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Abstract

High-quality bilingual resources remain a critical bottleneck for advancing multilingual NLP in low-resource settings,
particularly for Bangla. To mitigate this gap, we introduce BiST, a rigorously curated Bangla-English corpus for
sentence-level grammatical classification, annotated across two fundamental dimensions: syntactic structure
(Simple, Complex, Compound, Complex-Compound) and tense (Present, Past, Future). The corpus is compiled
from open-licensed encyclopedic sources and naturally composed conversational text, followed by systematic
preprocessing and automated language identification, resulting in 30,534 sentences, including 17,465 English and
13,069 Bangla instances. Annotation quality is ensured through a multi-stage framework with three independent
annotators and dimension-wise Fleiss’ Kappa (x) agreement, yielding reliable and reproducible labels with « values
of 0.82 and 0.88 for structural and temporal annotation, respectively. Statistical analyses demonstrate realistic
structural and temporal distributions, while baseline evaluations show that dual-encoder architectures leveraging
complementary language-specific representations consistently outperform strong multilingual encoders. Beyond
benchmarking, BiST provides explicit linguistic supervision that supports grammatical modeling tasks, including
controlled text generation, automated feedback generation, and cross-lingual representation learning. The corpus
establishes a unified resource for bilingual grammatical modeling and facilitates linguistically grounded multilingual
research.

Keywords: bilingual NLP, low-resource languages, linguistic annotation, dual-dimension corpus.

1. Introduction Wang, 2025), but high-quality bilingual labeled

corpora are still not plentiful, especially for low-

English and Bangla (Bengali) are two of the most  resource language scenarios (Alam et al., 2025;
widely spoken languages in the world, spoken by ~ Hossain et al., 2025). Simultaneously, sentence-
more than 1.5 billion people around the globe'2.  level linguistic information plays a crucial role
They are thus of utmost importance in both inter-  in a wide range of NLP applications, for exam-
national communication and computational linguis-  ple, syntactic analysis, sentence categorization,
tics. English is universally recognized and widely  tense identification, educational NLP, and cross-
spoken both as a native and a second language'.  lingual transfer learning (Ghosh and Senapati,
On the other hand, Bangla, with around 242 million ~ 2025; Hasan et al., 2025; Kabir et al., 2023). More-
native speakers, is the sixth most spoken native  over, it is important to understand the diverse
language, and the official language of Bangladesh  ways that the structural, and temporal properties
and one of the recognized languages in India®. Al-  of sentences are manifested across languages
though widely used and recognized all over the  and how models might integrate high-quality lin-
world, there is a crucial shortage concerning bilin-  guistics along with high-quality accuracy (Hasan
gual annotations of the two languages for gram- et al., 2025; Kabir et al., 2023). Research on
matical properties of sentences (Alam et al., 2025).  Bangla NLP also reports that, despite wide us-
Multilingual corpora are becoming progressively  age, the lack of large-scale and well-structured
more useful for the NLP community, since many  corpora remains a major challenge for building
practical tasks require the involvement of more  strong models and conducting deeper linguistic
than one language (Seto et al., 2025; Tong and  studies(Hossain et al., 2025). The existing litera-
ture on Bangla NLP has focused largely on mono-

"https://en.wikipedia.org/wiki/ lingual resources (Kabir et al., 2023; Shafi et al.,
English_language 2025). In addition, some prior works have explored
*https://en.wikipedia.org/wiki/ multilingual resources (Majumdar et al., 2022),
Bengali_language but there remains a scarcity of bilingual corpora
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that provide unified and explicitly annotated gram-
matical information across languages, particularly
for dual-dimensional Bangla-English bilingual set-
tings. This limits direct comparison of linguistic
properties across two languages in one bench-
mark. To address this gap, we introduce BiST,a
large-scale Bangla-English bilingual corpus com-
prising 30,534 sentences, annotated for two funda-
mental grammatical dimensions, namely sentence
structure and tense.

1.1. Contributions

The main contributions of this work are as follows:

(i) To the best of our knowledge, BiST is the first
Bangla-English bilingual corpus annotated jointly
for sentence structure and tense with validated
inter-annotator agreement.

(i) A systematic multi-stage annotation frame-
work is designed involving multiple annotators,
majority voting, and consensus-based resolu-
tion, ensuring high-quality labels with strong inter-
annotator agreement (IAA).

(iii) Explicit and standardized annotation guide-
lines are provided for both structural and tempo-
ral classification, enabling consistency and repro-
ducibility in future research.

(iv) We establish baseline performance bench-
marks using both multilingual encoders and dual-
encoder architectures, demonstrating the effec-
tiveness of language-specific representations.

(v) The corpus?® is released as a publicly avail-
able resource to support reproducible research in
bilingual and cross-lingual NLP.

The remainder of this paper is organized as fol-
lows. Section 2 describes the BiST corpus, in-
cluding data collection, annotation, and its poten-
tial downstream applications. Section 3 presents
the experimental analysis, including annotation re-
liability, statistical properties, and baseline evalua-
tions. Finally, Section 4 concludes the paper.

2. A Bilingual Dual-Dimensional
Sentence Classification Corpus

The workflow for the generation of the developed
corpus is represented in Fig. 1, illustrating the
end-to-end process from data collection through
preprocessing and language identification to multi-
stage annotation with conflict resolution. The pro-
cess results in a clean, reliably labeled bilingual
corpus for downstream NLP tasks.

2.1. Data Collection

The very first step is to collect the documents
composed in Bangla and/or English from a vari-

3https://github.com/AbdullahRatulk/
BiST

Algorithm 1 Bangla-English Word-Level Classifier

Require: Text string

Ensure: Language label: Bangla, or English

1: Initialize Bangla_words < 0

2: Initialize English_words « 0

3: Split text into words

4: for all words in text do

5: if word contains Bangla characters then

6 Bangla_words < Bangla_words + 1

7 else if word contains English letters or dig-
its then

8: English_words «+ English_words + 1

9: end if

10: end for

11: if Bangla_words > 0 AND English_words = 0
then

12: return "Bangla”

13: else if English_words > 0 AND Bangla_words
=0 then

14: return "English”

15: end if

Algorithm 2 BiST Annotation with Dimension-wise
Fleiss’ Kappa

Require: Sentences S = {s1,...,5,}
Ensure: Final labels Y = {(SL,T)}

1. Define annotators P = {al,ag,ag}

2: Define label sets S, T

3: for all s; and a; do

4 Annotator assigns s;; € S, ti; € T

5: end for

6: forde {S,7} do

7: Compute item agreement Agd)

8: AW = % > Az('d)

9: Compute expected agreement AlD

. AD_ 4D
10:  Fleiss’ Kappa, (@ = EECE
11: end for
12: for all s; do ,
18 S;«argmax Y _; 1(si; = s)
sES
14: T« argmax Y, 1(ti; =)
teT

15: if no majority in any dimension then
16: Conduct consensus discussion
17: end if
18: end for

return Final labeled corpus Y

ety of sources. Sentences were collected from
two sources: (i) Wikipedia*® and (ii) naturally
occurring everyday conversational texts. Sen-
tences were collected from Wikipedia in accor-
dance with its open licensing policy (Creative Com-

*https://en.wikipedia.org/wiki/
Shttps://bn.wikipedia.org/wiki/
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Figure 1: Flowchart of data collection and annotation of our proposed ‘BiST’ Corpus.

Attribute | Description and possible values Example
Sentence | The full Bangla or English sentence col- | 5¢X TR 23¢* (FERNMC® ©F ST pers ol 419
lected from raw sources. Each sen- | Sqte ®e ¢« Ao @fre 2@z @ e, Swves
tence occupies one row. g7 effefea a2 Fetee foet s[qaanta 1 (Although this
movement took its final form on February 21, 1952,
its seeds were actually planted much earlier; on the
other hand, its reactions and consequences were far-
reaching.)
Language | Indicates the language of the sentence | Bangla
(English/Bangla).
Structure | The grammatical sentence structure, | Complex-compound
determined by clause composition.
Possible values include: Simple,
Complex, Compound, and Complex-
compound.
Tense The primary tense expressed in the | Past
sentence. Includes major tense cate-
gories such as Present, Past, and Fu-
ture.

Table 1: corpus description with attributes and possible values.

mons Attribution-ShareAlike license), which ex-
plicitly permits reuse and redistribution under the
specified terms. Wikipedia data were collected
using automated web crawling techniques imple-
mented through BeautifulSoup®, strictly adhering
to Wikipedia’s Terms of Service and robots.txt
guidelines. The conversational portion of the cor-
pus consists of manually composed and curated
sentences designed to reflect realistic informal
communication patterns, including dialogue-style
expressions, question-answer formats, and every-
day interactions like requests, opinions, and narra-
tives. These conversational instances do not orig-

6https ://beautiful-soup-4.readthedocs.
io/en/latest/
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inate from copyrighted or restricted sources, and
therefore do not impose redistribution constraints.

2.2. Annotation Guidelines

To ensure consistency and reproducibility, explicit
annotation guidelines were established prior to the
labeling process. Annotators were instructed to as-
sign labels based on clause composition and pri-
mary temporal reference, following standardized
linguistic definitions.

Sentence Structure Classes: Sentence struc-
ture is determined based on the number and type
of clauses:

(1) Simple: A sentence containing a single in-
dependent clause. For example, JTSITT 2,55
T R (TR e SRR Pl Fae |
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Figure 2: Word clouds representing the distribution

(Currently, 2,112 active volunteers are working on
Bangla Wikipedia.)’, ‘The boy with glasses was look-
ing at the moon.’, etc.

(2) Complex: A sentence with one independent
clause and at least one subordinate clause. Some
examples include ‘G1 @fsva FHwR F7 @ ATS A
O GO FE A6 ATF | (He watches the
news every evening so that he can stay updated
on current events.), ‘Do they enjoy camping even
if the weather is bad?’, etc.

(3) Compound: A sentence consisting of two or
more independent clauses joined by coordinating
conjunctions. For instance, g f& 9517 Jrete, 7
Q@ (FICI IWRE ASNS? (Do you play the guitar or
any other musical instrument?)’, ‘He wears a suit,
but he prefers casual clothes.’, etc.

(4) Complex-compound: A sentence contain-
ing multiple independent clauses along with at
least one subordinate clause. For example, ‘CSI-
R MG &fery ofw F0F A0, WK I SRei @
wie [ce 97 ARG @1 (Fold your clothes and
put them in their proper place so that the house
looks tidy.)’, ‘She reads books as she enjoys learn-
ing, and shares her notes with others.’, etc.

Sentence Tense Classes: Tense annotation fo-
cuses on the primary temporal reference of the
main clause:

(1) Present: Actions occurring currently or ha-
bitually. For example, =if¥ F& FaR X7 i &
IR QBT AT 40 AACS ALY IR, G G (Z-
o5 @z 92 T 9wt Twmig At (1 listen to music
while I work because it helps me stay focused, and
I choose playlists that keep me motivated.), ‘Help
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of words across different ‘structure’ types in the corpus.

your grandparents when they need assistance.’,
etc.

(2) Past: Actions completed in the past. For in-
stance, ‘a3 effsfe @3 wewe fost s[@eE_ 1 (its
reaction and consequences were far-reaching.)’, ‘We
watched the sunrise together while drinking hot cof-
fee., etc.

(3) Future: Actions expected to occur in the
future. Some examples include ‘it @I 2@?
(Where will the party held?)’, ‘I will visit the mu-
seum tomorrow unless it is closed, and | will take
many pictures.’, etc.

In cases of ambiguity, annotators prioritized the
main clause for tense assignment and relied on
clause hierarchy for structural classification.

2.3. Corpus Annotation

After collecting data and defining annotation guide-
lines, the compilation then goes through a series of
very extensive preprocessing steps such as clean-
ing, spelling correction, removing duplicates, and
filtering noise to assure the quality of the data.
After preprocessing, the language tag was gen-
erated automatically through python script lever-
agin Algotithm 1. After that, the corpus was an-
notated in a multi-stage verification setting to en-
sure consistency and reliability as described in Al-
gorithm 2. The proposed BiST annotation frame-
work systematically assigns final labels for each
sentence along two linguistic dimensions: struc-
ture (S), and tense (7). Initially, a set of sentences

= {s1,...,8,} is prepared, and three annota-
tors P = {a1, as, a3z} independently label each sen-
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Figure 3: Word clouds representing the distribution of words across different ‘tense’ categories in the corpus.

tence according to the pre-defined label sets S,
and T'. For each sentence s; and annotator a;, the
assigned labels are denoted s,; € S, and t;; € T.

To ensure annotation reliability, dimension-wise
agreement is computed using Fleiss’ Kappa. For
each dimension d € {S,T}, the item-wise agree-
ment A;(d) is first calculated and then averaged
across all sentences to obtain A(d). The expected
agreement A.(d) is determined under the as-
sumption of random labeling, and the dimension-
specific Fleiss’ Kappa is computed. After measur-
ing IAA, majority voting is applied to determine the
final label for each sentence in all three dimen-
sions. In cases where no clear majority exists in
any dimension, a consensus discussion among an-
notators is conducted to finalize the label. The fi-
nal output of the algorithm is a fully labeled corpus
Y = {(S:,T;)}, which can be used for subse-
quent computahonal analyses, such as supervised
classification or linguistic studies.

2.4. Corpus Description and
Visualization

This subsection provides a clear description and
visualization of the developed corpus, allowing re-
searchers to effectively use this resource for bilin-
gual NLP tasks and sentence-level linguistic anal-
ysis. Table 1 outlines the attributes included in the
corpus, describing each feature along with its pos-
sible values and illustrative examples. It outlines
the linguistic, grammatical, and structural features
of every sentence, thereby providing a clear pic-
ture of the corpus’s annotation scheme.
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In addition, Each subfigure of Fig. 2 depicts the
core words corresponding to a distinct sentence
structure. The differing levels of lexical promi-
nence within the context of different categories
help to qualitatively identify the differing sentence
structures, such as the usage of conjunctions and
clause markers in compound and complex sen-
tences, respectively.

Furthermore, Fig. 3 identifies the tense-specific
lexical features like temporal markers and auxiliary
verbs, which occur in a more prominent manner
in the respective categories. Variations in the oc-
currence of words in different tenses elucidate the
efficacy of the corpus in encapsulating the tempo-
ral nuances in English as well as the Bengali sen-
tences.

2.5. Corpus Utility and Downstream
Applications

In addition to serving as a benchmark for sentence-
level grammatical classification, the BiST corpus
provides explicit linguistic supervision that sup-
ports a range of downstream NLP applications.
Sentence structure and tense annotations are par-
ticularly useful for controlled text generation (Liang
et al., 2024), where models are required to pro-
duce outputs with specific grammatical constraints.
They also benefit educational NLP systems, in-
cluding grammar correction (Fang et al., 2025),
automated feedback generation (Lindsay et al.,
2025), and language learning applications. Fur-
thermore, the availability of aligned annotations
across Bangla and English facilitates cross-lingual



Dimension Fleiss’ Kappa (x) Agreement Level
Structure 0.82 Almost Perfect
Tense 0.88 Almost Perfect

Table 2: Inter-annotator agreement measured using
Fleiss’ Kappa across linguistic dimensions.

transfer learning (Ma et al., 2025), enabling mod-
els to better capture syntactic and temporal corre-
spondences between languages.

Beyond these applications, the annotated struc-
tural and temporal features can enhance sentence-
level representations for tasks such as sentiment
analysis and stance detection (Shafi et al., 2026),
where discourse structure and temporal cues of-
ten influence interpretation. These annotations
are also valuable for information extraction (Li
etal., 2025) and question answering (Zannat et al.,
2025), where temporal understanding is essen-
tial for reasoning over events, as well as for text
simplification and rewriting systems (Agrawal and
Carpuat, 2024), which rely on structural informa-
tion to transform complex sentences into simpler
forms.

3. Experimental Analysis and Result

This section provides a comprehensive evaluation
of the proposed BiST corpus from both linguis-
tic and computational perspectives. We begin
by assessing annotation reliability through inter-
annotator agreement. We then analyze the sta-
tistical properties and distributional characteristics
of the corpus across structural and temporal di-
mensions. Finally, we establish baseline results
using multilingual and dual-encoder architectures
to demonstrate the utility of BiST for bilingual sen-
tence classification tasks.

3.1. Annotation Reliability

Table 2 reports the dimension-wise inter-annotator
agreement measured using Fleiss’ Kappa (k)
across the two annotated linguistic dimensions.
The results indicate high reliability of the anno-
tation framework. For sentence structure classi-
fication, a « value of 0.82 demonstrates strong
agreement among annotators, reflecting consis-
tent identification of clause composition patterns
across Bangla and English sentences. Some
disagreements occurred during annotation, par-
ticularly in distinguishing between complex, com-
pound, and complex-compound sentences, where
clause boundaries or relationships were not al-
ways explicity marked. For tense classification,
the agreement is even higher, with a x value of
0.88, indicating near-perfect consistency in identi-
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Statistic  Total English Bangla
Count 30,534 17,465 13,069
u (Mean)  10.18 10.8 9.36
o (Std) 4.48 4.66 4.07

Table 3: Sentence length statistics of the corpus
across English and Bangla sentences.

fying temporal categories. These scores confirm
that the annotation guidelines were well-defined
and systematically applied, and that the resulting
labels are robust and suitable for benchmarking
and supervised modeling. Overall, the high agree-
ment values validate the quality and reproducibility
of the BiST annotation process.

3.2. Statistical Analysis of the Corpus

Table 3 presents the sentence length statistics of
the corpus, disaggregated by language. The cor-
pus comprises a total of 30,534 sentences, in-
cluding 17,465 English and 13,069 Bangla sen-
tences, indicating a moderately higher representa-
tion of English data. In terms of sentence length,
the overall average is ¢ = 10.18 tokens per sen-
tence. English sentences exhibit a higher aver-
age length (1 = 10.8) compared to Bangla sen-
tences (1 = 9.36), suggesting that English in-
stances in the corpus tend to be slightly more ver-
bose. The standard deviation values further reveal
variability patterns. English sentences show the
highest dispersion (¢ = 4.66), while Bangla sen-
tences demonstrate comparatively lower variabil-
ity (o = 4.07). Thus, English sentence lengths are
more widely distributed around the mean, whereas
Bangla sentences are relatively more consistent in
length. Overall, the statistics reflect a reasonably
balanced bilingual corpus with moderate variation
in sentence length across the two languages, while
highlighting subtle structural differences between
English and Bangla sentence construction.

Fig. 4 presents the distribution of sentence
types across structural categories and tempo-
ral categories within the developed corpus. In
the structural distribution (Fig. 4a), simple sen-
tences represent the largest proportion at 39.87%,
clearly exceeding the other categories. Com-
pound (25.04%) and complex (24.83%) sentences
account for nearly equal shares, while complex-
compound sentences constitute the smallest pro-
portion at 10.26%. The dominance of simple sen-
tences introduces a mild class imbalance, which
may bias learning models toward simpler syntac-
tic patterns unless balancing techniques such as
weighting or augmentation are applied. From a
linguistic perspective, the prevalence of simple
sentences reflects natural language tendencies,
where single-clause constructions are more com-
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Figure 5: Kernel density estimation (KDE) for (a) structural classes and (b) temporal categories in the developed
corpus.

mon in everyday communication.

In the temporal distribution (Fig. 4b), a more
pronounced imbalance is evident. Present tense
sentences account for 57.62% of the corpus, more
than double the proportion of past (18.76%) and fu-
ture (23.62%) sentences. This skew mirrors real-
world linguistic usage, where present tense domi-
nates due to its applicability in general statements,
habitual actions, and ongoing events. However,
from a modeling standpoint, this imbalance may
encourage classifiers to favor present-tense pre-
dictions, potentially reducing sensitivity to past and
future constructions. The comparatively lower rep-
resentation of future tense, in particular, may pose
challenges for robust temporal classification.

Fig. 5a presents the kernel density estima-
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tion (KDE) of sentence length distributions across
four structural classes. The visualization reveals
clear yet partially overlapping structural tenden-
cies that offer both linguistic insight and model-
ing implications. A prominent observation is the
strong concentration of simple sentences within
shorter length ranges, typically peaking between
6-10 words. This aligns with their syntactic nature,
as simple sentences generally consist of a single
independent clause with minimal expansion. The
narrow and sharply peaked density suggests low
variance, indicating structural compactness and
consistency. In contrast, complex sentences ex-
hibit a moderate rightward shift in distribution, clus-
tering around 9-13 words. This reflects the in-
clusion of subordinate clauses, which introduce



Approach Model Tense Structure
Acc F1 AUC Acc F1 AUC
Multiingual Encoders mBERT 085 0.83 090 0.83 0.80 0.88
XLM-R 087 085 091 084 0.81 0.89
BERT + BanglaBERTBase 0.87 0.85 091 085 0.82 0.89
Dual Encoders BERT + BanglishBERT 089 087 092 0.87 0.84 0.90
DistiiBERT + BanglaBERTBase 0.84 0.82 0.89 0.84 0.81 0.88
DistiIBERT + BanglishBERT 086 0.84 090 086 0.83 0.89

Table 4: Baseline evaluation with multilingual and dual-encoder models on structural and temporal classification
tasks. Dual-encoder architectures consistently outperform multilingual baselines, indicating the advantage of
combining complementary linguistic representations. Here, Acc = Accuracy, F1 = F1-Score, and AUC = Area

Under the Curve.

additional syntactic material while maintaining a
relatively controlled length. However, the over-
lap with simple sentences indicates that length
alone cannot fully distinguish these two categories,
an important consideration for classification sys-
tems relying heavily on surface features. More-
over, the compound sentence distribution shifts
further right and broadens, typically spanning 10-
18 words. This wider spread reflects the coordina-
tion of independent clauses, introducing variabil-
ity in construction. Notably, its overlap with com-
plex sentences suggests structural ambiguity in
real-world data, where coordination and subordi-
nation may produce comparable sentence lengths
despite differing grammatical relations. Further-
more, the compound-complex sentences demon-
strate the most distinctive pattern, with a notice-
ably flatter and right-skewed distribution extending
beyond 30 words. This indicates both higher aver-
age length and greater dispersion, consistent with
their syntactic richness involving multiple clauses
and clause types. The long tail highlights occa-
sional highly elaborate constructions, which may
pose challenges for both parsing and classification
tasks.

In short, while sentence length correlates with
structural complexity, it is not a definitive dis-
criminator. The substantial overlaps among ad-
jacent categories (simple-complex and complex-
compound) suggest that structural classification
cannot rely solely on length-based features. In-
stead, deeper syntactic or clause-level representa-
tions are necessary for robust differentiation. From
a computational perspective, this distributional in-
sight supports the need for models that capture hi-
erarchical linguistic structure rather than depend-
ing on shallow metrics such as token count.

Similarly, Fig. 5b illustrates the KDE of sen-
tence length distributions across three temporal
categories. Unlike the structural distributions ob-
served earlier, the temporal categories display a
substantially higher degree of overlap, suggesting
weaker differentiation based on sentence length.
All three categories show a strong concentration

within shorter length ranges, generally between 5-
12 words. That means temporal reference does
not inherently demand substantial variation in sen-
tence length. However, subtle distributional dis-
tinctions are still observable. Future tense sen-
tences demonstrate a slightly sharper peak within
shorter lengths, typically around 6-9 words, sug-
gesting a tendency toward more concise con-
structions. This may reflect the frequent use of
auxiliary-based future marking, which allows tem-
poral reference without significant syntactic expan-
sion. In contrast, present tense sentences exhibit
a broader and more right-skewed distribution, ex-
tending further into longer sentence ranges be-
yond 20 words. This suggests greater variability
and flexibility in present-tense usage, possibly due
to its dominance in descriptive, habitual, and ongo-
ing contexts that accommodate elaboration. Past
tense sentences occupy an intermediate position,
showing moderate spread and overlap with both
present and future categories. While their distribu-
tion resembles that of future tense in central ten-
dency, the slightly longer tail indicates occasional
narrative or descriptive expansions.

A key observation is the extensive overlap among
all three temporal categories, implying that sen-
tence length alone is a weak predictor of temporal
classification. Unlike structural complexity, which
tends to correlate with length, temporal reference
is primarily expressed through morphological or
auxiliary markers rather than clause expansion.
From a computational standpoint, this suggests
that surface-level metrics such as token count of-
fer limited discriminative value for temporal classi-
fication tasks. Instead, models must rely on verb
morphology, tense markers, and contextual cues
to effectively distinguish temporal categories.

3.3. Baseline Evaluation

To establish a foundational performance bench-
mark for both structural and temporal classifica-
tion, we evaluate two broad modeling paradigms:
multilingual encoders (Litschko et al., 2022)
and dual-encoder architectures (Gupta et al.,
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2023), where SMOTE (Khandaker et al., 2025)
is applied to the embedding representations to
mitigate class imbalance. The multilingual models
(mBERT and XLM-R) serve as general-purpose
baselines capable of handling cross-lingual
representations, while the dual-encoder config-

urations combine English-centric contextual
modeling (BERT/DistiBERT) with  Bangla-
specific  pretrained encoders (BanglaBERT-

Base/BanglishBERT).

The results in Table 4 reveal several impor-
tant patterns. First, multilingual encoders demon-
strate reasonably strong baseline performance
across both tasks, confirming their general effec-
tiveness in low-resource and mixed-language sce-
narios. Among them, XLM-R consistently outper-
forms mBERT, achieving higher accuracy and F1-
Scores for both structure and tense classification.
This aligns with prior expectations, as XLM-R ben-
efits from larger-scale multilingual pretraining and
improved contextual representations. However,
dual-encoder models exhibit a consistent perfor-
mance advantage over multilingual baselines. The
BERT + BanglishBERT configuration achieves the
highest scores across all evaluation metrics, sug-
gesting that combining complementary represen-
tations enhances the model’s sensitivity to linguis-
tic nuances. Unlike multilingual encoders, which
distribute representational capacity across many
languages, dual encoders can more effectively
capture language-specific syntactic and morpho-
logical patterns. The performance gap between
full BERT-based dual encoders and DistilBERT-
based variants further highlights the role of repre-
sentational richness.

The performance gain is primarily attributed to
language-specific representational specialization.
While multilingual models share subword vocabu-
laries across languages, this often leads to sub-
optimal tokenization for morphologically rich lan-
guages like Bangla. In contrast, dual encoders
leverage dedicated tokenization schemes and pre-
trained representations, enabling better capture of
syntactic and morphological nuances.

4. Conclusion

This paper presented BiST, a rigorously con-
structed Bangla-English bilingual corpus for
sentence-level grammatical classification across
structural and temporal dimensions. Designed to
address the scarcity of reliable bilingual resources
for low-resource settings, the corpus integrates
systematic data collection, and multi-stage anno-
tation with inter-annotator agreement to ensure
consistency and reproducibility. Corpus-level anal-
yses confirm realistic linguistic distributions and
structural diversity, while baseline experiments
demonstrate that dual-encoder architectures con-

151

sistently outperform general multilingual encoders,
highlighting the importance of language-specific
representations. BiST thus establishes a unified
and experimentally validated benchmark for
bilingual grammatical modeling and cross-lingual
research.

References

Sweta Agrawal and Marine Carpuat. 2024. Do
text simplification systems preserve meaning?
a human evaluation via reading comprehension.
Transactions of the Association for Computa-
tional Linguistics, 12:432—448.

Sadia Alam, Md Farhan Ishmam, Navid Hasin
Alvee, Md Shahnewaz Siddique, Md Azam Hos-
sain, and Abu Raihan Mostofa Kamal. 2025.
Bnsentmix: A diverse bengali-english code-
mixed dataset for sentiment analysis. In Pro-
ceedings of the First Workshop on Language
Models for Low-Resource Languages, pages
68-77.

Tao Fang, Tianyu Zhang, Derek F Wong, Keyan
Jin, Lusheng Zhang, Qiang Zhang, Tianjiao Li,
Jinlong Hou, and Lidia S Chao. 2025. LImcl-gec:
Advancing grammatical error correction with llm-
driven curriculum learning. Expert Systems with
Applications, 279:127397.

Koyel Ghosh and Apurbalal Senapati. 2025. Hate
speech detection in low-resourced indian lan-
guages: An analysis of transformer-based
monolingual and multilingual models with cross-
lingual experiments. Natural language process-
ing, 31(2):393-414.

Nilesh Gupta, Devvrit Khatri, Ankit S Rawat, Sri-
nadh Bhojanapalli, Prateek Jain, and Inderijit
Dhillon. 2023. Dual-encoders for extreme multi-
label classification. arXiv:2310.10636.

Md Riaz Hasan, Zhihong Chong, Tareq Khaled Ab-
dulwasea, Harun Or Rashid, and Fariha Sultana.
2025. Emotion classification in bangla: A com-
prehensive comparison of banglabert, mbert,
and xIm-roberta with error analysis and signifi-
cance testing. In 2025 9th International Sympo-
sium on Multidisciplinary Studies and Innovative
Technologies (ISMSIT), pages 1-8. IEEE.

Md Parvez Hossain, Ohidujjaman Ohidujjaman,
Mohammad Shorif Uddin, Mohammad Nurul
Huda, and Tetsuya Shimamura. 2025. Recogni-
tion of bangla and english words in bengali texts
using a modified bert-base-ner model. Iraqi
Journal for Computer Science and Mathematics,
6(4):5.

Mohsinul Kabir, Obayed Bin Mahfuz, Syed Ri-
fat Raiyan, Hasan Mahmud, and Md Kamrul



Hasan. 2023. Banglabook: A large-scale bangla
dataset for sentiment analysis from book re-
views. In Findings of the Association for Com-
putational Linguistics: ACL 2023, pages 1237-
1247.

Ariful Islam Khandaker, Abdullah Al Shafi, and Mo-
hiuddin Ahmad. 2025. Handling class imbal-
ance problem in skin lesion classification: find-
ing strengths and weaknesses of various bal-
ancing techniques. In 2025 International Con-
ference on Quantum Photonics, Artificial Intel-
ligence, and Networking (QPAIN), pages 1-6.
IEEE.

Xiaoxi Li, Jiajie Jin, Yujia Zhou, Yuyao Zhang,
Peitian Zhang, Yutao Zhu, and Zhicheng Dou.
2025. From matching to generation: A survey
on generative information retrieval. ACM Trans-
actions on Information Systems, 43(3):1-62.

Xun Liang, Hanyu Wang, Yezhaohui Wang,
Shichao Song, Jiawei Yang, Simin Niu, Jie Hu,
Dan Liu, Shunyu Yao, Feiyu Xiong, et al. 2024.
Controllable text generation for large language
models: A survey. arXiv:2408.12599.

Euan D Lindsay, Mike Zhang, Aditya Johri, and Jo-
hannes Bjerva. 2025. The responsible develop-
ment of automated student feedback with gen-
erative ai. In 2025 IEEE Global Engineering
Education Conference (EDUCON), pages 1-10.
IEEE.

Robert Litschko, Ivan Vuli¢, Simone Paolo
Ponzetto, and Goran Glavas. 2022. On cross-
lingual retrieval with multilingual text encoders.
Information Retrieval Journal, 25(2):149-183.

Rao Ma, Mengjie Qian, Yassir Fathullah, Siyuan
Tang, Mark Gales, and Kate Knill. 2025. Cross-
lingual transfer learning for speech translation.
In Proceedings of the 2025 Conference of the
Nations of the Americas Chapter of the Associa-
tion for Computational Linguistics: Human Lan-
guage Technologies (Volume 2: Short Papers),
pages 33—43.

Pritha Majumdar, Deepak Alok, Akanksha Bansal,
Atul Kr Ojha, and John Philip McCrae. 2022.
Bengali and magahi pud treebank and parser. In
Proceedings of the WILDRE-6 Workshop within
the 13th Language Resources and Evaluation
Conference, pages 60—67.

Skyler Seto, Maartje Ter Hoeve, Richard He Bai,
Natalie Schluter, and David Grangier. 2025.
Training bilingual Ims with data constraints in the
targeted language. In Findings of the Associ-
ation for Computational Linguistics: ACL 2025,
pages 19096-19122.

152

Abdullah Al Shafi, Md Milon Islam, Sk Imran Hos-
sain, and KM Hasan. 2026. Kuet at stan-
cenakba shared task: Stancemoe: Mixture-
of-experts architecture for stance detection.
arXiv:2604.00878.

Abdullah Al Shafi, Rowzatul Zannat, Abdul
Muntakim, and Mahmudul Hasan. 2025. A
structured dataset of disease-symptom as-
sociations to improve diagnostic accuracy.
arXiv:2506.13610.

Meihan Tong and Shuai Wang. 2025. Novelcr:
A large-scale bilingual dataset tailored for long-
span coreference resolution. In Findings of the
Association for Computational Linguistics: ACL
2025, pages 5161-5173.

Rowzatul Zannat, Abdullah Al Shafi, and Abdul
Muntakim. 2025. Bridging the gap in bangla
healthcare: Machine learning based disease
prediction using a symptoms-disease dataset.
In 2025 International Conference on Electri-
cal, Computer and Communication Engineering
(ECCE), pages 1-6. IEEE.

A. Limitations and Future works

Despite its contributions, the proposed BiST cor-
pus has several limitations. The annotation
scheme is coarse-grained, focusing only on struc-
ture and tense, and does not capture finer lin-
guistic phenomena such as aspect, modality, or
discourse relations. The corpus excludes code-
switched instances, which may limit real-world vari-
ability. Additionally, while the corpus is moder-
ately large, further expansion in size and domain
diversity would improve its generalizability. In fu-
ture work, we plan to expand the corpus with addi-
tional grammatical dimensions and linguistic phe-
nomena, as well as explore code-mixed Bangla-
English scenarios to better reflect real-world lan-
guage use. We also aim to evaluate emerging mul-
tilingual foundation models on the benchmark to
further advance low-resource grammatical under-
standing.
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