outputs on overall
naturalness, register consistency, and translation
accuracy. Table 12 reports the preference counts
across both translation axes.

Key Observations.

* Perceived Naturalness Preference: Human an-
notators preferred Utt-Avg in 54% of evaluated di-
alogues (276/510) compared to 37% for Utt-High
(196/510), primarily due to the single-engine
stylistic consistency preserved across dialogue
turns under Utt-Avg.

 Translation Axis Consistency: The preference
distribution remains highly consistent across both
X2IL (55.9% Utt-Avg vs 40.9% Utt-High) and
IL2X (58.2% Utt-Avg vs 36.8% Utt-High) direc-
tions.

* Strategic Selection: As analyzed in Section 3.3,
while human evaluators favor Utt-Avg for surface
naturalness, Utt-High guarantees strict turn-level
translation accuracy, which is the primary crite-
rion for SFT dataset construction.

Figure 6 provides a concrete illustration of Utt-
High selection on an English—Telugu dialogue,
showing how different MT engines are selected at
different turns based on per-utterance COMET-QE
scores.

Translation Direction Utt-Avg Utt-High
X2IL Direction (X — IL) 123 (55.9%) 90 (40.9%)
IL2X Direction (IL — X) 128 (58.2%) 81 (36.8%)

Total 251 (57.0%) 171 (38.9%)

Table 12: Human binary preference study results comparing
Utt-Avg and Utt-High filtering strategies across 510 sampled
dialogues.
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Picked
MT
Source from X->IL (Eng-> Tel) Highest Comet scored Target outputs from 4 MTs | COMET-QE | System
Amit :: Bro, did you check out the new draft NS 1 &, 08B Hadesg eEghe 8% 8 wh
guidelines for retired government employees? | S5886sro Syeaeare? 0.84593 GMT
Sanjay :: Yeah, | saw that. They're planning to 502305 :: @&, <S5eme). s°og§§._) 866
regulate the salaries for those re-hired on NOHA 0SS 5378 &P DoDHoHoSTEAS oK)
contract, right? QEPEeN ErdPoBTHE Swe? 0.876668 |GPT
Amit :: Correct. They want to keep the S :: A2, TPIND e3¢5 oSSR
nomination-based appointments minimal. SN BT ool 5376 Eoenc5. 0.881104 GMT
Sanjay :: That's good. It should be more about [K502305 :: 98 e3thod. 2B 15e8 HBoedorres HB0D
merit than just past connections. o0t QBeriges (HB80L) &Y ST &otd. 0.867858 GMT
Amit :: Absolutely. They're also fixing the salary
by deducting the basic pension from the last NS 11 PRYSBorT. 50 DN 2efo 0l FPENE
salary. 23S % BDIchiko Trgoe BeR) Ere dgonspand. [0.868421  |BV
Sanjay :: So, no increments during the
contract? o023y 1 @ond, Stogrgd HaDHoe® Bo§Rotw Sa? |0.874282  |GMT
Amit :: Nope, the salary remains unchanged for
the contract term. @& 1 e, 570grE 57erdS Beso SrEe. 0.881761 |GMT
Sanjay :: And what about the contract duration? |$o230% :: &8 svo;e;vg $FHA Sotid Ae3? 0.878356 GMT
Amit :: Initially up to one year, extendable up to |@od :: FPBoesod® el SoSesyBo HEKH, $>8° otk
two more years, but not beyond five years post- |SosSesyorer S5 SPcHocssdesyy, £ 0@6&05 SAHAY
retirement age. €50°q¢6 5065 05BN o) §2¢h. 0.866749 BV
Sanjay :: Sounds fair. It'll prevent unnecessary |502305 :: 98 TY0S0m 9NR0E. B BBIEFS
extensions. 0008 Aaed00d. 0.874613 GMT
Amit :: Exactly. It's all about maintaining 0Ss QOP. Bcios® K)éngeé 3508050 FegasERY
efficiency and fairness. S8 o t80D. 0.882973 INT2
Sanjay :: Hope it works out well. Soe3dine B 237t HAD00ED e33HT2). 0.879691  |INT2
Amit :: Let’s see how it unfolds. S 1 @98 der B0 g 0.882759 |GMT

Figure 6: An example English—Telugu dialogue from BaatCheet_Human_Train illustrating the Urt-High COMET-QE selection
strategy. Each utterance’s Telugu translation is independently selected from four candidate MT engines (GMT = Google Translate,
GPT = GPT-40-mini, BV = BhashaVerse, INT2 = IndicTrans2), with the corresponding COMET-QE score shown per turn. This
shows that GMT dominance is higher, and the same is reflected in the utt-avg highest score; GMT is 0.869 in the same dialogue.

E The Fine-Tuning Open-Source LLMs

E.1 Finetuning Parameters

The table 13 shows the hyperparameters
used to fine-tune the
BaatCheet_Human_Train  configuration we
have used 3 epochs to fine-tune the model, and for
BaatCheet_[Syn_X2IL+HT] configuration we have
fine-tuned the model on BaatCheet_Syn_X2IL first
for 1 epoch and then on BaatCheet Human_Train
for 3 epochs.

Hyperparameter Value
Number of epochs 1
Batch size 2
Gradient accumulation step 4
Learning rate le-4
Maximum sequence length 4096
LoRA rank 32
LoRA alpha 64
LoRA dropout 0.05
init_lora_weights gaussian
Target Modules q,k,v,o,gate,.
up,down proj.
Modules to save Im_head

Table 13: Training Hyperparameters.

selected models.

E.2 Prompt Used for Finetuning the LLMS

The prompt explicitly instructs the model to pro-
duce informal and conversational translations, en-
suring that the generated outputs better reflect nat-
ural spoken dialogue.

Training Prompt Template

You are an expert in an informal dialogue
machine translation assistant. Translate the
following dialogue from source_language
to target_language into a natural, informal,
and colloquial conversational style in tar-
get_language.

Source: source_dialogue

Target: target_dialogue

E.3 Detailed Automatic Evaluation Results

The fine-tuned model’s performance results for
each dataset configuration and detailed language-
pairwise scores are provided in Table 14 for
COMET, Table 15 for DOC-COMET, and Table 16
for COMTAIL.
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F SQM Guided DA Evaluation

We conduct a fine-grained evaluation on these top
two configurations of Sarvam-Translate using a
Scalar Quality Metric (SQM)-guided Direct Assess-
ment (DA) protocol on a continuous 0 to 100 scale.
From each setup, we sample test dialogues across
all language directions: 30 dialogues for each
English-source pair (Eng — Hin/Tam/Tel) and 20
dialogues for the Hindi-source pair (Hin — Tel).
In total, 1,100 dialogues (900 English-source and
200 Hindi-source) are independently evaluated by
expert native-speaking linguists and two SOTA
LLM judges:

F.1 LLM Prompting and Rubrics

The LLM judges were provided with a 7-point rat-
ing rubric injected into the system prompt to cal-
ibrate the 0-100 scale. We utilized few-shot ex-
amples to align the scoring distribution. The full
prompt used for both dialogue level and utterance-
level evaluation is detailed in Figure 7 and Figure 8.

F.2 Human Direct Assessment

Annotator Selection and Screening To ensure
high-fidelity annotations, we implemented a strict
crowd-annotator screening protocol. Prospective
bilingual candidates completed a 12-item source
comprehension test with multiple-choice questions
evaluating grammar, colloquial register, and trans-
lation accuracy. Only candidates scoring greater
than or equal to 9/12 were selected for the evalu-
ation task. Human evaluation was conducted on
the posteditme platform'. Annotations were per-
formed over three iterations by professional lin-
guists. Annotation tool samples are shown in Fig-
ures 9 and 10

Score Aggregation To eliminate evaluator-
specific rating leniency and scale biases, raw
scores are standard-normalized (Z-scored) per spe-
cific evaluator-language pair group, clipped to
[—3.0,3.0] to suppress extreme outlier variance,
and linearly rescaled to an intuitive positive 0—100
range.

G Inter-Judge Correlation Analysis:
Per-Model Breakdown

Metrics. We report Pearson r (linear magnitude
agreement between continuous SQM scores) and
Kendall’s 7 (rank-order concordance across all

“https://posteditme.revanai.in/

pairwise dialogue comparisons). Together they pro-
vide complementary views: r captures score-level
agreement while 7 captures ordinal consistency un-
der non-normal distributions.

Utterance-Level. The strongest inter-judge
agreement is observed at the utterance level (AVG:
GPT-Human r=0.702, Gemini—-Human r=0.697),
confirming that sentence-level translation accuracy
provides a more objective and consistently
assessable criterion than holistic dialogue-level
factors.

Naturalness and Cohesion & Coherence. Both
factors achieve moderate-to-good correlations (Nat-
uralness AVG r: 0.55-0.74; Cohesion AVG r: 0.56—
0.74 across judge pairs). Gemini—-Human correla-
tions consistently exceed GPT-Human across both
dimensions, indicating that Gemini’s evaluation
tendencies better approximate human quality per-
ception for informal Indic dialogue.

Informality. Informality yields the weakest
agreement across all models and judge pairs (AVG
r<0.40), with Kendall’s 7 values as low as 0.17.
This reflects the inherent subjectivity of register as-
sessment across code-mixed Dravidian languages,
where dialectal variation, honorific calibration, and
pragmatic code-switching resist standardization
within a fixed rubric.

Overall Patterns. Three consistent trends
emerge across all factors: (i) GPT-Gemini yields
the highest correlations, reflecting shared LLM
tendencies in rubric interpretation; (ii) Gemini—
Human consistently exceeds GPT-Human,
suggesting Gemini is a closer proxy for human
judgement in this setting; and (iii) Informality is
universally the most disagreed-upon dimension,
confirming it as the hardest qualitative factor
to standardize across evaluators in multilingual
informal dialogue assessment.
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Dialogue Level DA+SQM-based Scoring Prompt Template for LLM-as-Judge fonttitle

System Prompt

You are an expert evaluator for dialogue translation and have the ability to evaluate the translated dialogues on the basis of
naturalness, informality and cohesion and coherence. You will evaluate the provided Target Dialogue (translated from the
Source Dialogue). You need to evaluate the entire Target Dialogue on three factors: Naturalness, Informality, and Cohesion
& Coherence by understanding the context of the dialogue.

Few-shot Injection

You have been provided with some examples of human evaluations below... Do not copy the scores
and patterns from given example.

Evaluation Rubrics

Naturalness Informality Cohesion & Coherence

00-15: Ungrammatical/Unnatural 00-15: Highly Formal 00-15: Incoherent/Incohesive
16-30: Ungram. but natural-ish 16-30: Very Formal 16-30: Coherent but Incohesive
31-45: Minor errors, natural-ish 31-45: Moderately Formal 31-45: Somew. coherent/cohesive
46-60: Grammatical but unnatural 46-60: Neutral 46-60: Coherent/partially cohesive
61-75: Grammatical/somew. natural ~ 61-75: Slightly Informal 61-75: Somew. coherent/cohesive
76-90: Grammatical/natural (minor 76-90: Very Informal 76-90: Strong Coherence/Cohesion
flaws)

91-100: Grammatical and Natural 91-100: Extremely Casual 91-100: Fully Coherent/Cohesive

Constraint: DA Score should be on a continuous scale of 0 to 100 representing the overall quality for that factor. Provide
precise, granular scores. Do not round to the nearest 5 or 10.

User Input
Source Dialogue Target Dialogue (MT)
{source_text} {mt_text}

Response Instruction: Please evaluate the Target Dialogue. Don’t provide any other explanations. Give
output in the required format.

Figure 7: The prompt interface used for LLM-as-a-judge evaluation for Dialogue Level Evaluation. Text in brackets
denotes dynamic variables.
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Direction  Data Source #Dialogues #Utterances #Sentences (Src/Tgt) AvgDlgLen Avg Utt Len (Src/Tgt) Avg Sent Len (Src/ Tgt)

(a) BaatCheet_Syn_X2IL (X — IL Direction: English / Hindi — Indic Language)

DailyTalk 2,446 22,152 32,582 /32,312 9.06 11.28/11.41 7.81/7.94
Ene_sHin MuTual 8,346 38,332 68,560 / 68,594 4.59 16.35/17.56 9.29/9.93
g News 826 7,834 12,690 / 12,663 9.48 11.86/13.39 7.34/8.30
Total 11,618 68,318  113,832/113,569 5.88 14.97/15.97 8.84/9.39
DailyTalk 2,446 22,152 32,582 /32,585 9.06 11.28/8.52 7.81/5.90
Ene_sTam  MuTual 8,346 38,332 68,560 / 68,819 4.59 16.35/12.31 9.29/6.97
NE= 1AM News 826 7,834 12,690/ 12,676 9.48 11.86/8.98 7.34/5.56
Total 11,618 68,318 113,832/ 114,080 5.88 14.97/11.28 8.84/6.64
DailyTalk 2,446 22,152 32,582 /32,668 9.06 11.28/8.52 7.81/5.87
Ene_sTe]  MuTual 8,346 38,332 68,560 / 68,698 4.59 16.35/12.18 9.29/6.89
ME= 1 News 826 7,834 12,690 / 12,706 9.48 11.86/8.95 7.34/553
Total 11,618 68,318  113,832/114,072 5.88 14.97/11.18 8.84/6.58
HinglishGit 1,558 33,349 75,054 /75,101 21.41 17.12/12.46 7471543
Hin—Tam News 2,089 14,813 20,749 /20,823 7.09 12.78/8.71 9.27/6.29
Total 3,647 48,162 95,803 / 95,924 1321 14.63/10.31 8.50/5.92
HinglishGit 1,558 33,349 75,054 /75,057 21.41 17.12/12.65 7471551
Hin—Tel  News 2,089 14,813 20,749 /20,792 7.09 12.78/8.74 9.27/6.32
Total 3,647 48,162 95,803 / 95,849 1321 14.63/10.41 8.50/5.97
(b) BaatCheet_Syn_IL2X (IL — X Direction: Indic Language [Src] — English / Hindi [Tgt])
HinglishGit 671 14,332 32,177/ 32,121 21.36 17.16/15.49 7.50/6.78
Hin—Eng News 957 7,055 9,719/9,747 7.37 12.68/11.36 9.31/8.29
Total 1,628 21,387 41,896 / 41,868 13.14 14.52/13.06 8.56/7.67
News 775 5,568 8,665 / 8,697 7.18 10.18/13.64 6.61/8.15
Tam—Eng  Stories 591 9,025 17,904 / 17,888 15.27 12.09/16.50 6.14/8.10
Total 1,366 14,593 26,569 / 26,585 11.23 11.13/15.07 6.37/8.13
News 335 2,705 3,650/3,720 8.07 9.59/11.86 7.11/8.59
Tel—+Eng  Stories 533 8,842 17,141/ 16,520 16.59 12.12/15.35 6.22/8.15
Total 868 11,547 20,791/ 20,240 13.30 11.14 / 14.00 6.56/8.32
News 775 5,568 8,665 / 8,697 7.18 10.18 / 14.01 6.61/9.05
Tam—Hin  Stories 591 9,025 17,904 / 17,888 15.27 12.09/17.75 6.14/9.01
Total 1,366 14,593 26,569 / 26,585 11.23 11.14/15.63 6.37/9.03
News 335 2,705 3,650 /3,569 8.07 9.59/12.38 7.11/9.33
Tel»Hin  Stories 533 8,841 17,141/ 17,047 16.59 12.12/17.12 6.22/8.85
Total 868 11,546 20,791 /20,616 13.30 11.14/15.29 6.56/9.03
(c) BaatCheet_Human_Train
DailyTalk 39 723 1,302 /1,259 18.54 15.87/16.46 8.98/9.58
Ene_spin  MuTual 40 447 901/ 895 11.18 21.76/22.85 9.56/9.98
g News 39 476 888 /748 12.21 14.38/18.07 7.67/11.68
Total 118 1,646 3,091 /2,902 13.95 17.37/19.16 8.74/10.41
DailyTalk 39 723 1,302 /1,339 18.54 15.87/11.50 8.98/6.30
Ene_sTam MuTual 40 447 901 /907 11.18 21.76/15.44 9.56/6.84
g News 39 476 888 /850 12.21 14.38/11.27 7.6716.33
Total 118 1,646 3,091 /3,096 13.95 17.37/12.76 8.74/6.49
DailyTalk 39 723 1,302/ 1,329 18.54 15.87/12.12 8.98/6.71
Ene_sTe]  MuTual 40 447 901 /920 11.18 2176/ 14.92 9.56/6.53
s News 39 476 888 /802 12.21 14.38/11.17 7671678
Total 118 1,646 3,091/ 3,051 13.95 17.37/12.75 8.7416.67
HinglishGit 39 1,369 3,023/3,015 35.10 20.82/14.90 9.32/6.68
Hin—Tam News 39 379 568 /570 9.72 15.07/9.82 9.73/6.33
Total 78 1,748 3,591/ 3,585 2241 17.94/12.36 9.53/6.50
HinglishGit 39 1,369 3,024 /2,891 35.10 20.82/15.66 9.32/7.38
Hin—Tel  News 39 379 568 /552 9.72 15.07/10.98 9.73/7.46
Total 78 1,748 3,592 /3,443 22.41 17.94/13.32 9.53/7.42
(d) BaatCheet_Test
DailyTalk 51 862 1,430/ 1,458 16.90 15.53/16.23 9.58/9.85
Ene_spin  MuTual 50 584 1,220/ 1,184 11.68 23.05/25.56 10.47/11.50
PEHIN News 51 526 997 /973 10.31 14.73/17.46 7.7719.42
Total 152 1,972 3,647 /3,615 12.97 17.73/19.71 9.26/10.25
DailyTalk 51 862 1,430/ 1,465 16.90 15.53/11.42 9.58/6.86
Ene_sTam MuTual 50 584 1,220/1,232 11.68 22.93/17.88 10.40/7.96
NE— 1AM News 51 526 997/ 987 10.31 14.73/11.58 7.7716.16
Total 152 1,972 3,647 /3,684 12.97 17.69 / 13.60 9.24/6.99
DailyTalk 51 862 1,430/ 1,344 16.90 15.53/11.60 9.58/7.66
Ene_sTe]  MuTual 50 584 1,220/1,234 11.68 23.05/17.55 10.47/7.70
g News 51 526 997/ 968 10.31 14.73/11.93 7.7716.49
Total 152 1,972 3,647 /3,546 12.97 17.73/13.67 9.26/7.28
HinglishGit 50 981 2,106 /2,101 19.62 16.11/11.93 7.33/5.43
Hin—Tam News 51 513 830/ 846 10.06 15.28/11.83 9.51/7.21
Total 101 1,494 2,936 /2,947 14.79 15.69/11.88 8.43/6.33
HinglishGit 50 981 2,106 /1,929 19.62 16.11/12.09 7.33/6.06
Hin—Tel  News 51 513 830/797 10.06 15.28/11.05 9.51/7.22
Total 101 1,494 2,936 /2,726 14.79 15.69 /11.57 8.43/6.65

Table 7: Comprehensive statistics for all four BaatCheqt4splits: (a) BaatCheet_Syn_X2IL, (b) BaatCheet_Syn_IL2X,
(¢) BaatCheet_Human_Train, and (d) BaatCheet_Test.



Open-Source LLMs Dedicated MT Systems Proprietary LLM
Lang Pair Llama-3B Llama-8B Qwen3-4B Gemma3-4B Sarvam-T GMT IndicTrans2 BhashaVerse = GPT-40-mini
(a) Reference-Based COMET

Eng—Hin 0.7282 0.7546 0.6989 0.7881 0.8038  0.7957 0.7524 0.7543 0.7857
Eng—Tam 0.5745 0.7141 0.4945 0.8109 0.7725  0.8623 0.8079 0.8100 0.8393
Eng—Tel 0.5964 0.6257 0.5023 0.7644 0.8056  0.8391 0.8296 0.8210 0.8255
Hin—Tam 0.5054 0.5675 0.5079 0.7998 0.6541  0.8791 0.8010 0.8554 0.8686
Hin—Tel 0.5316 0.5939 0.5164 0.7983 0.6748  0.8654 0.8273 0.8327 0.8659
TOTAL AVG  0.5872 0.6512 0.5440 0.7923 0.7422  0.8483 0.8036 0.8147 0.8370
(b) Reference-Free COMET-QE
Eng—Hin 0.7745 0.8137 0.7507 0.8383 0.8463  0.8613 0.8430 0.8427 0.8498
Eng—Tam 0.5446 0.7118 0.4892 0.8324 0.7741  0.8704 0.8462 0.8514 0.8597
Eng—Tel 0.5589 0.6081 0.4914 0.8087 0.8184  0.8589 0.8517 0.8462 0.8519
Hin—Tam 0.4637 0.5417 0.4485 0.7771 0.8160  0.8475 0.7710 0.8143 0.8532
Hin—Tel 0.5130 0.5687 0.4893 0.8052 0.8284  0.8477 0.8041 0.8147 0.8500
TOTAL AVG  0.5710 0.6488 0.5338 0.8124 0.8166  0.8571 0.8232 0.8339 0.8529

Table 8: Language-pair disaggregated baseline evaluation across nine candidate systems on BaatCheet_Human_Train, evaluated
using (a) reference-based COMET and (b) reference-free COMET-QE. Bold text indicates the highest score per language pair.
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Reference-Based COMET Reference-Free COMET-QE

Lang Pair Data Source GMT GPT IndicTrans2 BhashaVerse GMT GPT IndicTrans2 BhashaVerse

(a) Human_Train_X2IL (X — IL Direction)

DailyTalk 0.7628 0.7506 0.7350 0.7257 0.8587 0.8474 0.8417 0.8297
Ene—sHin MuTual 0.8059 0.8064 0.7526 0.7724 0.8597 0.8492 0.8329 0.8440
g News-gen 0.8185 0.8000 0.7696 0.7649 0.8655 0.8527 0.8542 0.8544
AVG 0.7957 0.7857 0.7524 0.7543 0.8613 0.8498 0.8430 0.8427
DailyTalk 0.8295 0.7900 0.8055 0.8010 0.8693 0.8502 0.8603 0.8563
Ene—sTam MuTual 0.8607 0.8535 0.7890 0.8101 0.8690 0.8605 0.8258 0.8473
& News-gen 0.8969 0.8743 0.8294 0.8189 0.8729 0.8684 0.8525 0.8505
AVG 0.8623 0.8393 0.8079 0.8100 0.8704 0.8597 0.8462 0.8514
DailyTalk 0.8390 0.7951 0.8409 0.8293 0.8607 0.8490 0.8544 0.8487
Ene—sTel MuTual 0.8267 0.8342 0.8160 0.8065 0.8549 0.8489 0.8457 0.8405
& News-gen 0.8517 0.8474 0.8319 0.8272 0.8610 0.8578 0.8550 0.8493
AVG 0.8391 0.8255 0.8296 0.8210 0.8589 0.8519 0.8517 0.8462
Hinglish-Chat 0.8786 0.8708 0.7844 0.8576 0.8335 0.8400 0.7507 0.7998
Hin—Tam News-gen 0.8796 0.8665 0.8175 0.8532 0.8614 0.8664 0.7914 0.8288
AVG 0.8791 0.8686 0.8010 0.8554 0.8475 0.8532 0.7710 0.8143
Hinglish-Chat  0.8375 0.8425 0.7921 0.8042 0.8339 0.8387 0.7789 0.7945
Hin—Tel  News-gen 0.8933 0.8893 0.8626 0.8612 0.8615 0.8614 0.8294 0.8350
AVG 0.8654 0.8659 0.8273 0.8327 0.8477 0.8500 0.8041 0.8147

(b) Human_Train_IL2X (IL — X Direction)
DailyTalk 0.8677 0.8642 0.8415 0.8136 0.8537 0.8513 0.8492 0.8337
Hin—En MuTual 0.8595 0.8735 0.8510 0.8267 0.8535 0.8508 0.8501 0.8354
& News-gen 0.8666 0.8832 0.8506 0.8268 0.8447 0.8425 0.8325 0.8246
AVG 0.8646 0.8736 0.8477 0.8223 0.8506 0.8482 0.8440 0.8312
DailyTalk 0.8331 0.8496 0.7968 0.7585 0.8286 0.8335 0.7912 0.7656
Tam—En MuTual 0.8576 0.8751 0.8210 0.7899 0.8357 0.8379 0.8029 0.7887
& News-gen 0.8517 0.8766 0.7887 0.7923 0.8227 0.8258 0.7455 0.7797
AVG 0.8475 0.8671 0.8022 0.7802 0.8290 0.8324 0.7799 0.7780
DailyTalk 0.8571 0.8707 0.8341 0.7853 0.8268 0.8266 0.8069 0.7492
Tel—En MuTual 0.8551 0.8652 0.8366 0.7251 0.8358 0.8343 0.8154 0.7124
& News-gen 0.8494 0.8773 0.8232 0.7872 0.8140 0.8143 0.7812 0.7395
AVG 0.8538 0.8711 0.8313 0.7659 0.8255 0.8251 0.8012 0.7337
Hinglish-Chat  0.8089 0.8189 0.6911 0.7553 0.7870 0.8026 0.7329 0.7570
Tam—Hin News-gen 0.8170 0.8351 0.7367 0.7798 0.7478 0.7632 0.6881 0.7047
AVG 0.8130 0.8270 0.7139 0.7676 0.7674 0.7829 0.7105 0.7308
Hinglish-Chat 0.7837 0.8096 0.7091 0.6615 0.8212 0.8372 0.7688 0.7044
Tel—+Hin  News-gen 0.8423 0.8692 0.8070 0.7790 0.8363 0.8462 0.8153 0.7605
AVG 0.8130 0.8394 0.7581 0.7202 0.8288 0.8417 0.7921 0.7324

Table 9: Candidate MT evaluation scores on BaatCheet_Human_Train candidate sets disaggregated by language pair and data
source for both (a) X — IL and (b) IL — X directions (X are English and Hindi, IL are Hindi, Tamil and Telugu), evaluated
using Reference-Based COMET and Reference-Free COMET-QE. Bold values indicate the highest score per row for each
evaluation metric block.

(a) Utt-Avg Strategy (Dialogue Counts, N = 510) (b) Utt-High Strategy (Utterance Turn Counts, N = 8,427)
X2IL Direction (X — IL) IL2X Direction (IL — X) X2IL Direction (X — IL) IL2X Direction (IL — X)
MT Engine COMET-QE COMET COMET-QE COMET COMET-QE COMET COMET-QE COMET

GMT 320 320 199 79 3,506 3,449 3,210 2,811
GPT-40-mini 154 127 294 431 2,690 2,541 3,720 4,725
IndicTrans2 32 37 16 0 1,154 1,186 1,017 573
BhashaVerse 4 26 1 0 1,077 1,251 480 318
Total 510 510 510 510 8,427 8,427 8,427 8,427

Table 10: Candidate MT system selection counts on BaatCheet_Human_Train candidate sets under both (a) Utt-Avg (dialogue-
level engine selection across 510 dialogues) and (b) Utt-High (utterance-level turn selection across 8,427 turns) filtering strategies,
evaluated using reference-free COMET-QE and reference-based COMET. Bold text highlights the most selected MT engine per
column.
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(a) DOC-COMET Metric Validation (b) COMTAIL Metric Validation

Selection via COMET Selection via COMET-QE Selection via COMET Selection via COMET-QE

Lang Pair Utt-Avg  Utt-High  Utt-Avg Utt-High Utt-Avg  Utt-High  Utt-Avg Utt-High

(a) Human_Train_X2IL(X — IL)

Eng—Hin 0.9049 0.9041 0.9057 0.9082 09177 0.9189 0.9213 0.9263
Eng—Tam 0.9012 0.9018 0.9033 0.9067 0.8198 0.8209 0.8270 0.8466
Eng—Tel 0.8932 0.8958 0.8958 0.9004 0.9277 0.9305 0.9320 0.9371
Hin—Tam 0.8272 0.8296 0.8412 0.8489 0.8925 0.8946 0.8999 0.9151
Hin— Tel 0.8538 0.8596 0.8554 0.8628 0.9004 0.9011 0.9035 0.9140
Overall AVG  0.8761 0.8782 0.8803 0.8854 0.8916 0.8932 0.8967 0.9078

(b) BaatCheet_ Human_Train_IL2X (IL — X)

Hin—Eng 0.8787 0.8789 0.8808 0.8840 0.5508 0.5486 0.5532 0.5584
Tam—Eng 0.8543 0.8538 0.8536 0.8594 0.5998 0.5996 0.6000 0.6010
Tel—Eng 0.8475 0.8469 0.8484 0.8522 0.5998 0.5987 0.6015 0.6055
Tam—Hin 0.7625 0.7626 0.7686 0.7733 0.6748 0.6749 0.6844 0.7136
Tel—Hin 0.8448 0.8433 0.8444 0.8487 0.7762 0.7809 0.7976 0.8349
Overall AVG  0.8376 0.8371 0.8392 0.8435 0.6403 0.6405 0.6474 0.6627

Table 11: Selection strategy validation on BaatCheet_Human_Train candidate outputs comparing Utt-Avg vs Utt-High filtering
strategies under both COMET and COMET-QE candidate selection, evaluated using (a) Context-aware DOC-COMET and (b)
Indic-specialized COMTAIL metrics across all language directions. Bold text highlights the winning strategy under COMET-QE
selection.

Syn_X2IL+ Syn_IL2X+ Syn_Both Syn_Both

Model LP Zero-Shot Few-Shot Syn_X2IL Syn_IL2X HT HT HT +HT +3*HT
Eng-Hin  0.496 0.558 0.751 0748 0748  0.747 0.736 0.712 0.604
Eng-Tam  0.539 0.572 0.775 0699 0672 0733 0.670 0.769 0.727

Liama.g EngTel  0.523 0.556 0.784 0.694 0699 0711 0.694 0.786 0.759

M58 HinTam  0.567 0.642 0.790 0753  0.723  0.764 0.730 0.778 0.786
Hin-Tel  0.533 0.605 0.801 0746 0728  0.751 0.708 0.779 0.760
AVGs 0.532 0.586 0.780 0728 0714 0741 0.708 0.765 0.727
Eng-Hin  0.633 0.637 0.792 0770 0754  0.745 0.752 0.794 0.802
Eng-Tam  0.701 0.680 0.800 0717 0790  0.702 0.697 0.792 0.841

Liama.gg EngTel 0723 0.728 0.812 0706 0778  0.700 0.696 0.796 0.857

aMa-S5 HinTam  0.741 0.698 0.804 0.757  0.799  0.733 0.742 0.788 0.857
Hin-Tel  0.759 0.698 0.804 0760 0815  0.719 0.718 0.795 0.874
AVGs 0.711 0.688 0.802 0742 0787  0.720 0.721 0.793 0.846
Eng-Hin  0.430 0.742 0.765 0727  0.800  0.782 0.792 0.683 0.606
Eng-Tam  0.480 0.602 0.795 0.630 0.843  0.827 0.833 0.694 0.555

G Eng-Tel 0438 0.557 0.821 0774 0839 0819 0.825 0.777 0.547

e Hin-Tam  0.587 0.688 0.808 0.645 0.834  0.829 0.833 0.736 0.698
Hin-Tel  0.578 0.616 0.850 0772 0845 0838 0.829 0.808 0.639
AVGs 0.502 0.641 0.808 0710 0832 0819 0.822 0.740 0.609
Eng-Hin  0.590 0.464 0.811 0779 0825  0.822 0.821 0.805 0.788
Eng-Tam  0.679 0.527 0.862 0.819 0866  0.868 0.851 0.830 0.854

S Eng-Tel  0.691 0.463 0.867 0771 0862  0.862 0.848 0.862 0.832

AVAM - HinTam  0.537 0.517 0.871 0.818 0.747  0.865 0.865 0.863 0.857
Hin-Tel  0.587 0.457 0.665 0842 0860  0.870 0.864 0.876 0.875
AVGs 0.617 0.486 0.815 0.806 0.832  0.857 0.850 0.847 0.841
Eng-Hin  0.717 0.638 0.792 0750 0765  0.770 0.727 0.713 0.790
Eng-Tam  0.630 0.634 0.841 0718 0779  0.815 0.719 0.749 0.849

9 Eng-Tel  0.653 0.638 0.846 0716 0784  0.794 0.722 0.826 0.838

Vel Hin-Tam  0.694 0.690 0.852 0.746  0.827  0.829 0.766 0.759 0.843
Hin-Tel  0.705 0.702 0.855 0757 0824 0823 0.751 0.801 0.824
AVGs 0.680 0.660 0.837 0737 0796  0.806 0.737 0.770 0.829

Table 14: Utterance-level COMET scores on BaatCheet_Test. Shaded cells represent the best performance per
language pair. Syn_Both denotes Syn_[X2IL+IL.2X] and HT denotes Human_Train
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Syn_X2IL+ Syn_IL2X+ Syn_Both Synt_Both

Model LP Zero-Shot Few-Shot Syn_X2IL Syn_IL2X HT HT HT +HT +3*HT
Eng-Hin 0.675 0.495 0.710 0.700  0.705 0.705 0.688 0.661 0.507
Eng-Tam  0.556 0.552 0.682 0.577  0.587 0.675 0.584 0.688 0.659
Llama-3B Eng-Tel 0.590 0.525 0.713 0.581 0.601 0.650 0.608 0.710 0.699
Hin-Tam 0.499 0.531 0.555 0.602  0.588 0.590 0.593 0.617 0.729
Hin-Tel 0.523 0.474 0.572 0.597 0.563 0.589 0.578 0.635 0.700
AVGs 0.568 0.515 0.647 0.611 0.609 0.642 0.610 0.662 0.658
Eng-Hin 0.520 0.567 0.747 0.734  0.714 0.702 0.709 0.753 0.764
Eng-Tam  0.640 0.601 0.740 0.611 0.753 0.644 0.639 0.727 0.785
Llama-8B Eng-Tel 0.679 0.654 0.752 0.623 0.739 0.644 0.634 0.734 0.803
Hin-Tam 0.688 0.620 0.597 0.620  0.771 0.558 0.590 0.588 0.802
Hin-Tel 0.715 0.593 0.614 0.621 0.753 0.586 0.591 0.597 0.810
AVGs 0.648 0.607 0.690 0.642  0.746 0.626 0.632 0.680 0.793
Eng-Hin 0.352 0.259 0.717 0.681 0.756 0.737 0.749 0.629 0.620
Eng-Tam  0.376 0.315 0.737 0477  0.793 0.776 0.781 0.595 0.566
Gemma Eng-Tel 0.331 0.280 0.781 0.704  0.792 0.771 0.779 0.710 0.488
Hin-Tam 0.520 0.524 0.741 0.558  0.775 0.778 0.783 0.663 0.626
Hin-Tel 0.494 0.500 0.780 0.751 0.769 0.775 0.761 0.736 0.586
AVGs 0.415 0.376 0.751 0.634  0.777 0.767 0.770 0.667 0.577
Eng-Hin 0.604 0.333 0.766 0.747  0.782 0.776 0.782 0.759 0.759
Eng-Tam  0.475 0.440 0.809 0.746  0.822 0.819 0.816 0.772 0.796
Sarvam Eng-Tel 0.644 0.384 0.815 0.791 0.817 0.815 0.812 0.809 0.807
Hin-Tam 0.356 0.305 0.818 0.743 0.802 0.812 0.817 0.808 0.808
Hin-Tel 0.398 0.283 0.596 0.776  0.789 0.800 0.794 0.810 0.808
AVGs 0.495 0.349 0.760 0.761 0.802 0.804 0.804 0.796 0.792
Eng-Hin 0.683 0.617 0.750 0.710  0.721 0.729 0.698 0.732 0.745
Eng-Tam  0.522 0.552 0.783 0.600  0.722 0.760 0.661 0.797 0.797
Qwen Eng-Tel 0.559 0.552 0.798 0.617  0.718 0.734 0.677 0.789 0.789
Hin-Tam 0.600 0.591 0.798 0.622  0.785 0.778 0.677 0.799 0.799
Hin-Tel 0.640 0.598 0.795 0.620  0.759 0.744 0.645 0.793 0.793
AVGs 0.601 0.582 0.785 0.634  0.741 0.749 0.672 0.784 0.784

Table 15: DOC-COMET on BaatCheet_Test. Shaded cells represent the best performance per language pair.
Syn_Both denotes Syn_[X2IL+IL2X] and HT denotes Human_Train
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Syn_X2IL+  Syn_IL2X+  Synt_Both  Syn_Both

Model LP Zero-Shot  Few-Shot  Syn_X2IL  Syn_IL2X HT HT HT +HT +3*HT
Eng-Hin 0.394 0.498 0.755 0.715 0.723 0.717 0.713 0.698 0.555
Eng-Tam 0.417 0.434 0.615 0.524 0.513 0.558 0.506 0.610 0.553
Llama-3B Eng-Tel 0.301 0.315 0.700 0.524 0.515 0.536 0.497 0.701 0.658
Hin-Tam 0.390 0.430 0.621 0.549 0.529 0.567 0.535 0.609 0.604
Hin-Tel 0.306 0.408 0.716 0.606 0.581 0.621 0.553 0.681 0.648
AVGs 0.362 0.417 0.681 0.584 0.572 0.600 0.561 0.660 0.604
Eng-Hin 0.480 0.601 0.806 0.736 0.735 0.724 0.728 0.804 0.805
Eng-Tam 0.524 0.534 0.635 0.528 0.586 0.534 0.534 0.624 0.651
Llama-8B Eng-Tel 0.535 0.588 0.745 0.534 0.617 0.507 0.494 0.718 0.814
Hin-Tam 0.512 0.484 0.637 0.548 0.588 0.518 0.531 0.622 0.694
Hin-Tel 0.564 0.539 0.713 0.614 0.715 0.573 0.564 0.705 0.818
AVGs 0.523 0.549 0.707 0.592 0.648 0.571 0.570 0.694 0.756
Eng-Hin 0.261 0.681 0.755 0.634 0.789 0.764 0.779 0.608 0.539
Eng-Tam 0.217 0.423 0.608 0.406 0.653 0.634 0.635 0.513 0.411
Gemma Eng-Tel 0.138 0.397 0.763 0.653 0.764 0.718 0.719 0.665 0.341
Hin-Tam 0.307 0.465 0.603 0.463 0.649 0.637 0.635 0.509 0.492
Hin-Tel 0.355 0.429 0.780 0.671 0.768 0.751 0.725 0.711 0.492
AVGs 0.256 0.479 0.702 0.565 0.724 0.701 0.699 0.601 0.455
Eng-Hin 0.532 0.315 0.826 0.770 0.825 0.821 0.817 0.820 0.800
Eng-Tam 0.514 0.389 0.688 0.607 0.677 0.671 0.654 0.665 0.676
Sarvam Eng-Tel 0.579 0.290 0.839 0.707 0.800 0.803 0.781 0.829 0.801
Hin-Tam 0.364 0.360 0.707 0.615 0.581 0.688 0.685 0.696 0.694
Hin-Tel 0.373 0.209 0.541 0.749 0.780 0.794 0.784 0.821 0.821
AVGs 0.472 0.313 0.720 0.690 0.733 0.755 0.744 0.766 0.758
Eng-Hin 0.698 0.615 0.807 0.731 0.752 0.759 0.708 0.720 0.795
Eng-Tam 0.496 0.494 0.666 0.527 0.591 0.615 0.541 0.584 0.663
Qwen Eng-Tel 0.510 0.467 0.802 0.542 0.646 0.667 0.550 0.766 0.787
Hin-Tam 0.534 0.512 0.687 0.533 0.641 0.638 0.565 0.599 0.679
Hin-Tel 0.586 0.566 0.791 0.619 0.730 0.727 0.614 0.714 0.762
AVGs 0.565 0.531 0.751 0.590 0.672 0.681 0.596 0.676 0.737

Table 16: COMTAIL Scores on BaatCheet_Test. Shaded cells represent the best performance per language pair.
Syn_Both denotes Syn_[X2IL+IL2X] and HT denotes Human_Train
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Utterance-Level DA+SQM-based Scoring Prompt Template for LLM-as-Judge fonttitle

System Prompt

You are an expert evaluator for dialogue translation. You have the ability to evaluate the translated utterances. You will
evaluate the provided Target utterances corresponding to Source utterances. You need to evaluate MULTIPLE utterances
simultaneously. For each utterance, provide a single DA score (0-100) based on the rubric.

Few-shot Injection (Optional)

You have been provided with some examples of human evaluations below... Use this understanding
to calibrate your own scoring for the new utterances.

Utterance-Level Scoring Rubric (0-100)
Score Range | Evaluation Criteria

00-15 Completely unusable: Nonsensical/total mistranslation; broken grammar; literal word-for-word
translation; original meaning cannot be recovered.

16-30 Very poor translation: Major errors in meaning/structure; important info added/omitted; extremely
awkward word order; general topic only guessable.

31-45 Meaning partially preserved: Recognizable source meaning but several errors remain; grammati-
cal/lexical issues affect clarity; intent may be distorted.

46-60 Meaning correct but unnatural: Core meaning preserved; grammatically acceptable but sounds
literal/stiff; uses formal words in conversational context.

61-75 Mostly accurate/somewhat natural: Message correct; minor awkward phrasing or slightly stiff
word order; tone and intent generally preserved.

76-90 Accurate and natural: Core message/tone clearly preserved; sounds natural and conversational;
minor stylistic imperfections that do not affect fluency.

91-100 Accurate and fully Natural: Meaning, tone, and intent perfectly preserved; native-like phrasing and
word order; correct honorifics and conversational markers.

Constraints: DA Score should be on a continuous scale of 0 to 100. Provide precise, granular scores. Do not round to
the nearest 5 or 10. Provide exactly the same number of scores as the number of utterances provided.

User Input Prompt

Here are {num_utterances} utterances to evaluate:
{paired_utterances_text}
Please evaluate the Target utterances and return a list of scores.

Figure 8: The prompt used for utterance-level evaluation. The dynamic variable {paired_utterances_text}
contains the list of source and target sentence pairs.

sogmom 1]

Speaker 1 Whata nice uniom! l
T L e P B
‘Speaker 1: Thats good. Have you met Jane yet? She's the inter i the intemational travel department.
a1 1. 1 ore @1 2 A o O ) R ) 2 7 e R 22 21
Speaker 2. Yeah, I've met her, She's a genius saleswoman!
aw 2: €, 9 e e 1 198 v oAfoe degia
Speaker 11 know! She could sell fridges o Eskimos!
a1 2 79 e 1 7 e e e o

Caherence & Cohesion (Dialogue Flow): 79

Naturalness: 64

Informality: 63

Figure 9: Dialogue-Level Annotation Platform
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Speaker 1 : What a nice uniform!

Speaker 1 : That's good. Have you me!

2 in the international travel department.

Speaker 2 : Yeah, I've met her. She's a genius saleswoman!

Speaker 1: | know! She could sell fridges to Eskimos!

e 1: T afga g @

t Jane yet? She's the intern

Siaeagta arn R A e 21

TR 1: UE ST &1 Ty S Sreft oen S @ Hemad 6 82 a8

TR 2: T, H TR qFIH Y 21 T G S Fewan 8

R 1 UAT B! F GferanA @ ket A wehd ot

Translation (Intent) : 90

OGomomey vy por 3 e

Translation (Intent) : 79

Translation (Intent) : 91

oCompny

Translation (Intent) : 56

oGy ivymwer 2
s vansin

Figure 10: Utterence-Level Annotation Platform

Sample Dialogue from SARVAM_Human_Train Configuration

[r—

Utterence_Level_Scores

SOURCE REFERENCE SARVAM_Human_Train Human GPT Gemini  Averages
) ; i Speaker 1: 3R fofer, 3¢ at Az e @, St opet wiae 1: 2 fofe, & simueht ot ATt S @ & G sifurd arem
Speaker 1: Hey Lindai% did you get that letter about the o
new options for food service next year? el & TS g sifer & ar & mar a1? Eradtcivd 97 80 85 87.33
Speaker 2: Tgt art aa at el e, @@ aga AR
Speaker 2: Not yet, are there a lot of changes? Tea 8?2 et 2: 3reft e, Tga W Feea o %@ & rm? 95 83 82 86.67
Speaker 1: gf, 1l &1 uget af TR AT & Hied Hl G
Speaker 1: There sure are, instead of paying one feetto B I A X1 0E &1 TSl o, 3rdl Q& el 81 91 &7 o Wftene 1: &, o1 @ &1 R et o & forg wap et thie & ot e
cover all meals for the whole school year. We are now G &dhd ﬁ:gﬂ%ﬂﬁm’—hﬁﬂa@q sﬁw@ﬁ%w%z TSI USaT AT| 3 8H gUd A feha T8 I+ IR el Tk, 3R
able to choose how many meals a week we want, and can aﬂiazawmél &, | Y gona # 1 e R oft Rt St & oy e R e §1 QR ATl & forg ead # 8 g
contractjust for that amount. We stil have topay the T g, Tifd 9 89 7, 10, 14 W21 M &g 3l 81, ifet 89 g A 7, 10, 14 71 21 IR e Fevdt 81
whole year at the beginning, but we can choose to buy 7,
10, 14 or 21 meals per week, They give you a card with a @ﬂz%ﬁr&él ek h1e Aok, s Prar@m fh e simueht geh R ot e, g o forar g & suent &2 gmat
number of meals you get each week marked on it. ﬁ% fener wfier AT fohaat ar= AT gehat €1 85! 48 35] 39.33
Speaker 2: That's a big change Tom, and a complicated fﬁl’;a‘fe' Zm;ﬁ?ﬁ:i?;%‘ff g1 a5 @ 2, 3R 2: 0w et o 2, 2, o e ?I o o 8 o
system. ST &EiC faw 2: S , €4, e ST S &
Speakerl aﬁﬁr-r:ﬂaﬁﬂéiﬁqwéﬁﬂ wfieR 1: &, Afeh St o ShtheRar # & & 3 IR @ 78t @
Speaker 1: Yeah, but it will be much better for people who
don'teat 3 meals a day 7 days a weekin the cateteria, PR A A & 7 3 Hlew Tl Wl o 76 I e Ik g g gt e 2, i I I ARA il @R E, I
because they don't have to pay for meals they don'teat. & 49 T8l & a2, ot @ @R & A forg & =1t e g2 52 35 48 45
. : Speaker 2: 31T, dt St 1T &% AT ol A WHT @I &,
Speaker 2: So, what's the deal for those who do eat at
school all the time? I7h forg @ e 82 wffer 2: ft, Sit T T J & @ @ § I e 67 82 80 76.33
) Speaker 1: 37 g oft $ics &1 8, e~ e Hiew a1 - Tl 1: T8 37 g oft Sgar g, it S surer ara smo
Speaker 1: It better for them, too, because the more <
meals you contract for, the cheaper each one is. QFT?HZ HNY, gR Hiet a1 & T q%rm Eﬂéﬁ HA I & FET ﬂé_“m 66 62 52 60
Speaker 2: T9gT TS, TR fth off gt sifcaches a1 @
Speaker 2: | see, it still sounds rather complicated. =R e 2: & ozt m, 7 sft oft wnht sifea @ zgT 21 98 76 84 86
Speaker 1: True, it took me several hours to figure it out. | Speaker 1 Hﬁaﬁ'?ﬁﬁ ﬂﬂ‘ﬂmﬂﬁéﬂéﬁﬂ it 1: U??ﬁlé, gﬁimsﬁﬁﬁs}méa%annql A 1097
decided to go with the 10 meal plan. M1 # &t 10 Hiet arett i o forami Tell @I 51 60 55 55.33
Speaker 2: Why is that? Speaker 2: at i? T 2: T |2 97 88 88 91
Speaker 1: 3@, # df Septre F3f @rar 8 78, ok
iehed TR SR R aelt Sidm gl at 10 A W @ wfieR 1: axarad, # Arsar T awar 3R iR didhs wR areR Feln
Speser . el s et kit ad e 00 4 531 s R f o (e ot , 1 6. ST WG 10 a7 e e 3 s e o e
dinner every weekday at a fairly low price, and | won't be Wkwl@ﬂ?ﬁﬂm%maﬂlﬂiﬁaﬂm,ﬁﬁ mwéﬁ%aﬂﬁn,aﬂ?ﬂ?ﬂaﬂqﬁﬁq%ﬂﬁﬁﬁm
paying for meals | don't usually eat. e & e g3, Sit & SR o e @ gl 49 62 58 56.33
Dialogue_Level_Scores
A sample from the best performing model: sarvam Fine-Tuned on BaatCheet Human_Train. | Human I GPT GEMINI AVERAGES
Figure shows from Hindi with MT and reference. Also presents the Nat Inf Coh  Nat Inf Coh Nat Inf Coh  Nat Coh
utterence level and dialogue level DA. 28 66 9 20 52 5o 8 68 5> (3867 5333

Figure 11: A sample dialogue in our error analysis suggests that there are still formal-style dialogues. While the baseline
semantics are preserved, the translations are only somewhat natural. This finding supports our conclusion that synthetic data
alone is insufficient for capturing deep conversational nuances, reinforcing the necessity for larger-scale, human-curated informal

dialogue datasets.

150



7-Scale SQM Rubric Eng-Hin Eng-Tam Eng-Tel Hin-Tam Hin-Tel

(a) Utterance-Level Accuracy

00-15: Completely unusable 0 0 0 0 0
16-30: Very poor translation 0 0 0 0 0
31-45: Meaning partially preserved 0 0 0 0 0
46-60: Meaning correct but unnatural 0 1 0 1 1

61-75: Mostly accurate and somewhat natural 6 25 23 13 11
76-90: Accurate and natural (minor slips) 24 4 7 6 8

91-100: Accurate and fully Natural 0 0 0 0 0
(b) Dialogue-Level: Naturalness

00-15: Ungrammatical and Unnatural 0 0 0 0 0
16-30: Ungrammatical but somewhat natural 0 0 0 0 0
31-45: Minor errors but somewhat natural 0 0 2 0 0
46-60: Grammatical but not natural 3 6 8 4 3

61-75: Grammatical and somewhat natural 18 24 18 12 13
76-90: Grammatical and natural (minor flaws) 9 0 2 4 4
91-100: Grammatical and Natural 0 0 0 0 0
(c) Dialogue-Level: Informality

00-15: Highly Formal 0 1 0 0 0

16-30: Very Formal 0 8 0 3 0

31-45: Moderately Formal 1 10 1 5 0

46-60: Neutral 8 7 6 8 0

61-75: Slightly Informal 20 4 22 4 14
76-90: Very Informal 1 0 1 0 6

91-100: Extremely Informal / Casual 0 0 0 0 0

(d) Dialogue-Level: Cohesion & Coherence

00-15: Incoherent and Incohesive 0 0 0 0 0

16-30: Somewhat Coherent but Incohesive 0 0 0 0 0

31-45: Somewhat coherent and cohesive 0 0 0 0 0

46-60: Coherent and partially cohesive 2 2 3 2 3

61-75: Somewhat coherent and cohesive 8 17 18 12 11
76-90: Strong Coherence and Cohesion 20 11 9 6 6

91-100: Fully Coherent and Cohesive 0 0 0 0 0

Total Dialogues Evaluated 30 30 30 20 20

Table 17: SQM score distributions across language directions for Sarvam-Translate fine-tuned on BaarCheet_Human_Train,
disaggregated by (a) Utterance-level Accuracy and Dialogue-level factors: (b) Naturalness, (c) Informality, and (d) Cohesion &
Coherence. Bold values indicate peak distribution bands.
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GPT vs Human Gemini vs Human GPT vs Gemini

Factor Model r T r T T T

Gemma3-4B 0.544 0.361 0.574 0.395 0.687 0.504
Llama-3.2-3B  0.540 0.382 0.606 0.427 0.758 0.548
Llama-3.1-8B  0.594 0.422 0.665 0.486 0.788 0.605

Naturalness 0013 4B 0543 0321  0.639 0.397 0.734  0.514
Sarvam-T 0539 0367  0.639 0.435 0.723  0.529
AVG 0552 0370  0.625 0.428 0.738  0.540
Gemma3-4B 0283  0.195 0273 0.167 0340 0241
Llama-32-3B 0385 0256  0.377 0.264 0447 0302
Informality  ama-3.1-8B 0356 0259 0308 0.195 0331 0232
Qwen3-4B 0347 0232  0.320 0.188 0373  0.236
Sarvam-T 0344 0217  0.383 0.231 0466 0321
AVG 0343 0232 0.332 0.209 0391  0.266

Gemma3-4B 0.468 0.323 0.558 0.398 0.624 0.440
Llama-3.2-3B  0.651 0.462 0.695 0.503 0.869 0.684
Cohesion &  Llama-3.1-8B  0.535 0.377 0.648 0.471 0.738 0.546

Coherence Qwen3-4B 0.605 0.318 0.694 0.431 0.787 0.501
Sarvam-T 0.547 0.342 0.638 0.408 0.699 0.490
AVG 0.561 0.364 0.647 0.442 0.743 0.532

Gemma3-4B 0.714 0.517 0.706 0.541 0.773 0.595
Llama-3.2-3B  0.818 0.622 0.806 0.624 0.878 0.706
Utterance Llama-3.1-8B  0.682 0.507 0.679 0.539 0.788 0.613

Level Qwen3-4B 0.665 0.477 0.662 0.503 0.765 0.584
Sarvam-T 0.632 0.367 0.630 0.420 0.704 0.485
AVG 0.702 0.498 0.697 0.525 0.781 0.597

Table 18: Per-model inter-judge correlation (r = Pearson, 7 = Kendall’s 7) across all four evaluation factors between GPT-4o-
mini, Gemini-Flash-Lite, and Human Expert Linguists. Bold rows indicate cross-model averages.
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