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Abstract001

Creating datasets for low-resource languages002
like Bangla often involves machine translation003
and quality estimation (QE) filtering, but the004
process currently lacks standardization. Dif-005
ferent studies use a variety of translation sys-006
tems and outdated metrics, making it difficult007
to compare findings. Likewise, the QE filter-008
ing step is often applied using methods and009
thresholds that have not been systematically010
tested. To address this, our paper first presents011
a unified evaluation of English-to-Bangla MT012
systems using both legacy and modern metrics.013
We then conduct a small scale human evalu-014
ation study to compare automated QE scores015
with human judgments, which helps us deter-016
mine the best existing QE system and a more017
systematically grounded threshold for filtering.018
Using this improved strategy, we introduce019
BCoQA, a novel Bangla Conversational Ques-020
tion Answering dataset. We are making the021
BCoQA dataset and our evaluation scripts pub-022
licly available. For complete reproducibility023
of our study, we also release all model outputs024
and their corresponding metric scores via this025
link.026

1 Introduction027

While recent advances in natural language pro-028

cessing (NLP) have yielded dramatic improve-029

ments, these gains have been concentrated in high-030

resource languages. Low-resource languages like031

Bangla, however, face significant data scarcity.032

This is often addressed by creating machine-033

translated datasets, followed by quality estima-034

tion (QE) filtering, typically using embedding co-035

sine similarity. However, this approach suffers036

from several inconsistencies: existing English-to-037

Bangla machine translation (MT) systems are eval-038

uated on (1) varying datasets, (2) incomparable039

metrics, and (3) outdated string overlap-based met-040

rics that inadequately compare diverse MT sys-041

tems.042

This paper addresses these limitations by pre- 043

senting a unified and systematic analysis of cur- 044

rent English-to-Bangla MT systems. We evaluated 045

these systems using both legacy overlap-based 046

metrics (BLEU (Papineni et al., 2002), chrF++ 047

(Popovic, 2017) and modern deep learning-based 048

metrics (COMET (Rei et al., 2022), CometKiwi 049

(Rei et al., 2022), BLEURT (Sellam et al., 2020)), 050

which demonstrate a higher correlation with hu- 051

man judgments. 052

We also address quality filtering for Bangla 053

machine-translated data. The prevalent method 054

uses Language-Agnostic BERT Sentence Embed- 055

dings (LaBSE) (Feng et al., 2020) to calculate co- 056

sine similarity between source and translated sen- 057

tences, discarding pairs that fall below a high, yet 058

arbitrary, similarity threshold. We aim to improve 059

this by: (1) conducting a small-scale human eval- 060

uation study to compare LaBSE similarity scores 061

and reference-less CometKiwi (Rei et al., 2023) 062

scores against human quality judgments; and (2) 063

using these findings to determine an optimal fil- 064

tering threshold that better separates high-quality 065

translations from artifacts. 066

Using these findings, we introduce BCoQA, the 067

first Bangla Conversational Question Answering 068

dataset. BCoQA is created by translating and 069

filtering the established English conversational 070

question-answering datasets CoQA (Reddy et al., 071

2018) and QuAC (Choi et al., 2018), using our op- 072

timized MT and filtering pipeline. Finally, we fine- 073

tune and evaluate several sequence-to-sequence 074

models on BCoQA, to provide a baseline for fu- 075

ture research in this area. Our best model achieves 076

an F1 score of 54.1%, which, when contrasted 077

with the human F1 of 78.7%, highlights the sig- 078

nificant room for future improvement. 079
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2 Related Works080

Several Bangla datasets have been created using081

machine translation followed by quality filtering.082

The BNLI dataset for sequence-pair classification083

and the SQuAD_bn dataset (Bhattacharjee et al.,084

2021) were generated using an MT system in-085

troduced by Hasan et al. and filtered with a086

LaBSE (Feng et al., 2020) cosine similarity thresh-087

old of 0.7. For the BanglaParaPhrase dataset088

(Akil et al., 2022), the authors used the same MT089

model (Hasan et al., 2020) followed by a multi-090

stage filtering process. After an initial LaBSE fil-091

ter (0.7) on both translations and back-translations,092

for the final quality check, they used a BERTScore093

(Zhang et al., 2020) F1-measure, setting a high094

threshold of 0.92 that was informed by a small-095

scale human evaluation. These examples highlight096

the common, yet often ad-hoc, use of embedding-097

based similarity for filtering.098

There has also been some advancements in ma-099

chine translation for Bangla. The BanglaNLG100

benchmark (Bhattacharjee et al., 2022) introduced101

BanglaNMT, a large-scale machine translation102

dataset, along with BanglaT5, a model pre-trained103

on a large Bangla corpus. BanglaT5 achieved104

state-of-the-art results on various Bangla tasks, in-105

cluding machine translation, demonstrating the ef-106

fectiveness of monolingual pre-training. Trans-107

lation quality was evaluated using SacreBLEU108

(Post, 2018). More recently, IndicTrans2 (Gala109

et al., 2023), a translation model supporting 22 In-110

dic languages (including Bangla), was introduced111

alongside the IN22-Gen and IN22-Conv evalua-112

tion datasets. IndicTrans2 outperformed the much113

larger NLLB MoE (54B parameters) (Team et al.,114

2022) on all 22 languages, including Bangla. This115

comparison used chrF++ (Popovic, 2017), the116

same metric employed by Team et al. for NLLB117

benchmarking.118

A recent study Mahfuz et al. (2024) compared119

NLLB (Team et al., 2022), BanglaT5, and sev-120

eral large language models (LLMs) with multilin-121

gual support, using the BLEU metric. NLLB 3.3B122

outperformed Llama 3.1 70B (Grattafiori et al.,123

2024) and BanglaT5 in English-to-Bangla transla-124

tion. The use of disparate metrics across these key125

studies makes direct comparison of model perfor-126

mance challenging and reinforces the need for a127

unified evaluation.128

While existing Bangla question answering129

datasets like SQuAD_bn (Bhattacharjee et al.,130

2021) and BanglaRQA (Ekram et al., 2022) pro- 131

vide valuable resources, they are designed for ex- 132

tractive, single-turn QA. These datasets do not 133

support the multi-turn, conversational interactions 134

that are common in human dialogue. Our work in- 135

troduces BCoQA, a new dataset designed for con- 136

versational question answering. Table 1 provides a 137

comparison of these existing datasets and BCoQA, 138

highlighting the unique characteristics of our con- 139

tribution. 140

3 Comparative Analysis of 141

English-to-Bangla MT Systems 142

3.1 Systems 143

We evaluate the following English-to-Bangla ma- 144

chine translation systems: 145

• banglat5_nmt_en_bn (bt5): The BanglaT5 146

base model (Bhattacharjee et al., 2022), pre- 147

trained on Bangla text, fine-tuned on the 148

BanglaNMT dataset. 149

• indictrans2-en-indic-1B (it2): A model sup- 150

porting 22 Indic languages, including Bangla, 151

trained on the Bharat Parallel Corpus Collec- 152

tion (BPCC) (Gala et al., 2023). 153

• nllb-200-3.3B (nllb): A 200-language model 154

trained on the NLLBv1 dataset (Team et al., 155

2022), which includes the largest known 156

Bangla-English parallel text collection (68M 157

pairs). 158

• m2m100_1.2B (m2m100): A multilingual 159

model focused on non-English-centric trans- 160

lation, supporting 9,900 directions across 100 161

languages, including English-to-Bangla (Fan 162

et al., 2020). 163

• gemma3-12b-it (gemma3): To assess the 164

capabilities of Large Language Models 165

(LLMs) for English-to-Bangla translation, 166

we included the decoder-only gemma3-12b- 167

it model (Team et al., 2025). To manage 168

computational resources and ensure feasibil- 169

ity within our setup, we focused our LLM 170

exploration on models that could be run in 171

8-bit GGUF format (ggerganov and contrib- 172

utors, 2023) with a context window of at 173

least 1024 tokens. Based on this criterion 174

and an empirical comparison with Llama3.1- 175

8B (Grattafiori et al., 2024) and Qwen3-14B 176

(Yang et al., 2025), gemma3 demonstrated 177
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Dataset Conversational Answer Type Machine Translated

SQuAD_bn (Bhattacharjee et al., 2021) 7 Spans, Unanswerable 3
BanglaRQA (Ekram et al., 2022) 7 Spans, Yes/No, Unanswerable 7
Tydi QA (Clark et al., 2020) 7 Spans, Yes/No 7
QAmeleon (Agrawal et al., 2023) 7 Free-form Text 3

BCoQA (this work) 3 Free-form text, Unanswerable 3

Table 1: Comparison of BCoQA with existing Bangla reading comprehension datasets.

consistently more coherent Bangla output178

and was selected for inclusion. During trans-179

lation, we experimented with three different180

prompt formats and selected the one that181

yielded the best performance for our final182

comparison, the prompts are shown in ap-183

pendix table 8184

3.2 Evaluation Datasets185

Name Samples Source

bnmt 1000 Bhattacharjee et al.
flores+ 997 Team et al.
in22-test-conv 1503 Gala et al.
in22-test-gen 1024 Gala et al.

Table 2: Overview of the evaluation datasets used to
assess English-to-Bangla machine translation perfor-
mance.

Table 2 provides details on the evaluation186

datasets used in our analysis.187

3.3 Evaluation Metrics188

3.3.1 Legacy Metrics189

We include the widely used BLEU (Papineni et al.,190

2002) and chrF++ (Popovic, 2017) metrics, calcu-191

lated using SacreBLEU (Post, 2018), for historical192

comparison and common practice. However, we193

acknowledge their limitations, particularly when194

comparing diverse MT systems, as surface-level195

metrics like BLEU, chrF++ are known to be less196

reliable in such cases (Callison-Burch et al., 2006;197

Kocmi et al., 2024).198

3.3.2 Neural Metrics199

We also utilize modern neural metrics, which200

have shown improved correlation with human201

judgments. Based on a comprehensive compar-202

ative analysis (Kocmi et al., 2024), we select203

CometKiwi (Rei et al., 2023) and BLEURT (Sel-204

lam et al., 2020). CometKiwi, a quality esti-205

mation metric, is particularly valuable as it does206

not require reference translations. BLEURT, a207

reference-based metric with a different architec- 208

ture, provides a contrasting perspective. We also 209

include the reference-based COMET (Rei et al., 210

2022) for a more comprehensive evaluation. 211

3.4 Results 212

Analyzing Table 3, we can see IndicTrans2 consis- 213

tently demonstrates strong performance, achieving 214

the highest scores across most datasets and met- 215

rics. On the BanglaNMT dataset, BanglaT5 ex- 216

hibits slightly higher scores in traditional metrics 217

like BLEU and chrF++, as well as COMET and 218

BLUERT, compared to IndicTrans2. However, In- 219

dicTrans2 achieves the highest CometKiwi score 220

on this dataset. This pattern on BanglaNMT might 221

be influenced by BanglaT5’s potential training on 222

this specific dataset, which could lead to stylistic 223

similarities that are favored by metrics relying on 224

reference translations. 225

Gemma 3 shows competitive performance, par- 226

ticularly on the flores+ dataset where it achieves 227

the highest CometKiwi score. While it doesn’t 228

consistently lead in raw scores, its performance is 229

generally better than M2M100 and NLLB across 230

most metrics and datasets. M2M100 consistently 231

exhibits the lowest performance across all datasets 232

and metrics. 233

To validate these observations, we performed 234

paired t-tests with bootstrap resampling (Koehn, 235

2004) on COMET scores (p < 0.05). While 236

BanglaT5 shows a numerical advantage on the 237

BanglaNMT dataset, our tests confirm this lead 238

over IndicTrans2 is not statistically significant (Ta- 239

ble 4). Across all datasets, the analysis reveals that 240

IndicTrans2’s lead is generally robust. Conversely, 241

Gemma 3 achieves statistically significant gains 242

over BanglaT5 on the flores+ and in22-test-conv 243

datasets, but does not significantly outperform In- 244

dicTrans2 on any benchmark (see Appendix Ta- 245

bles 9, 10, 11 for full results). 246

A qualitative analysis of the translation out- 247

puts from Gemma 3 and IndicTrans2 reveals that 248

Gemma 3 generally produces translations with 249
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Table 3: Machine Translation Evaluation Results (All scores are scaled to 0-100 for consistency)

Dataset Model BLEU chrF++ COMET CometKiwi BLUERT

bnmt

bt5 25.1 58.5 92.96 82.25 85.39
gemma3 21.2 56.0 92.0 82.37 83.22
it2 23.2 57.7 92.92 83.66 85.21
m2m100 12.6 45.0 87.65 76.38 77.17
nllb 20.5 54.5 92.20 81.51 84.26

flores+

bt5 15.1 45.4 85.96 72.22 76.40
gemma3 13.5 44.3 85.96 77.13 76.77
it2 21.1 52.0 87.29 76.49 77.43
m2m100 11.7 40.9 81.92 66.91 69.49
nllb 16.4 47.1 86.11 74.46 75.96

in22-test-conv

bt5 15.8 43.8 89.41 79.65 79.69
gemma3 16.4 45.3 86.73 80.98 80.03
it2 16.7 46.3 89.99 82.05 80.90
m2m100 9.4 35.2 84.89 73.35 72.48
nllb 15.8 43.8 89.40 79.28 79.45

in22-test-gen

bt5 13.7 43.6 85.20 69.96 76.94
gemma3 13.2 43.3 85.56 73.37 76.57
it2 16.4 47.6 86.75 75.15 78.50
m2m100 7.3 35.1 79.22 64.84 67.93
nllb 13.1 43.7 85.27 73.19 76.77

Model bt5 gemma3 it2 m2m100 nllb

bt5 - True False True True
gemma3 False - False True False
it2 False True - True True
m2m100 False False False - False
nllb False True False True -

Table 4: Pairwise t-test results on BanglaNMT
(COMET scores). "True" indicates the row model sig-
nificantly outperforms the column model (p < 0.05).

higher fluency and naturalness. However, in250

scenarios involving complex translations, Indic-251

Trans2 demonstrates a significant advantage in252

terms of semantic accuracy. Interestingly, despite253

a substantial difference in model size (IndicTrans2254

1B vs Gemma 3 12B parameters), Gemma 3’s ca-255

pabilities as a general-purpose language model, in-256

cluding its ability to engage in coherent conversa-257

tions in Bangla and comprehend the language’s nu-258

ances, indicate a considerable potential for appli-259

cations in Bangla natural language processing.260

4 Quality Estimation for Translation261

Filtering262

4.1 Methods263

We compare two methods for filtering machine-264

translated data: LaBSE (Feng et al., 2020), the265

most common approach, and CometKiwi (Rei266

et al., 2023), a quality estimation (QE) system267

shown to align well with human judgments (Mu-268

jadia et al., 2023; Kocmi et al., 2024). 269

4.2 Human Evaluation 270

To evaluate these methods, we first translated the 271

CoQA (Reddy et al., 2018) and QuAC (Choi et al., 272

2018) datasets using the IndicTrans2 model. We 273

then scored each translation using both LaBSE co- 274

sine similarity and CometKiwi. Following Direct 275

Assessment (DA) guidelines (Graham et al., 2013), 276

we recruited 25 human annotators to rate 20 trans- 277

lations each, totaling 500 translated samples on a 278

scale of 0-100. For a representative evaluation, we 279

sampled translations using a stratified approach. 280

We created bins based on the level of agreement 281

between LaBSE and CometKiwi scores, and sam- 282

pled from each. This ensured our analysis in- 283

cluded not only cases where the models agreed, 284

but also a significant number of translations where 285

their quality assessments diverged. 286

4.3 Correlation Analysis 287

Table 5 shows the correlation between hu- 288

man judgments (DA scores) and QE scores 289

(CometKiwi and LaBSE). CometKiwi demon- 290

strates significantly higher correlation with human 291

judgments than LaBSE, with high statistical sig- 292

nificance across all measures (Pearson, Spearman, 293

and Kendall). Our qualitative analysis reveals key 294

differences in how LaBSE and CometKiwi han- 295

dle specific translation challenges. LaBSE often 296

assigns high scores to erratic outputs, including 297
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Metric Pearson (p-value) Spearman (p-value) Kendall (p-value)

CometKiwi 0.467 (< 0.001) 0.440 (< 0.001) 0.304 (< 0.001)
LaBSE 0.138 (0.006) 0.128 (0.010) 0.088 (0.010)

Table 5: Correlation between Human Judgments (DA) and QE Scores ( CometKiwi and LaBSE)

those with nonsensical repetitions or mixed En-298

glish and Bangla scripts, while CometKiwi appro-299

priately penalizes such translations. For instance,300

the nonsensical translation "িক তার িহয়াটাসeneded"301

(from "What ended her hiatus") received a human302

DA score of 28, a CometKiwi score of 0.363, but a303

LaBSE score of 0.893. Furthermore, LaBSE con-304

sistently undervalues accurate transliterations of305

nouns and abbreviations. IndicTrans2 often cor-306

rectly transliterates terms like "WBC" to "ডাবু্লিব-307

িস" and "Janko Tipsarevic" to "জয্ােঙ্কা িটপসােরিভচ".308

While human annotators and CometKiwi rated309

these transliterations highly, LaBSE frequently as-310

signed scores below 0.5, demonstrating a signifi-311

cant misalignment with human judgment.312

Beyond our 500 sample human study, a large-313

scale analysis across the entire dataset reinforces314

our conclusions (details in Appendix Table 13 and315

Table 14). LaBSE scores show significantly higher316

volatility (i.e., a larger standard deviation). More-317

over, the score distributions confirm LaBSE’s ten-318

dency to overestimate quality: it assigns scores in319

the highest bracket (0.9-1.0) to 46% of the data,320

compared to just 14% for CometKiwi. This quan-321

titative evidence aligns with our qualitative find-322

ings, where LaBSE overvalued flawed translations323

while undervaluing correct transliterations.324

4.4 Threshold calculation325

Although 0.7 is a frequently used LaBSE thresh-326

old (Bhattacharjee et al., 2021), prior work shows327

that the optimal threshold is system and language-328

dependent (Dakwale et al., 2022). To find329

an optimal threshold, we analyzed the distribu-330

tion of human DA scores relative to CometKiwi331

scores. Based on DA guidelines (Graham et al.,332

2013), which suggest that good quality transla-333

tions should be rated above 70, we sought a thresh-334

old where at least 80% of the translations were335

rated >70 by our annotators. However, our initial336

analysis revealed that the optimal threshold was337

highly sensitive to the percentage target, with dif-338

ferent thresholds yielding vastly different results339

(e.g. 0.58 for 80%, 0.67 for 85%, and 0.81 for340

90%). This sensitivity suggests that our approach341

may lack robustness, and that the optimal thresh- 342

old may not be easily determined due to the limi- 343

tations of our annotated dataset. To make our ap- 344

proach more robust, we decided to combine this 345

with manual inspection. Looking closely at the 346

translations that were accepted or rejected at dif- 347

ferent thresholds, evaluating both the removal rate 348

and the quality of the rejected translations, we 349

chose a threshold of 0.67. This threshold resulted 350

in the removal of 35% of the data, which, although 351

significant, appeared to be a reasonable trade-off 352

for the improved quality of the remaining data, as 353

it struck a balance between removing low-quality 354

translations and preserving acceptable ones. We 355

acknowledge that this threshold may not be opti- 356

mal, and that a more robust approach to threshold 357

optimization may be necessary to achieve more re- 358

liable results. 359

5 Creation of BCoQA Dataset 360

5.1 Task Definition 361

Conversational Question Answering (CoQA) sys- 362

tems facilitate a natural flow of dialogue by under- 363

standing and generating responses that align with 364

the context of a conversation. The goal is to an- 365

swer the current question in conversation, consid- 366

ering the passage and conversation history. If the 367

answer can’t be found, the output should be "অজা- 368

না" ("Unknown"). Figure 1 shows how the entity 369

of focus1 changes throughout the conversation. 370

5.2 Dataset Creation 371

We chose two conversational QA datasets, CoQA 372

(Reddy et al., 2018) and QuAC (Choi et al., 2018), 373

which share core features like context passages, 374

multi-turn conversations, unanswerable questions, 375

and evidence spans. However, their differing col- 376

lection methods result in key distinctions. QuAC 377

provides only answer spans, while CoQA includes 378

both spans and free-form answers. QuAC also fea- 379

tures more open-ended questions. 380

Since QuAC lacks free-form answers, we gen- 381

erated them using the Gemma3 12B LLM (Team 382

1a series of pronouns or noun phrases that refer to the
same entity or concept in a conversation or text
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Split Name Data points/Conversations Yes/No Unknown Short Long (>3 words)

Train 12109 42409 11892 59380 48297
Validation 956 3318 1219 4728 3858
Test 50 221 74 466 234

Total 13115

Table 6: Dataset split analysis with different answer types

Model Params EM F1

Human - 71.7 78.7
BanglaT5 (Bhattacharjee et al., 2022) 248M 38.3 54.1
mT5-base (Xue et al., 2020) 582M 35.2 42.7
BanglaT5-small (Bhattacharjee et al., 2022) 60.5M 34.0 44.7
mBART-large-50 (Lewis et al., 2019) 611M 32.6 39.6

Table 7: Performance on BCoQA test set (EM: Exact Match, F1: F1 Score).

et al., 2025) (accessed April 18, 2025), providing383

the context, question, and answer span as input.384

Figure 2 shows an example of a generated free-385

form answer.386

We then translated both datasets using the In-387

dicTrans2 model (Gala et al., 2023) and filtered388

out any conversation containing a sentence with389

a translation score below our chosen threshold of390

0.67 as determined earlier through a combination391

of quantitative and qualitative analysis. Table 6 de-392

tails the final dataset structure after filtering.393

5.3 Benchmarking Existing Models394

We framed conversational question answering395

(CoQA) as a response generation task, fine-396

tuning sequence-to-sequence (seq2seq) models on397

BCoQA. We excluded reading comprehension398

models like BanglaBERT (Bhattacharjee et al.,399

2022) as they are unsuitable for free-form answer400

generation. The input was formatted as: P <q> Q1401

<a> A1 ... <q> Qi−1 <a> Ai−1 <q> Qi <a> (P:402

passage, <q>: question, <a>: answer).403

We evaluated using macro-averaged F1 score,404

consistent with CoQA, removing punctuation and405

stop words. Human performance (10 participants,406

5 conversations each) served as a baseline.407

Table 7 shows that BanglaT5 achieves the high-408

est scores (EM: 38.3, F1: 54.1), significantly409

below human performance. Notably, the the410

smaller version of BanglaT5, with about 1/10th411

the number of parameters(60.5M), perform com-412

parably to larger multilingual models like mT5-413

base, mBART-large-50, which have 582M and414

611M parameteres, respectively. This highlights415

the benefit of native Bangla pretraining. Upon416

closer examination of the detailed results shown in417

table 12, we observe that the models perform best 418

on yes/no type questions, which is a expected phe- 419

nomenon for seq2seq models (Feng et al., 2020). 420

This is because yes/no answers often rely on sim- 421

ple factual information or binary decisions, mak- 422

ing it easier for the models to predict the correct 423

response. The banglat5 variants also excel in pro- 424

viding accurate long answers (answers longer than 425

3 words), indicating that Bangla pretraining is es- 426

sential for generating long coherent responses. 427

6 Conclusion 428

This paper presented a comprehensive analysis of 429

English-to-Bangla machine translation, systemat- 430

ically evaluating state-of-the-art systems with a 431

suite of traditional and modern neural metrics, and 432

identifying IndicTrans2 as the most effective. A 433

key contribution was our small-scale human evalu- 434

ation, which revealed that CometKiwi, a reference- 435

free quality estimation metric, offers significantly 436

better correlation with human quality judgments 437

compared to the prevalent LaBSE-based cosine 438

similarity. Based on this, we proposed an opti- 439

mized data filtering approach using a CometKiwi 440

threshold of 0.67. Building directly on these ad- 441

vancements, we introduced BCoQA, the first con- 442

versational question answering dataset for Bangla, 443

developed through our refined translation and fil- 444

tering pipeline. We established a baseline F1 score 445

of 54.1% on BCoQA, which, while a solid start- 446

ing point, falls considerably short of human perfor- 447

mance (78.7% F1), underscoring the critical need 448

for further advancements in low-resource Bangla 449

NLP. 450
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ইেন্টল কেপর্ােরশন (ইেন্টল নােমও পিরিচত, ইেন্টল িহসােব ৈশলীকৃত)
একিট আেমিরকান বহুজািতক কেপর্ােরশন এবং পৰ্যুিক্ত সংস্থা যার সদর
দফতর কয্ািলেফািনর্য়ার সান্তা ক্লারায় অবিস্থত (কেথাপকথেন "িসিলকন
ভয্ািল" িহসােব উেল্লখ করা হয়) যা গডর্ন মুর (মুেরর আইন খয্াত) এবং
রবাটর্ নেয়স দব্ারা পৰ্িতিষ্ঠত হেয়িছল। এিট সয্ামসাং দব্ারা ছািড়েয় যাও-
য়ার পের রাজেসব্র উপর িভিত্ত কের িবেশব্র িদব্তীয় বৃহত্তম এবং িদব্তীয়
সেবর্াচ্চ মূলয্বান অধর্পিরবাহী িচপ পৰ্স্তুতকারক এবং েবিশরভাগ বয্িক্তগত
কিম্পউটাের (িপিস) পাওয়া পৰ্েসসর x86 িসিরেজর মাইেকৰ্াপৰ্েসসেরর
উদ্ভাবক। ইেন্টল অয্াপল, েলেনােভা, এইচিপ এবং েডেলর মেতা কিম্পউ-
টার িসেস্টম িনমর্াতােদর জনয্ পৰ্েসসর সরবরাহ কের। ইেন্টল মাদারেবাডর্
িচপেসট, েনটওয়াকর্ ইন্টারেফস কেন্টৰ্ালার এবং ইিন্টেগৰ্েটড সািকর্ট, ফ্লয্াশ
েমেমাির, গৰ্ািফক্স িচপ, এমেবেডড পৰ্েসসর এবং েযাগােযাগ ও কিম্পউিটং
সম্পিকর্ত অনয্ানয্ িডভাইসও ৈতির কের। ইেন্টল কেপর্ােরশন 18 জুলাই,
1968 সােল েসিমকন্ডাক্টর অগৰ্গামী রবাটর্ নেয়স এবং গডর্ন মুর দব্ারা
পৰ্িতিষ্ঠত হেয়িছল এবং অয্াě েগৰ্ােভর িনবর্াহী েনতৃতব্ ও দৃিষ্টভিঙ্গর সােথ
বয্াপকভােব যুক্ত িছল। . . .

Q1: এই পৰ্বেন্ধর িবষয়বস্তু কী?
A1: ইেন্টল কেপর্ােরশন

Q2: েকাম্পািনর সদর দপ্তর েকাথায়?
A2: সান্তা ক্লারা, কয্ািলেফািনর্য়া

Q3: তারা িক একিট বহুজািতক কেপর্ােরশন?
A3: হয্াঁ

Q4: ইেন্টল িক আিবষ্কার কেরেছ?
A4: মাইেকৰ্াপৰ্েসসেরর x86 িসিরজ, েবিশরভাগ বয্িক্তগত কিম্পউটাের
(িপিস) পাওয়া পৰ্েসসর।

Q5: এিট িকেস বয্বহৃত হয়?
A5: অিধকাংশ বয্িক্তগত কিম্পউটাের (িপিস)

Q6: েকাম্পািন িট কখন পৰ্িতিষ্ঠত হেয়িছল?
A6: জুলাই ১৮, ১৯৬৮

Q7: একজন পৰ্িতষ্ঠাতার নাম বলুন।
A7: রবাটর্ নেয়স

Q8: আর েকউ?
A8: গডর্ন মুর

Q9: িতিন আর িক পৰ্িতষ্ঠা কেরন?
A9: উত্তর েনই।

Figure 1: A conversation from the BCoQA dataset
showing entity of focus in colors. For the original En-
glish conversation, please refer to Figure 3.

Limitations451

This work has several limitations that warrant con-452

sideration and future research: Firstly, our com-453

parative analysis focused on existing, pre-trained454

English-to-Bangla machine translation (MT) sys-455

tems. We did not train a new MT model by com-456

bining all publicly available datasets. Such a com-457

prehensive training approach would likely yield458

improved translation performance, representing a459

valuable avenue for future work.460

Secondly, the human evaluation study, while461

crucial for comparing quality estimation (QE)462

Input Prompt:

Context: In 1969, still in the Pre-Crisis continuity, writer Den-
nis O’Neil and artist Neal Adams return Batman to his darker
roots. One part of this effort is writing Robin out of the se-
ries by sending Dick Grayson to Hudson University and into
a separate strip in the back of Detective Comics. The by-now
Teen Wonder appears only sporadically in Batman stories of
the 1970s as well as a short lived revival of The Teen Titans.
In 1980, Grayson once again takes up the role of leader of
the Teen Titans, now featured in the monthly series The New
Teen Titans, which became one of DC Comics’s most beloved
series of the era. During his leadership of the Titans, however,
he had a falling out with Batman, leading to an estrangement
that would last for many years.
Question: What role did he play in Teen Titans?
Answer Span: In 1980, Grayson once again takes up the role
of leader of the Teen Titans,
Answer:

Generated free-form answer:
Leader in Teen Titans.

Figure 2: Example of converting answer spans into
free-form answers using LLMs.

methods, was limited in scale. A larger-scale study 463

with more annotators and a broader range of trans- 464

lated samples is necessary for a more definitive 465

analysis of optimal filtering thresholds and a more 466

robust validation of QE metrics against human 467

judgments. 468

Thirdly, our experiments on the BCoQA dataset 469

focused exclusively on fine-tuning sequence-to- 470

sequence (seq2seq) models. While seq2seq mod- 471

els are a natural fit for conversational response 472

generation, we acknowledge that other architec- 473

tures, including large language models (LLMs) 474

and models designed for extractive question an- 475

swering, might achieve superior performance. Ex- 476

ploring these alternative architectures on BCoQA 477

is an important direction for future research. The 478

original CoQA paper (Reddy et al., 2018) notes 479

the limitations of seq2seq models, further motivat- 480

ing this exploration. 481
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B Prompt and Data Examples966

B.1 English Conversation967

Figure 3 shows the English version of Figure 1

Intel Corporation (also known as Intel, stylized as intel) is an
American multinational corporation and technology company
headquartered in Santa Clara, California. It is the world’s
second largest and second highest valued semiconductor chip
makers based on revenue after being overtaken by Samsung,
and is the inventor of the x86 series of microprocessors, the
processors found in most personal computers (PCs). Intel
supplies processors for computer system manufacturers such
as Apple, Lenovo, HP, and Dell. Intel also manufactures
motherboard chipsets, network interface controllers and in-
tegrated circuits, flash memory, graphics chips, embedded
processors and other devices related to communications and
computing. Intel Corporation was founded on July 18, 1968,
by semiconductor pioneers Robert Noyce and Gordon Moore.
. . .

Q1: What is the subject of the article?
A1: Intel Corporation

Q2: Where is the company’s headquarters?
A2: Santa Clara, California

Q3: Are they a multinational company?
A3: Yes.

Q4: What did Intel invent?
A4: x86 series of microprocessors

Q5: Where is it used?
A5: Most personal computers (PCs)

Q6: When was the company founded?
A6: July 18, 1968

Q7: Name One Founder.
A7: Robert Noyce

Q8: And the other?
A8: Gordon Moore

Q9: What else did he establish?
A9: Unknown

Figure 3: A conversation from the BCoQA dataset
showing coreference chains in colors - Source of fig-
ure 1

968

B.2 Gemma3 Translation Prompts969

Table 8 shows the different prompts tested for970

Gemma 3 translation generation.971

Prompt Structure

Translate the following English sentence
to Bangla:
English: {English Sentence}
Bangla:

Translate the following English text into
Bangla. Here is an example:
English: Hello, how are you?
Bangla: হয্ােলা, আপিন েকমন আেছন?

Now, translate this:
English: {English Sentence}
Bangla:

You are a professional English to Bangla
translator. Translate the following
sentence accurately and naturally:
{English Sentence}

Table 8: Prompt Formats Experimented with for
Gemma 3 Translation

C Detailed Test Results 972

C.1 Pairwise t-test results for flores+, 973

in22-conv, in22-gen 974

Tables 9, 10, 11 show the pairwise t-test result for 975

flores+, in22-conv and in22-gen dataset consecu- 976

tively.

Model bt5 gemma3 it2 m2m100 nllb

bt5 - False False True False
gemma3 True - False True True
it2 True True - True True
m2m100 False False False - False
nllb False False False True -

Table 9: Pairwise t-test results on flores+ dataset
977

Model bt5 gemma3 it2 m2m100 nllb

bt5 - False False True False
gemma3 True - False True True
it2 True False - True True
m2m100 False False False - False
nllb False False False True -

Table 10: Pairwise t-test results on in22-conv test
dataset

C.2 Answer Specific Performance of BCoQA 978

Finetuned Models 979

Table 12 shows the answer type specific results of 980

BCoQA fine tuned models. 981
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Model bt5 gemma3 it2 m2m100 nllb

bt5 - False False True False
gemma3 False - False True False
it2 True True - True True
m2m100 False False False - False
nllb False False False True -

Table 11: Pairwise t-test results on in22-gen test dataset

Model Yes/No (EM) Unknown (EM) Short (F1) Long (F1)

bt5 78.5 31.2 58.4 39.2
mT5 77.9 14.5 46.3 26.1
bt5-sm 74.2 17.0 48.1 33.5
mBART 76.0 35.9 42.8 20.5

Table 12: Model scores on BCoQA test set by question-
answer type.

C.3 Detailed Comparison of CometKiwi and982

LaBSE QE983

Table 13 and Table 14 shows extensive statistical984

analysis of CometKiwi and LaBSE Quality estima-985

tion scores of unfiltered BCoQA dataset.

Table 13: Descriptive statistics and correlation for QE
scores on the unfiltered BCoQA dataset.

Train Validation

Metric CometKiwi LaBSE CometKiwi LaBSE

Descriptive Statistics

Count 705740.0 705740.0 58565.0 58565.0
Mean 0.8628 0.8759 0.8617 0.8721
Std 0.0526 0.1015 0.0538 0.1093
Min 0.1911 -0.3380 0.1479 -0.2987
25% 0.8531 0.8633 0.8516 0.8620
50% 0.8811 0.8962 0.8803 0.8950
75% 0.8945 0.9192 0.8942 0.9180
Max 0.9229 1.0000 0.9226 1.0000

Correlation Analysis

Pearson 0.4591 0.4839
Spearman 0.2709 0.2932
Kendall 0.1859 0.2017

All correlations are significant (p<0.0001).

986

D GUI for Human Annotation and987

Evaluation988

Table 14: Frequency distribution of CometKiwi and
LaBSE scores for the training and validation sets.

Train Validation

Score Bin CometKiwi LaBSE CometKiwi LaBSE

(-0.001, 0.1] 0 18 0 2
(0.1, 0.2] 3 17 2 3
(0.2, 0.3] 38 15196 3 1577
(0.3, 0.4] 105 292 10 20
(0.4, 0.5] 572 514 50 40
(0.5, 0.6] 2403 1325 210 97
(0.6, 0.7] 8895 4455 749 344
(0.7, 0.8] 58776 29476 5142 2311
(0.8, 0.9] 532272 326342 44240 27708
(0.9, 1.0] 102676 326510 8159 26363
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(a) UI for Human Direct Assessment Scoring

(b) UI for BCoQA Human Evaluation.

Figure 4: User interfaces developed for human annotation and evaluation tasks.
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E Licensing Information989

The licenses for the original English data are as990

follows: QuAC (Choi et al., 2018): The QuAC991

dataset is licensed under the Creative Commons992

Attribution-ShareAlike 4.0 International License993

(CC BY-SA 4.0). CoQA (Reddy et al., 2018): The994

CoQA dataset is a compilation of passages from995

several sources, each with its own license: Liter-996

ature and Wikipedia passages are licensed under997

CC BY-SA 4.0. Children’s stories from MCTest998

are licensed under the MSR-LA license. Mid-999

dle and High school exam passages from RACE1000

are provided under their own specific terms for1001

research use. News passages from the Deep-1002

Mind CNN/DailyMail dataset are licensed under1003

the Apache License 2.0. Our resulting BCoQA1004

dataset, along with all associated code and evalu-1005

ation scripts, is made publicly available under the1006

CC BY-NC-SA 4.0 license.1007

F Human Evaluation Protocol1008

F.1 Participant Recruitment1009

A total of 35 participants were recruited on a vol-1010

untary basis from undergraduate courses from an1011

university Computer Science and Engineering de-1012

partment. All annotators are native speakers from1013

Bangladesh where Bangla is the primary language,1014

providing the necessary cultural context to judge1015

translation naturalness. The participants were all1016

in the 20-24 age range.1017

F.2 Task Interface and Procedure1018

The evaluation was conducted using custom user1019

interface developed with Gradio. The procedure1020

was as follows:1021

1. Each of the 35 participants was assigned a1022

unique, anonymous ID for tracking purposes.1023

2. For the translation quality task, 25 partic-1024

ipants were presented with a source En-1025

glish sentence and its corresponding machine-1026

translated Bangla output.1027

3. Following the Direct Assessment (DA)1028

methodology (Graham et al., 2013), they1029

were instructed to rate the quality of the trans-1030

lation on a continuous scale from 0 to 100.1031

Figure 4a shows the UI for this task.1032

4. For the conversational QA task, 10 partici-1033

pants were tasked with providing baseline hu-1034

man answers. Each was randomly assigned1035

five conversations from the test set. Figure 1036

4b shows the Gradio interface created for this 1037

task. 1038

G Computational Infrastructure 1039

All experiments, including model inference, qual- 1040

ity estimation, and fine-tuning, were conducted on 1041

a single workstation with the following specifica- 1042

tions: 1043

• GPU: NVIDIA GeForce RTX 4090 with 24 1044

GB of VRAM 1045

• CPU: Intel Core i9-9900K 1046

• RAM: 128 GB DDR4 1047

H Finetuning Setup 1048

We finetuned our models on the BCoQA dataset 1049

using the Seq2SeqTrainer from the Huggingface 1050

transformers library. The finetuning setup con- 1051

sisted of: 1052

• 2 epochs of training 1053

• Learning rate of 4e-5 1054

• Maximum sequence length of 1024 1055

• Adafactor optimizer for BanglaT5, BanglaT5 1056

Small, and MT5. AdamW optimizer for 1057

MBART. 1058

• Batch size between 4-8 depending on the 1059

model size to maximize throughput. 1060

15


	Introduction
	Related Works
	Comparative Analysis of English-to-Bangla MT Systems
	Systems
	Evaluation Datasets
	Evaluation Metrics
	Legacy Metrics
	Neural Metrics

	Results

	Quality Estimation for Translation Filtering
	Methods
	Human Evaluation
	Correlation Analysis
	Threshold calculation

	Creation of BCoQA Dataset
	Task Definition
	Dataset Creation
	Benchmarking Existing Models

	Conclusion
	Reproducibility
	Prompt and Data Examples
	English Conversation
	Gemma3 Translation Prompts

	Detailed Test Results
	Pairwise t-test results for flores+, in22-conv, in22-gen
	Answer Specific Performance of BCoQA Finetuned Models
	Detailed Comparison of CometKiwi and LaBSE QE

	GUI for Human Annotation and Evaluation
	Licensing Information
	Human Evaluation Protocol
	Participant Recruitment
	Task Interface and Procedure

	Computational Infrastructure
	Finetuning Setup

