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Abstract

Bengali is spoken by more than 230 million
people, yet no standardized instrument evalu-
ates large language models (LLMs) on Ben-
gali across the task categories used to bench-
mark frontier models. We release 8 English
benchmarks translated into Bengali with a sin-
gle consistent pipeline and use them to evalu-
ate 10 open LLMs from 4 families on paired
English and Bengali inputs. Script fragmen-
tation is what subword tokenizers do to Ben-
gali’s alphasyllabary, whose written units are
grapheme clusters spanning several Unicode
code points: they cut the script into pieces
smaller than a character, at a cost set by the
vocabulary rather than the script itself. Format
belongs to the evaluation, the answer shape
that exact-match scoring demands regardless
of whether the model knew the answer. Be-
yond confirming a substantial gap (macro LLM-
judge score 0.79 in English versus 0.63 in Ben-
gali), we show that part of it is a measurement
artifact: exact-match accuracy conflates cor-
rectness with format adherence and because
format failure is asymmetric across languages
it distorts the gap for some models three to
five fold and even reverses its sign for one
reasoning-tuned model. On the fragmentation
side, Bengali costs roughly five times more
tokens per word than English, the 10 models
share only 4 vocabularies and that cost varies
twofold across them: the same Bengali word av-
erages 7.9 tokens under the Llama 3 tokenizer
but 4.0 under Mistral’s Tekken. Under three of
the four vocabularies the average Bengali to-
ken covers fewer bytes than a single code point.
Bengali is the constant here and the vocabu-
laries are not and so what Bengali text costs
is set by tokenizer design rather than by the
script. Fertility and sequence length correlate
only weakly with scores (r = —0.23), so we
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present this as a cost and segmentation concern
rather than a driver of the gap. The datasets,
pipeline and evaluation code are released.

1 Introduction

Open large language models are now routinely
compared on a standard set of English bench-
marks covering commonsense reasoning, science
questions, mathematics and broad knowledge
(Grattafiori et al., 2024; Yang et al., 2025). For
Bengali, one of the most widely spoken languages
in the world, no comparable evaluation suite ex-
ists. This is not because Bengali lacks data
or models: it has dedicated pretrained models
such as BanglaBERT (Bhattacharjee et al., 2022),
BanglaGPT (Salim et al., 2023), TituLLM (Nahin
et al., 2025) and TigerLLLM (Raihan and Zampieri,
2025) and roughly 30 billion tokens of curated pre-
training text in the Sangraha corpus (Khan et al.,
2024). What Bengali lacks is an instrument: a
set of evaluation benchmarks that spans the same
task categories as the English suites, is constructed
consistently enough that scores are comparable
across tasks and comes with an analysis of where
its measurements can be trusted. Existing Bengali
evaluations cover individual slices (science QA in
BEnQA (Shafayat et al., 2024), the task selections
of BenLLMEval (Kabir et al., 2023)) and trans-
lated collections such as Okapi (Lai et al., 2023)
and Indic-Evals (Sarvam Al, 2024) cover several
individual benchmarks, but no resource supports a
controlled English—-Bengali comparison across the
full commonsense, science, math and multidomain
spectrum. We argue that Bengali is best described
not as data-poor but as evaluation-poor and this
paper is about building and testing the missing in-
strument.
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The first of the two concepts is script fragmen-
tation, and it starts from Bengali’s writing system.
Bengali is written in an alphasyllabary in which di-
acritics attach on either side of a base character and
consonants combine into conjunct forms, produc-
ing multi-character grapheme clusters that consti-
tute the writing system’s natural units (Alam et al.,
2021). In the word chandra (moon), for example,
the cluster ndra is one written character built from
five code points: three consonants joined by two vi-
rama signs. Bengali handwriting recognition works
at this level, recovering grapheme clusters rather
than individual code points (Alam et al., 2021); sub-
word tokenization faces the text-side instance of
the same segmentation problem. Byte-pair vocab-
ularies trained predominantly on Latin-script text
split Bengali into units smaller than its characters
(Rust et al., 2021; Petrov et al., 2023); we measure
this with standard tokenizer statistics (§4.3). The
cut runs deep: under three of the 4 vocabularies the
evaluated models share, the average Bengali token
spans 2.2 - 2.6 bytes, less than a single three-byte
Bengali code point, while the average English to-
ken spans 4.4 - 4.9 bytes. The depth is not fixed
by the script: it varies twofold across those vocab-
ularies, so fragmentation is a tokenizer choice. A
benchmark suite with paired English and Bengali
versions of identical content is precisely the setting
in which this cost can be quantified, which is what
we do here.

Format, the second concept, is a property of the
evaluation rather than the language. Benchmark
prompts instruct models to answer in a fixed shape
(Correct Answer: [option] in our setup) and
exact-match scoring accepts nothing else: a model
that replies “the correct answer is (b)” or reasons
before stating the answer is scored wrong despite
knowing it. The response error rate (§4.2) measures
this failure and §6.1 shows it strikes Bengali and
English unequally.

Concretely, we translate 20 widely used English
benchmarks into Bengali using a single consistent
GPT-40-mini pipeline, evaluate 8 of them with 10
open instruction-tuned models from the LLaMA,
Qwen, Mistral and DeepSeek-R1 families in the
range of 3B to 72B parameters, on the paired En-
glish and Bengali versions under three metrics:
exact-match accuracy, an LLM-judge score and
a response-format error rate. The headline gap is
real: macro-averaged over models and tasks, En-
glish scores exceed Bengali scores by 0.17 - 0.18
on the O - 1 score scale under both metrics (LLM-

judge: 0.79 vs. 0.63). The paired design also lets
us decompose the gap; the decomposition is where
the findings lie.

Our contributions are:

* A uniformly constructed Bengali evaluation
suite. 8 benchmarks covering commonsense,
science, math and multidomain knowledge,
all translated with one pipeline and released
with the pipeline and evaluation code. The
suite complements existing Bengali resources:
it adds WinoGrande, CommonsenseQA and
OpenBookQA, for which we are not aware
of public Bengali versions and, unlike prior
translated collections assembled from het-
erogeneous sources, all datasets share one
pipeline, prompt format and validation pro-
cedure (§3.4).

A paired English-Bengali evaluation of 10
open LLMs across 4 families and three met-
rics, quantifying how the gap varies with
model scale and family (§5).

Evidence that exact-match scoring con-
flates format adherence with capability.
When format-error rates are below 5% in both
languages, exact-match and judge-based es-
timates of the cross-lingual gap agree within
about 0.05; when format errors exceed 10%,
exact match misstates the gap by 0.09 - 0.24
and can invert its sign. Reasoning-tuned mod-
els are penalized hardest. This extends known
results on format sensitivity (Sclar et al., 2024;
Zheng et al., 2024; Alzahrani et al., 2024) to
the cross-lingual setting, where the artifact is
asymmetric and therefore biases gap estimates
rather than merely adding noise (§6.1).

A script-fragmentation characterization.
The script is fixed; the tokenizer decides what
its text costs. Bengali fertility averages 6.7—
7.4 tokens per word against ~1.3 for English,
but that pooled figure hides a twofold spread
across the 4 vocabularies the 10 models share
(7.9 for Llama 3, 4.0 for Tekken); per-instance
sequence lengths inflate by up to 5.5x%, and
three of the 4 vocabularies produce tokens
spanning less than a single Bengali character
while Tekken clears that boundary. We report
a weak negative association between fragmen-

tation and scores (r = —0.23) and are explicit
that our evidence does not support a causal
claim (§6.2).



2 Related Work

Bengali and Indic evaluation resources. Dedi-
cated Bengali models include BanglaBERT (Bhat-
tacharjee et al., 2022), BanglaGPT (Salim et al.,
2023), TituLLM (Nahin et al., 2025) and Tiger-
LLM (Raihan and Zampieri, 2025). On the evalua-
tion side, BenLL.MEval assembled a first LLM eval-
uation for Bengali (Kabir et al., 2023), BEnQA pro-
vides parallel English-Bengali science questions
from Bangladeshi curricula (Shafayat et al., 2024)
and the IndicLLMSuite provides pretraining and
fine-tuning data across 22 Indian languages (Khan
et al., 2024). Closest to our artifact, Okapi (Lai
et al., 2023) released ChatGPT-translated versions
of ARC, HellaSwag and MMLU in 26 languages
including Bengali, Sarvam AI’s Indic-Evals col-
lection (Sarvam Al, 2024) releases Indic transla-
tions, including Bengali, of MMLU, BoolQ, ARC-
Challenge and GSM8K and Global-MMLU (Singh
et al., 2025) includes a Bengali split with partly
human-verified translations. Section 3.4 details
how our suite relates to these resources.

Bootstrapping benchmarks by translation.
Translating English benchmarks is an established
first step for languages without native evaluation
suites: Turkish LLM development relied on trans-
lated benchmarks (Acikgoz et al., 2024) and the
Aya project used translation alongside human tem-
plating across 100+ languages (Ustiin et al., 2024).
The approach has known costs, translationese,
cultural mismatch and translation errors, that na-
tive construction, as in the Khayyam Challenge
(Ghahroodi et al., 2024), avoids. We take the trans-
lation route with open eyes: it is the only way to
obtain paired English-Bengali versions of identi-
cal items, which our measurement analysis requires

(83.9).

Tokenization and script fragmentation. Fertil-
ity and related statistics have long been used to
compare tokenizers across languages (Rust et al.,
2021) and tokenizer disparities translate into real
cost and context-length penalties for non-Latin
scripts (Petrov et al., 2023; Ahia et al., 2023). Tok-
enizer choice measurably affects downstream per-
formance (Ali et al., 2024; Dagan et al., 2024) and
subword fragmentation degrades robustness (Chai
et al., 2024). For Indic scripts specifically, recent
work proposes morphologically and orthographi-
cally grounded segmentation (Brahma et al., 2025;
Vemula et al., 2025; Libovicky and Helcl, 2024)

and byte-level modeling for Bangla (Bhattacharyya
and Bhattacharya, 2025). The visual counterpart
of the segmentation problem is central to Bengali
handwritten grapheme recognition (Alam et al.,
2021). Our contribution is descriptive: paired statis-
tics locating the fragmentation below the character
level.

Evaluation robustness and format sensitivity.
LLM scores are highly sensitive to prompt for-
matting (Sclar et al., 2024), option ordering and
selection biases in MCQ (Zheng et al., 2024) and
small benchmark perturbations (Alzahrani et al.,
2024); prompt-sensitivity benchmarks quantify this
variance systematically (Razavi et al., 2025; Polat
et al., 2024). Unreliable answer extraction is a
recognized failure mode of evaluation harnesses
(Yu et al., 2025) and LLM-as-judge protocols are
the standard mitigation, with known biases of their
own (Zheng et al., 2023). We build on this litera-
ture rather than proposing new metrics: in a cross-
lingual setting these known artifacts become asym-
metric between languages, turning benign noise
into systematic bias on gap estimates.

3 The Bengali Benchmark Suite

3.1 Benchmark Selection

Starting from the suites used to report results
for open model families (Grattafiori et al., 2024),
we translated 20 English benchmarks into Ben-
gali (inventory in Appendix A) and selected 8
spanning 4 task categories with well-defined an-
swers that support automatic scoring: common-
sense and reading comprehension (HellaSwag,
WinoGrande, CommonsenseQA, OpenBookQA,
BoolQ), science (ARC, contributing ARC-Easy
and ARC-Challenge splits), math (GSM8K) and
multidomain knowledge (MMLU). Because ARC
contributes two evaluation splits, result tables re-
port 9 columns for the 8 benchmarks.

3.2 Translation Pipeline

All datasets were translated with
gpt-40-mini-2024-07-18. The model was
prompted as a professional translator, instructed
to preserve meaning, tone, idioms, proper nouns
and, critically, the ground-truth answer values and
to emit valid JSON so that translations could be
machine-validated (Table 8). Automated checks
validated JSON structure, key completeness
and answer-key integrity for every item; entries
that failed validation or were dropped by the



batched pipeline were detected by log analysis
and retranslated until the datasets were complete.
Translating all 20 benchmarks cost approximately
$200, evidence that this bootstrap is affordable for
other underserved languages.

3.3 Translator Selection

Before committing to a translation engine, we
compared Google Translate, Azure Translator and
gpt-40-mini-2024-07-18 in a blind review: re-
viewers(native Bengali speakers) saw translations
of the same source items without knowing which
system produced them and indicated which they
preferred. GPT-40-mini was preferred for accuracy
and coherence and was used for the full pipeline.
We did not log the number of reviewers, use a for-
mal rubric or compute inter-rater agreement, so
we treat this as an informal preference test that
guided an engineering choice, not as a validation
of translation quality (§3.5).

3.4 Position Relative to Existing Resources

Bengali versions of some of these benchmarks
already exist: Okapi (Lai et al., 2023) includes
ChatGPT-translated Bengali ARC, HellaSwag and
MMLU, the Indic-Evals collection (Sarvam Al,
2024) provides Indic translations including Bengali
of MMLU, BoolQ, ARC-Challenge and GSM8K,
Global-MMLU (Singh et al., 2025) covers Ben-
gali MMLU with partial human verification and
BEnQA (Shafayat et al., 2024) provides parallel sci-
ence QA. Our suite is complementary in three spe-
cific ways. First, it adds Bengali versions of Wino-
Grande, CommonsenseQA and OpenBookQA, for
which we are not aware of public Bengali transla-
tions. Second, every dataset is produced by one
pipeline with one prompt, one engine and one
validation procedure, so differences between task
scores reflect the tasks rather than heterogeneous
translation provenance; this consistency is what
makes the cross-task and cross-language analyses
in §6 interpretable. Third, because every Bengali
item is paired with its English source under identi-
cal formatting, the suite supports the controlled gap
decomposition and paired tokenization statistics
that are this paper’s main analytical contributions.

3.5 Translation Quality

The suite is machine-translated and has not un-
dergone item-level human validation; we state
this up front rather than in passing. The au-
tomated pipeline guarantees structural integrity

(well-formed items, intact answer keys, complete
datasets) but not semantic fidelity. We therefore
frame the suite as a first-pass instrument with char-
acterized error modes: suitable for the relative,
paired comparisons performed in this paper, where
translation noise applies to all models equally and
improvable through the released pipeline. Human
validation on a stratified sample is the next step;
the Limitations section returns to this point.

4 Experimental Setup
4.1 Models

We evaluate 10 open instruction-tuned models
drawn from 4 families chosen to span three axes:
parameter scale (3B - 72B), documented multilin-
gual support and documented Bengali coverage in
pretraining (Table 7, Appendix D). The LLaMA
models represent widely deployed open models
without documented Bengali pretraining, Qwen
represents a multilingual family with documented
Bengali exposure, Mistral documents no Bengali
support (Mistral Small is multilingual but lists no
Bengali) and the DeepSeek-R1 distillations, built
on Qwen (14B) and Llama (70B) bases, represent
reasoning-tuned models, a category that matters
for measurement (§6.1). All models are evaluated
zero-shot, without fine-tuning, using fixed prompt
templates that instruct the model to answer in the
format Correct Answer: [option]; full tem-
plates and inference details are in Appendix D.

4.2 Task Metrics

We score every model—dataset—language cell with
three complementary metrics.

Exact-match accuracy counts a response as cor-
rect if it begins with the expected answer string
(after normalization such as lowercasing and label
mapping). This strictest, most common protocol is
deliberately retained because its failure modes are
part of what we study.

Response Error Rate (RER) is the fraction of
responses that do not begin with any valid answer
option for the item:

1 n
RER = ~ Z;“‘(Vp € B ~pre(ri,p)), ()
1=
where P; is the set of valid (normalized) answer
prefixes for item ¢ and pre(r;, p) tests whether re-
sponse r; begins with p. Its complement is the
Response Adherence Rate,

RAR =1 - RER. (2)



RER isolates format failure from knowledge fail-
ure: a response with high RER cannot score un-
der exact match regardless of whether the model
knew the answer. This makes RER the diagnostic
for the answer-extraction failures documented in
evaluation-harness studies (Yu et al., 2025).

LLM-judge score is the fraction of responses
that a few-shot GPT-based judge rules semantically
equivalent to the ground truth, independent of sur-
face format (Zheng et al., 2023). The judge is our
estimate of capability with format effects removed;
its own reliability limits are discussed in the Limi-
tations section.

4.3 Tokenization Metrics

We characterize each model’s tokenizer on the
paired corpora using three standard statistics, com-
puted over every prompt (system prompt plus item)
in each dataset and language. Although we evalu-
ate 10 models, they share only 4 distinct vocabular-
ies: the Llama 3 tokenizer (the 4 LLaMA models
and the DeepSeek-R1 Llama distill), the Qwen 2
tokenizer (both Qwen models and the DeepSeek-
R1 Qwen distill) and the two Mistral vocabular-
ies (Mistral 7B’s 32k SentencePiece and Mistral
Small’s Tekken). All tokenizer statistics therefore
characterize 4 vocabularies carried by 10 mod-
els. Fertility is the mean number of tokens per
whitespace-separated word (Rust et al., 2021). To-
kens per instance is the mean tokenized length
of a full prompt, the quantity that determines con-
text usage and inference cost (Ahia et al., 2023).
Bytes per token is the mean UTF-8 byte length
of the text divided by its token count (Dagan et al.,
2024); higher values mean each token spans more
text (coarser, more efficient tokenization), lower
values mean finer fragmentation. Earlier drafts
used ad hoc names for these quantities; we use
the established names for comparability with the
tokenization literature.

5 Results
5.1 The Cross-Lingual Gap

Table 1 summarizes performance macro-averaged
over the 9 evaluation splits; Tables 4-6 give per-
split scores. Averaged over all models, English
exceeds Bengali by 0.180 under exact match and
0.169 under the LLM judge, so a substantial capa-
bility gap survives even after format effects are
removed. The gap narrows sharply with scale
within each family (row marginals of Figure 1): the

meanz=sd

llama3.2:3b 44139 141 7] 28 186 .22 .04 .07 B0=i17

qwen2.5:7b [39/:36/1361:30 .28 [§F] .21 .06 703 30=:23

mistral:7b m-m 255 12% 02 30=.24

llama3.1:8b 135 .32 ZQE 14 .07 .03 .17%.24
deepseek-rl:14b .00 .27 .19 .15 .21 .26 .05 .08 .07 .14%.10
mistral:24b ~28/.23 .19 .14 .23 .02 .04 .12%44 .12+.13

llama3.3:70b .24 .17 .11 .06 .15 .08 .05 .11% .10+.09
llama3.1:70b .23 .14 .09 .06 .16 .08 .06 .09%0 .10+.08
gwen2.5:72b .24 .18 .08 .05 .14 .09 .05 .10 09+.10

deepseek-r1-70b%§'1.09 .07 .05 .15 .12{//53) os% .06+.06
.26 .23/.23 .21 .19 .09 .06 44
meanzsd o 16: 11+.15+.20+.06+.30+.08+. 07%
S O:Oc; & &ioi 6\\’9
Figure 1: Per-model, per-split English—Bengali LLM-
judge gap; rows and columns sorted by mean gap,
marginals give mean=+sd, hatched cells are negative
(Bengali above English) and color encodes the printed
value. tThe judge is unreliable on HellaSwag (§6.1).
The exact-match counterpart is Figure 7 (Appendix C).

LLaMA judge gap falls from 0.304 (3B) to 0.095-
0.100 (70B), Qwen from 0.303 to 0.089 and Mistral
from 0.299 to 0.125. The best Bengali performer
overall is deepseek-r1:70b (judge 0.879), followed
by the large Qwen and LLaMA models. Doc-
umented Bengali pretraining coverage (Table 7)
shows no clear effect at small scale: qwen2.5:7b
(documented coverage) and llama3.1:8b (none) ap-
pear to differ (judge gaps 0.303 vs. 0.173), but the
difference vanishes once GSMB8K, a split carry-
ing known harness anomalies (see Limitations), is
excluded entirely (0.242 vs. 0.239), so this pool
supports no conclusion about coverage either way.

5.2 Where the Gap Concentrates

Figure 1 maps each model’s judge gap by split
and two regimes emerge: knowledge-heavy mul-
tiple choice carries the gap (CSQA, OBQA, ARC
and MMLU average 0.21-0.26) while binary
BoolQ and WinoGrande stay at or below 0.09.
The column marginals separate two further sto-
ries: MMLU’s gap is nearly model-independent
(0.21£0.06), suggesting a property of the language
pair rather than of any model, whereas GSM8K’s
similar mean hides extreme model dependence
(0.1940.30), spanning qwen2.5:7b’s 0.79 collapse
to llama3.1:8b’s —0.35. The row marginals show
mean and variance falling together with scale: a
large gap is also an erratic gap. The exact-match
view of the same matrix (Figure 7, Appendix C) is
instead dominated by the format artifacts of §6.1.



Exact-match accuracy LLM-judge RER
Model EN BN A EN BN A EN BN
llama3.1:8b 0.682 0.401 0.281 0.669 0.496 0.173 0.020 0.190
Ilama3.1:70b 0.885 0.751 0.133  0.843 0.748 0.095 0.007 0.010
llama3.2:3b 0.658 0.322 0.336 0.657 0.353 0304 0.017 0.064
Ilama3.3:70b 0.851 0.752 0.099 0.845 0.745 0.100 0.048 0.015
qwen2.5:7b 0.816 0.468 0.348 0.793 0.490 0.303 0.010 0.004
qwen2.5:72b 0.895 0.599 0.295 0.856 0.767 0.089 0.009 0.247
mistral:7b 0.170  0.112 0.058 0.627 0.328 0.299 0.733 0.721
mistral:24b 0.833  0.637 0.196 0.806 0.681 0.125 0.025 0.066
deepseek-r1:14b 0.750 0.515 0.236 0.908 0.767 0.141 0.140 0.212
deepseek-r1:70b 0458 0.638 —0.179 0935 0.879 0.057 0.494 0.200
Mean 0.700  0.520 0.180 0.794 0.625 0.169 0.150 0.173
Mean (excl. HellaSwag)  0.703  0.540 0.163 0.830 0.638 0.192 0.147 0.157

Table 1: Macro-averages over the 9 evaluation splits, per model and language. A = EN — BN. Bold marks RER
above 0.1; for those five models the two gap estimates (underlined) diverge by 0.09-0.24 and can invert in sign,
while for the remaining models the two estimates agree within 0.05. The second mean row excludes HellaSwag,
where the judge is unreliable (§6.1). Per-split scores are in Tables 4-6.

6 Analysis

6.1 Format Adherence Confounds
Exact-Match Accuracy

The three metrics in Table 1 were chosen so that
their disagreements are informative and they dis-
agree systematically. Exact-match accuracy re-
quires both knowing the answer and emitting it
in the instructed format; the judge requires only
the former; RER measures failure of the latter
alone. Prior work established that format sensi-
tivity adds noise to monolingual benchmarks (Sclar
et al., 2024; Zheng et al., 2024; Alzahrani et al.,
2024). In our paired setting the effect is worse
than noise: RER differs between languages for the
same model, so exact match does not merely blur
the cross-lingual gap, it biases it. Shafayat et al.
(2024) observe the same phenomenon qualitatively,
noting that eliciting format-conforming output is
markedly harder in Bengali than in English and
fall back to manual answer assessment; our RER
quantifies that failure mode at scale. Three patterns
in Tables 1 and 5 make the case; Figure 2 previews
them.

Apparent incapability that is actually format
failure. mistral:7b scores 0.048 exact-match on
English OpenBookQA while the judge scores it
0.678; its RER there is 0.914, meaning nine of
ten responses never began with a valid option la-
bel. Its macro exact-match score (0.170 EN) would
place it far below every other model, while its judge
score (0.627 EN) sits modestly below the other 7—
8B models (0.669-0.793) rather than at the catas-
trophic floor its exact-match score implies. An

mistral:7b ® < RER .73
deepseek-r1:70b [ ] X3 RER .49
qwen2.5:72b L 2 @ RER .25
llama3.1:8b *—o RER .19
deepseek-r1:14b *—0 RER .21
mistral:24b -0 RER .07
qwen2.5:7b S0 RER .01
llama3.1:70b 9 RER .01
llama3.2:3b @ exact match 2] RER .06
llama3.3:70b @ LUMjudge ¢ RER .05

-0.2 0.0 0.2 0.4 0.6
English - Bengali macro gap

Figure 2: Exact-match vs. LLM-judge estimates of the
macro English—Bengali gap per model, sorted by di-
vergence; the right column gives each model’s larger
macro RER (bold above 0.1). Format failure separates
the estimates by up to 0.24 and inverts the sign for
deepseek-r1:70b; near-zero-RER models (grey) agree.

earlier draft concluded that Mistral consistently un-
derperforms across languages; the RER column
shows that conclusion was substantially a prefix-
matching artifact and we correct it here. The gen-
uine Mistral finding is different and appears only
under the judge: proportionally, it loses 48% of its
English judge score in Bengali (0.627 to 0.328), the
largest relative drop among the 7-8B models (38%
for qgwen2.5:7b, 26% for 1lama3.1:8b), consistent
with its undocumented Bengali support.

Reasoning-tuned models are penalized hard-
est. The DeepSeek-R1 distillations produce
chain-of-thought before the final answer, which
frequently breaks the required answer prefix.
deepseek-r1:70b has an English RER of 0.494
and an English exact-match of 0.458, against a
judge score of 0.935, the highest English judge
score in the pool. Exact-match protocols thus rank



the strongest reasoner in the pool as one of the
weakest models, a concrete instance of the answer-
extraction failures that motivate harness-robustness
work (Yu et al., 2025).

Language-asymmetric format failure biases
the gap estimate. Because RER is not equal across
languages, the bias does not cancel in the EN—BN
difference. For qwen2.5:72b, Bengali RER (0.247)
far exceeds English RER (0.009) and the exact-
match gap (0.295) is more than triple the judge
gap (0.089): most of this model’s apparent Ben-
gali deficit is formatting. 1lama3.1:8b shows the
same pattern on OpenBookQA, where accuracy col-
lapses from 0.790 (EN) to 0.172 (BN) while RER
rises from 0.000 to 0.658. For deepseek-r1:70b the
asymmetry runs the other way (EN RER 0.494 vs.
BN 0.200) and exact match reports a negative gap
of —0.179, Bengali above English, where the judge
reports a positive gap of 0.057. Across the pool the
pattern is monotone: the three models with RER
below 0.05 in both languages show gap estimates
agreeing within 0.05, the two models with interme-
diate RER (peaking near 0.07) diverge by at most
0.07 and the five models with RER above 0.1 in
either language diverge by 0.09 to 0.24 (deepseek-
r1:14b lowest, mistral:7b highest).

Robustness to judge errors. The judge itself
is imperfect and its failure is systematic rather
than random: on English HellaSwag, seven mod-
els score 0.583-0.905 exact match while the judge
places them between 0.352 and 0.423; five of those
seven have RER at or near zero, so format fail-
ure cannot explain the divergence and only the
two chain-of-thought DeepSeek-R1 models escape
(0.898 and 0.933). Our hypothesis is response-style
sensitivity in the judge itself: HellaSwag asks for
a continuation; terse label answers are judged not
equivalent to the gold continuation while reasoning
models restate it in full. The conclusions above
do not depend on the split: excluding HellaSwag
(second mean row of Table 1), qgwen2.5:72b’s exact-
match gap (0.247) still more than doubles its judge
gap (0.116) and the deepseek-r1:70b sign inversion
persists (—0.188 vs. 4-0.064). The aggregate direc-
tion is itself unstable: the pooled exact-match gap
exceeds the judge gap with HellaSwag included
(0.180 vs. 0.169) and falls below it without (0.163
vs. 0.192); the per-split flip is visible by comparing
Figures 1 and 7; the lesson is that exact match is
unreliable in both directions, with large per-model
biases that partially cancel in aggregate. The RER
evidence is judge-independent throughout.

I 11 (5.5¢ EN, fertlty 7.9)
Llama 3 — 5

I 747 (4.6% EN, fertilty 7.5)
Mistral 32k SP . 52

I 710 (4.8% EN, fertiity 6.9

Qwen 2 — Em
Tekken -* 408 (2.7% EN, fertility 4.0)
0 200 400 600 800 1000
mean tokens per instance (9 evaluation splits)
Il Bengali I English

Figure 3: Bengali vs. English tokenization cost by vo-
cabulary: mean tokens per instance over the 9 evalua-
tion splits, annotated with the BN/EN ratio and Bengali
fertility. Exact values incl. bytes per token: Table 3
(Appendix B).

The practical conclusion for low-resource eval-
uation is that a single exact-match number can-
not be interpreted as a capability gap: report
format-error rates alongside accuracy and treat
gap estimates as unreliable wherever RER is non-
negligible and asymmetric. This finding is invariant
to our translation-quality caveats: translation noise
affects both metrics equally; the divergences are
metric-internal.

6.2 Script Fragmentation: Fixed Terrain,
Variable Cost

The paired corpora let us measure exactly what
current subword vocabularies do to Bengali text
(Figure 4 and additional plots in Appendix B).
Per-vocabulary cost. Figure 3 is the con-
crete result: English cost is nearly identical across
the 4 vocabularies (146-162 tokens per instance)
while Bengali cost varies twofold. Mistral Small’s
Tekken vocabulary encodes the same Bengali text
in half the tokens of Llama 3 (408 vs. 811 per in-
stance; fertility 4.0 vs. 7.9), from a family with no
documented Bengali or Indic support and at a vo-
cabulary size nearly identical to Llama 3’s (131k vs.
128k): vocabulary composition, not size or model
scale, separates Bengali tokenization cost across
open models. The absolute cost is a direct inference
multiplier: under the dominant Llama 3 vocabulary
the same content costs 5.5 times more context in
Bengali (BoolQ: 1,115 tokens vs. 196; HellaSwag:
1,359 vs. 256), shrinking the effective context win-
dow for Bengali users independent of any accuracy
effect. Pooled across models, Bengali fertility is
6.7-7.4 tokens per word against 1.25—1.4 for En-
glish (Figure 6), within documented cross-lingual
disparities, which reach 15x for some languages
(Petrov et al., 2023; Ahia et al., 2023).
Sub-character fragmentation. Every Bengali



code point occupies 3 bytes of UTF-8, so bytes per
token tests whether a vocabulary’s tokens reach the
script’s characters. Three of the 4 vocabularies fall
below that boundary on Bengali text (2.2-2.6 bytes
per token, Table 3, Appendix B): their average to-
ken covers less than one character. Tekken, at 4.4
bytes, is the one vocabulary that clears the bound-
ary, and it is the same one that halves fertility: a sin-
gle mechanism, Bengali-capable merges, explains
both columns. English tokens span 4.4-4.9 bytes,
four to five characters. This sub-character segmen-
tation is the text-side counterpart of the challenge
in visual processing of Bengali script (Alam et al.,
2021); morphologically grounded Indic tokeniza-
tion (Brahma et al., 2025; Vemula et al., 2025) and
byte-level Bangla modeling (Bhattacharyya and
Bhattacharya, 2025) are natural remedies our suite
can help evaluate.

Association with performance. Across model—
dataset cells, fertility and tokens-per-instance both
correlate with the LLM-judge score at r = —0.23
(Appendix B). We do not read this as a performance
effect. The correlation is weak, it is confounded
with model family, scale and task, and it is pseudo-
replicated: the 10 models draw on only 4 vocabu-
laries, so the fertility values repeat and the effective
sample is far smaller than 90 cells. What the data
does support are the direct measurements: the fer-
tility premium, the context-cost multiplier and the
sub-character fragmentation, none of which depend
on any link to accuracy.

7 Conclusion

We released a uniformly constructed Bengali suite
of 8 benchmarks, evaluated 10 open LLMs on
paired English and Bengali versions and used the
pairing to answer the title’s question. Format drives
the measured gap, not the real one: language-
asymmetric format failure lets exact match distort
gap estimates threefold to fivefold or invert their
sign, with reasoning-tuned models penalized most;
what survives format-insensitive judging, roughly
0.17, is real and narrows sharply with scale. Script
fragmentation is one phenomenon with a fixed ter-
rain and a variable cost: subword tokenizers cut
Bengali’s grapheme-cluster script below the char-
acter, but how deep the cut runs is set by the vo-
cabulary, not the script. Bengali pays a fivefold
average fertility premium and its tokens fall below
a single character under three of the 4 vocabular-
ies, yet the premium varies twofold by vocabulary

(Tekken halves it) and the association with scores
stays weak, so vocabulary composition, not the
script itself, sets the tax. The recurring lesson:
documentation is not measurement; documented
pretraining did not predict smaller gaps in this pool
and the best Bengali tokenizer came from a family
documenting no Bengali support. For practition-
ers: report format-error rates, corroborate exact
match with a format-insensitive metric and expect
reasoning-tuned models to be underrated by prefix
matching. The suite and pipeline are a first-pass
instrument; human validation, natively authored
items and grapheme-aware tokenization come next.

Limitations

Our datasets are machine translations that have not
undergone systematic item-level human validation,
and the engine comparison in §3.3 was an informal
preference test. Translation errors, translationese
and cultural mismatch may affect absolute Bengali
scores; our analyses are paired and relative, which
limits this exposure; stratified human validation is
the most important future work.

We rely on a single LLM judge as our format-
insensitive capability metric and do not corroborate
it with a second, independent judge. LLM judges
have documented biases and may err differently
across languages (Zheng et al., 2023); §6.1 doc-
uments one split (English HellaSwag) where the
judge disagrees with the gold key at zero RER,
an exposure bounded by the exclusion check and
judge-independent RER evidence; human agree-
ment over judge verdicts and corroboration with an
independent judge remain future work. A few cells
score far below documented capability (GSMS8K:
llama3.1:8b in English, qwen2.5:7b in Bengali),
suggesting residual harness effects; released out-
puts permit auditing them.

Our tokenization analysis is aggregate: we report
per-vocabulary bytes per token and fertility, but do
not measure how often individual grapheme clus-
ters are split or relate cluster-level segmentation
to per-item correctness, which we leave to future
work. Finally, the model lineup predates the newest
releases: scores age; protocols do not.
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A Translated Benchmark Inventory

Table 2 lists all 20 benchmarks translated by the
pipeline. The 8 evaluated in this paper are Open-
BookQA, ARC (Easy/Challenge), BoolQ, Com-
monsenseQA, GSMS8K, HellaSwag, WinoGrande
and MMLU  the remainder are released for future
work.

B Additional Tokenization Results

The tokens-per-instance columns of Table 3 are
pipeline-computed over the full corpora; its fertil-
ity and bytes-per-token columns were measured by
direct tokenization of Bengali text with each vocab-
ulary’s public tokenizer and agree with the pipeline-
computed statistics shown here. Figure 5 reports
tokens per instance by dataset and language and
Figure 6 shows the scatter of fertility and tokens-
per-instance against LLM-judge scores underlying
the » = —0.23 association reported in §6.2.

C Additional Results Figures

Figure 9 shows family-level LLM-judge score dis-
tributions and the standard deviation of scores
across languages, complementing the per-model
macro-averages in Table 1. Figure 8 plots macro
scores by model size and language under both met-
rics. Tables 4-6 give the per-split scores underlying
that table.

D Reproducibility Details

Figure 10 gives a schematic overview of the con-
struction and evaluation pipeline.

All models were evaluated zero-shot using
their chat/instruct variants. Prompts instruct the
model to output the answer as Correct Answer:
Loption] (with a Bengali-language equivalent in-
struction for Bengali inputs) and responses were
scored as described in §4.2. Exact-match normal-
ization lowercases responses and maps label vari-
ants (e.g., “Yes” to “yes”) before prefix compar-
ison. The LLM judge is a few-shot GPT-based
classifier that receives the question, ground truth
and model response and returns a Correct/Incorrect
verdict. Evaluation uses each benchmark’s released
evaluation split as listed in Table 2 (the validation
split where test labels are not public); exact per-
cell counts ship with the released datasets. Tok-
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enization statistics were computed over the con-
catenation of system prompt and item for every in-
stance in each dataset, per model tokenizer. The re-
leased repository contains the translation pipeline,
all prompt templates in both languages, inference
scripts, judge prompts and the scripts that produce
every table and figure in this paper. Datasets are
released with train/dev/test splits mirroring their
English sources.

Artifact availability: The translated datasets,
translation pipeline and evaluation code are pub-
licly released: code on GitHub and datasets in our
Hugging Face collection.
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Dataset Train Dev Test Answer format Focus

OpenBookQA 4957 500 500 MCQ Multi-step commonsense reasoning
ARC 3370 869 3548 MCQ Grade-school science
BoolQ 9427 3270 - Yes/No Reading comprehension
CommonsenseQA 9741 1221 1140 MCQ Commonsense reasoning
GSMSK 7473 - 1319  Number Grade-school math
HellaSwag 39905 10042 10003 MCQ Commonsense continuation
WinoGrande 19482 1267 1767 MCQ Pronoun resolution
MMLU 98487 1528 13869 MCQ Multidomain knowledge
BigBenchHard - - var. MCQ Logical reasoning
AlpacaEval - — 10465 Instruction Instruction following
Anthropic HH 86372 — 35006 Free-form Safety, helpfulness
APPS 5000 — 5000 Code Coding

BFCL - - 250  Structured Function calling

Dolly - - 7295  Instruction Varied NLP tasks
HumanEval - - 164  Code Code generation

MATH 8599 - 4999  Exact match Competition math
MMLU-Pro - 70 12032 MCQ Multidomain knowledge
MR-GSM8K - — 12024 Exact match Math meta-reasoning
PIQA 16113 - 3084 MCQ Physical commonsense
SIQA 33410 1954 -  MCQ Social reasoning
Truthful QA - - 1634  MCQ Truthfulness

Table 2: All translated benchmarks. The top block lists the 8 evaluated in this paper; the bottom block lists the 12
additional translated benchmarks released for future work.

Vocabulary Models BN EN BN/EN Fert. B/tok
Llama 3 4LLaMA, R1-70B 811 146 55 179 22
Qwen 2 2 Qwen, R1-14B 710 147 48 6.8 2.6
Mistral 32k SP Mistral 7B 747 162 46 15 23
Tekken Mistral Small 408 149 27 40 4.4

Table 3: Per-vocabulary tokenization of Bengali. Tokens
per instance (BN, EN, ratio) are pipeline-computed over
the full evaluation corpora; Bengali fertility (tokens
per word) and bytes per token are measured by direct
tokenization of Bengali text with each public tokenizer
and agree with the pipeline statistics (Appendix B). A
Bengali code point is 3 bytes: only Tekken’s tokens
clear the character boundary.
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Figure 4: Paired tokenizer statistics by dataset and language. Bengali fertility is 6.7—7.4 tokens per word against
roughly 1.3 for English (a); in (b), under three of the four vocabularies the average Bengali token spans 2.2 - 2.6
bytes, below the 3-byte Bengali code point (model-weighted mean 2.55; Tekken is the exception at 4.4), against 4.4
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Figure 5: Tokens per instance by dataset and language.
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Figure 6: Scatter of tokenizer statistics against LLM-judge scores over model—dataset cells. Both associations are
weak (r = —0.23).
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Model OBQA CSQA ARC-E ARC-C BoolQ GSM8K WinoG HellaS MMLU

1lama3.1:8b 0.790 0.735 0.888  0.788 0.809 0.111 0.616 0.753  0.647
Ilama3.1:70b 0938 0.816 0969 0934 0.882 0923 0805 0.882 0.814
1lama3.2:3b 0.730 0.701 0.832  0.720 0.669 0.586 0535 0.583  0.567
= 1lama3.3:70b 0.896 0.771  0.941 0916 0.885 0931 0.804 0.709  0.802
% qwen2.5:7b 0.874 0.817 0917 0.881 0.786 0.882 0.679 0.819  0.690
é qwen2.5:72b 0960 0.849 0969 0943 0.893 0.909 0.809 0.905  0.817
mistral:7b 0.048 0.014 0.056  0.038 0.719 0416 0.011 0.162  0.068
mistral:24b 0.900 0.811 0937 0911 0.817 0.785 0.773 0.810  0.754
deepseek-r1:14b  0.774 0.645 0.733  0.723 0.872 0.859 0.766 0.811 0.571
deepseek-r1:70b  0.316 0432  0.238  0.231 0.839 0923 0.647 0.273  0.226
1lama3.1:8b 0.172 0423 0529 0433 0.671 0.387 0519 0.193  0.282
Ilama3.1:70b 0.790 0.650 0922 0.846 0.822 0.811 0.648 0.624  0.650
1lama3.2:3b 0.330 0.287 0349 0323 0.446 0.145 0485 0.257  0.280
»= 1lama3.3:70b 0.764 0.643 0918 0.835 0.833 0.827 0.635 0.659  0.652
S qwen2.5:7b 0.516 0464 0.654 0.538 0.572 0.106 0516 0435 0414
E qwen2.5:72b 0.336  0.609 0835 0.779 0.848 0.824 0355 0.222  0.587
mistral:7b 0.006 0.048 0.019 0.019 0.594 0.011  0.240 0.046  0.026
mistral:24b 0.538 0.577 0.842  0.743 0.780 0.754  0.570 0.401 0.527

deepseek-r1:14b  0.500 0.457  0.568  0.500 0.792 0.557 0552 0.339 0367
deepseek-r1:70b 0490 0.611  0.755 0.749 0.872 0.764  0.565 0.381 0.552

Table 4: Exact-match accuracy per evaluation split, English (top block) and Bengali (bottom block).

Model OBQA CSQA ARC-E ARC-C BoolQ GSM8K WinoG HellaS MMLU
llama3.1:8b 0.000 0.001  0.040 0.015 0.000 0.121  0.000 0.000  0.000
1lama3.1:70b 0.010 0.008 0.013  0.005 0.000 0.022  0.002 0.000  0.001
llama3.2:3b 0.000 0.003 0.041  0.019 0.000 0.073  0.000 0.000  0.018
= 1lama3.3:70b 0.042 0.065 0.043 0.026 0.000 0.022  0.000 0.223  0.009
% qwen2.5:7b 0.008 0.000 0.041  0.018 0.000 0.020  0.000 0.000  0.001
é qwen2.5:72b 0.008 0.000 0.019 0.009 0.001 0.045 0.000 0.000  0.000
mistral:7b 0914 0975 0938 0950 0.023 0211 0979 0.722  0.886
mistral:24b 0.000 0.002 0.039 0.020 0.000 0.039  0.000 0.125  0.000
deepseek-r1:14b  0.190 0.192 0250  0.235 0.011 0.039 0.056 0.007  0.282
deepseek-r1:70b  0.672 0.494  0.761  0.757 0.067 0.028 0.249 0.669  0.747
llama3.1:8b 0.658 0.016 0.061  0.051 0.000 0.258  0.005 0407  0.257
1lama3.1:70b 0.012 0.003 0.002 0.001 0.002 0.065 0.000 0.001  0.005
llama3.2:3b 0.018 0.002  0.001  0.000 0.000 0465 0.041 0.018  0.032
= 1lama3.3:70b 0.010 0.016 0.004  0.003 0.000 0.058 0.001 0.035  0.009
§ qwen2.5:7b 0.000  0.000  0.000  0.000 0.000 0.039  0.000 0.000  0.000
E qwen2.5:72b 0.582 0.102 0.116 0.110 0.000 0.033 0463 0.670  0.144
mistral:7b 0986 0.788 0930 0929 0.024 0.561 0542 0.815 00913
mistral:24b 0.172  0.003  0.000  0.000 0.000 0.051 0.000 0.367  0.000

deepseek-r1:14b  0.244 0.162  0.314  0.344 0.015 0.158 0.046 0.277  0.348
deepseek-r1:70b  0.416 0.118 0.186  0.156  0.007 0.077 0.184 0.399  0.256

Table 5: Response Error Rate (RER, lower is better) per evaluation split, English (top block) and Bengali (bottom
block). Note the strong model and language asymmetries: mistral:7b fails format in both languages, deepseek-r1:70b
mainly in English, 1lama3.1:8b and qwen2.5:72b mainly in Bengali.
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Model OBQA CSQA ARC-E ARC-C BoolQ GSM8K WinoG HellaS MMLU
llama3.1:8b 0.790 0.735 0928  0.801 0.809 0.122 0777 0409  0.648
1lama3.1:70b 0940 0.820 0982 0939 0.882 0945 0856 0412 0814
llama3.2:3b 0.730 0.703  0.872  0.738  0.669 0.600 0.680 0.352  0.572
= 1llama3.3:70b 0.934 0.822 0983 0941 0.885 0953 0.860 0.417  0.807
% qwen2.5:7b 0.876  0.817 0957 0.899 0.786 0.896 0.789 0423  0.690
5 qwen2.5:72b 0966 0.849 0988 0951 0.893 0.952 0.870 0.421 0.817
mistral:7b 0.678 0.654 0.865 0.704 0.727 0.508 0.585 0.387  0.535
mistral:24b 0.900 0.811 0977 0930 0.817 0.792 0.869 0.404  0.754
deepseek-r1:14b  0.958 0.810  0.980  0.948 0.893 0.895 0976 0.898  0.816
deepseek-r1:70b  0.954 0.857 0.987  0.957 0.906 0951 0991 0933  0.883
llama3.1:8b 0474 0381 0562 0451 0.671 0477 0.710 0377  0.360
1lama3.1:70b 0.796 0593 0923 0.846 0.823 0.862 0.768 0.470  0.652
llama3.2:3b 0.340 0.265 0350 0323 0.446 0243  0.642 0.282  0.290
»= 1lama3.3:70b 0.768 0.585 0918 0.835 0.833 0.876  0.750 0.484  0.653
§ qwen2.5:7b 0.516 0429 0.654 0538 0.572 0.110  0.726  0.451 0.414
g qwen2.5:72b 0.790 0.606 0938  0.868 0.848 0.861 0.772 0.547  0.677
mistral:7b 0252 0.195 0.283  0.239  0.605 0.030 0.697 0372  0.282
mistral:24b 0.670 0.528 0.842  0.743 0.780 0.775 0.751 0.514  0.527
deepseek-r1:14b  0.692 0.808  0.830  0.758 0.847 0.634 0.895 0.832  0.606
deepseek-r1:70b  0.868 0.866  0.933  0.883  0.909 0.831 0946 0.934  0.737

Table 6: LLM-judge score per evaluation split, English (top block) and Bengali (bottom block).
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Figure 7: Exact-match counterpart of Figure 1 with
identical row and column order. The format artifacts
of §6.1 dominate: HellaSwag flips from —0.02 (judge)
to +0.32 mean, deepseek-r1:70b’s row turns negative
because format failure suppresses its English scores and
ARC-C/ARC-E swing from consistent judge gaps to
standard deviations of 0.26-0.27.

Model Size Multiling. Bengali pretraining
LLaMA 3.1 (Grattafiori et al., 2024) 8B Limited X
LLaMA 3.1 (Grattafiori et al., 2024) 70B  Limited X
LLaMA 3.2 (Grattafiori et al., 2024) 3B Limited X
LLaMA 3.3 (Grattafiori et al., 2024) 70B  Limited X
Qwen 2.5 (Yang et al., 2025) 7B Yes '
Qwen 2.5 (Yang et al., 2025) 72B Yes v
Mistral (Jiang et al., 2023) 7B No X
Mistral Small (Mistral AI Team, 2025) 24B Yes X
DeepSeek-R1 Distill-Qwen (Guo et al., 2025)  14B Yes v
DeepSeek-R1 Distill-Llama (Guo et al., 2025) 70B  Limited X

Table 7: Evaluated models (chat/instruct variants). Ben-
gali coverage follows each model’s documentation. The
DeepSeek-R1 models are reasoning distillations onto
Qwen 2.5 (14B) and Llama 3.3 (70B) bases and inherit
those bases’ language coverage.

Role Content

System  You are a professional translator tasked with
accurately translating text from English to Ben-
gali. Your primary goal is to provide precise
and culturally appropriate translations, regard-
less of the content’s nature.

User Translate the following English text into Ben-
gali and ensure the output is valid JSON
with all strings enclosed in double quotes:
<english_text> {{"input”: {input},
"target”: {target}}} </english_text>
Guidelines: 1. Translate accurately, maintain-
ing meaning, tone and context. 2. Handle
idiomatic expressions appropriately. 3. Pre-
serve specialized terminology and proper nouns.
4. Translate sensitive content accurately with-
out censorship. 5. Do not translate JSON
keys, only values. 6. Ensure valid JSON
output with double-quoted strings. Output
within <bangla_translation> tags; notes in
<translator_notes> tags.

Table 8: Prompt template for English-to-Bengali trans-
lation.
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Figure 8: Macro scores by model size and language under exact match (left) and the LLM judge (right). Bengali
scores rise faster with scale than English scores; the exact-match panel additionally shows the format-failure outliers

of §6.1.
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Figure 9: Family-level score distributions and cross-language robustness. Lower deviation in (b) indicates more
stable behavior across English and Bengali; the DeepSeek-R1 family is the most stable, consistent with Table 1.

Dataset Selection and Blind Review| Steps Final Output

Prompt Engineering

s ation Fixe
reparing Prompt .
Publicly availale English ‘Template with Tags + Consraints) ‘
lbenchmarks (OpenbaokQA, GSM8K,| “ R
ARG, etc.) J .

Dataset translation via muliple )
models and Blind Review (Google, — GRT-do-mini opted foras _ « repetition of same words
“Azure, GPT-do-mini) he best model o transiate with + mitithread loss
3 + JSON decoding errors and

Final Bengali Datasets
8 categori cted

categories sele
Approximate Gost: $200

Figure 10: Overview of the construction and evaluation pipeline: benchmark selection, a blind three-way translator
comparison, GPT-4o0-mini translation with JSON-constrained outputs, automated validation with retranslation and
paired English-Bengali evaluation of 10 open LLMs under three metrics.
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