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Abstract. Document comprehension is a challenging yet impactful task
for Multimodal Large Language Models, especially as these systems see
growing adoption in real-world, human-centric applications. However,
this adoption is limited for low-resource languages such as Bangla due
to the scarcity of high-quality annotated data. To address this gap, we
introduce BaFCo, a benchmark dataset for Bangla form comprehension
with a focus on Document Layout Analysis (DLA) and Key Information
Extraction (KIE). BaFCo curates 200 multi-page complex Bangladeshi
government forms, sourced from across diverse sectors including agricul-
ture, education, banking, and land management. To accurately capture
the structural and contextual complexity of these forms, we define a fine-
grained annotation schema comprising 26 types of form entities, along
with a separate coarse form entity set consisting of 5 types. We evaluate
the latest MLLMs from the ChatGPT, Gemini, Claude, Qwen, and Kimi
series using zero-shot and chain-of-thought prompts under both low and
high reasoning setups. Our results reveal limitations in current MLLMs’
ability in comprehending Bangla forms, particularly in accurately local-
izing highly granular form entities. Our dataset and code is available at:
https://huggingface.co/datasets/Mausul/bafco

Keywords: Document Comprehension, Document Layout Analysis, Key
Information Extraction, Low-resource NLP, Multimodal LLM

1 Introduction

Information retrieval from documents such as forms underpins many real-world
systems including banking, education, and public administration [28]. Docu-
ment Layout Analysis (DLA) and Key Information Extraction (KIE)
[1,8,25] are tasks at the core of Document Understanding. DLA identifies the
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structural elements of a page and the relationships between them. KIE involves
locating and extracting values from form fields filled digitally or by hand. Both
DLA and KIE are foundational precursors to downstream document tasks such
as document question answering, entity linking, and summarization.

Bangla remains a low-resource language in document understanding despite
being the world’s 7th most spoken language, with 284 million speakers [24].
Government forms are also underrepresented in research, despite their seman-
tic diversity and practical importance in public services. Benchmarks such as
FUNSD [16] and XFUND [38] have advanced form understanding in English and
other languages, but no comparable benchmark has been available for Bangla
forms. Consequently, the lack of high-quality datasets and benchmarks continues
to limit the development of Bangla document understanding systems.

To address this gap, we introduce BaFCo, a curated benchmark for multi-
page Bangla form comprehension, focusing on government forms and the tasks
of DLA and KIE. BaFCo provides fine-grained annotations spanning 26 entity
types and labeled relationships between related fields. For DLA, the dataset
contains 16,382 entities and 8,771 relationships across 200 forms (316 pages,
with 1-5 pages per form). For KIE, it further includes 1,926 key-value pairs
spanning 156 forms (186 pages). To maximize diversity, we prioritize complex
and varied layouts over simpler forms. All annotations are created by trained
annotators and reviewed by experts to ensure structural and semantic quality.
In addition, we provide an end-to-end evaluation pipeline, standard document-
comprehension metrics, and a coarse label set with five entity types, enabling
systematic evaluation of MLLMs on Bangla DLA and KIE tasks.

With the advent of LLMs and MLLMs, document understanding workflows
have increasingly shifted toward generative approaches, driven in part by the
popularity of conversational interfaces. MLLMs are now widely used for doc-
ument understanding tasks [3-5], replacing earlier OCR-based methods [33].
Although document-specialized models are available [10,13,30,39], off-the-shelf
flagship MLLMs offer a compelling alternative due to their lower development
overhead through publicly accessible APIs, the scarcity of high-quality domain-
specific training data, and the substantial computational resources required to
train custom models [6,37].

Consequently, we evaluate flagship MLLMs on BaFCo using tuning-free prompt-
based methods to assess their layout-grounding capabilities and their under-
standing of Bangla-specific form elements. In DLA, Gemini 3 Pro performs the
best across all experimental setup with average mAP scores of 0.1177 and 0.2646
for granular and coarse entity set, respectively. For KIE, Gemini 3 Pro again
outperforms other models for Bangla forms, but for English ones GPT-5.2 is sur-
passing others. We also evaluate the models on a set of English forms from the
same domains to examine the effects of language. In case of DLA (particularly
for granular entity set), the effect is minimal (performance difference < 0.02),
whereas for KIE GPT-5.2 and Claude Opus 4.6 performs better on English
forms and Gemini 3 Pro on Bangla forms.

Our main contributions are as follows:
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Fig. 1: Overview of BaFCo data diversity. (a) Examples of annotated forms across three
difficulty levels: easy, medium, and hard (see Sec. 3.2); (b) BaFCo supports detailed
layout annotations with 26 entity types, including titles, form key-value pairs, and
tables; (c) It contains links between related entities through three relationship types:
key-to-key, key-to-value, and value-to-value; (d) Examples of form variations, including
scanned, watermarked, and handwritten forms; (e) BaFCo includes government forms
from 15 domains; (f) Each form is annotated with nine page-level attributes based on

annotation difficulty, image quality, and form background.

1. We introduce BaFCo, a high-quality dataset of Bangladeshi government
forms with 26 entity types and annotated relationships between related fields,
validated through human annotation and expert review.

2. We present the first benchmark for Document Layout Analysis (DLA) and
Key Information Extraction (KIE) on Bangla forms, addressing a critical
gap in low-resource document understanding.

3. We provide an empirical analysis of the performance of off-the-shelf flagship
MLLMs on DLA and KIE tasks for Bangla documents, revealing limitations
of the current models, particularly in handling fine-grained layouts.
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2 Related Works

Document Layout Analysis (DLA) aims to identify and localize structural
elements, such as text blocks, tables, images, and form fields. Early benchmarks
spurred research from rule-based systems [11,17] to machine learning [2,36] for
segmenting and classifying document regions. However, they struggle with com-
plex real-world layouts. Hence, recent approaches predominantly rely on deep
learning models [9, 13, 14, 19, 40] that combine visual, textual, and structural
cues, including CNN-Transformer hybrids and multimodal architectures, which
require high-quality annotations to generalize across varied domains and docu-
ment types. Early foundational datasets like PubLayNet [40] and DocBank [1§]
scaled through leveraging scientific articles from PubMed Central and arXiv, re-
spectively. However, these born-digital scientific datasets lack real-world layout
variability. DocLayNet [23] addressed this gap by providing data from diverse
sources; including financial reports, manuals, and legal documents.

Key Information Extraction (KIE) focuses on identifying and extracting
form key-value pairs. Among generative KIE approaches, GenKIE [5] uses an
encoder-decoder architecture with zero-shot prompt based evaluation. In BROS
[12] uses a multimodal, layout-aware encoder. LiLT [32] and OmniDocBench
[21] are multilingual, nonetheless Bangla is absent from their pool. Apart from
GPT4o0 in OmniDocBench, no work evaluates recent flagship MLLMs’ on KIE.

Form Understanding is an important subfield of document intelligence,
focusing on extracting, structuring, and linking information from forms. FUNSD
[16] was among the first public benchmarks in this area, providing annotations for
questions, answers, headers, and other text entities, along with question—-answer
relationships. It enabled research on semantic entity recognition and relation
extraction, but its annotation schema is largely limited to flat question—answer
structures. Subsequent datasets have targeted specific domains and document
types, including government business documents [31], financial forms [7], receipts
[15,22,29], and legal and financial documents [27]. While these datasets contain
challenging layouts and long-form content, they generally lack fine-grained text-
entity annotations and spatial relationships required for detailed form structure
understanding, particularly in low-resource and domain-specific settings.

Multilingual and Low-Resource Document Datasets Most document
layout analysis benchmarks focus on high-resource languages, leaving low-resource
settings underexplored. XFUND [38] introduced a multilingual benchmark cov-
ering seven languages. However, many low-resource languages remain absent.
Bangla is one such example: despite its large speaker base, public benchmarks
for Bangla document understanding have been scarce. A first step was BaD-
LAD [26], which introduced a multi-domain dataset spanning books, newspa-
pers, government documents, and historical records. Although it provides 710k
polygon annotations, its labels are limited to coarse layout elements such as
text regions, paragraphs, tables, and images. However, it does not support fine-
grained form understanding with form-specific entities, key—value relationships,
or government-form structures.
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Table 1: Comparison of BaFCo with existing document understanding benchmarks.
Domain denotes the no. of document domains (e.g., finance, education, healthcare).
Form indicates support for form-style documents; LRL, low-resource languages; Mul-
tipage, multi-page annotations; and Human, human-created annotations. BBox and
Text denote bounding-box and text annotations, respectively. Tab, Img, Sig, Cb,
and Photo indicate annotations for tables, images (e.g., figures, logos, diagrams),
signatures, checkboxes (including single-select, multi-select, and radio buttons), and
photographs. EL denotes entity linking between related fields. Tasks lists supported
tasks: Document Layout Analysis (DLA) and Key Information Extraction (KIE).

Data Annotation Attributes and Types Tasks
Domain Form LRL | Multipage Human BBox Text Tab Img Sig Cb Photo EL|DLA KIE

Benchmark

DLA Benchmarks

PubLayNet [10] 2 - - - - v v v v - = — - v -
DocBank [18] 1 - - v - v v v v - - - | v -
DocLayNet [23] 5 - - - v v v v - = - — v -
OmniDocBench [21] 9 - - v v v v v v - = - — v _
Form Benchmarks

BuDDIE [31] 3 v - - v V- e
FUNSD [16] 1 v - - v VRV Y
XFUND [35] 1 V- - v N
FormNLU [7] 1 v - - v v v - - - - - v v v
Low-Resource Language Benchmark

BaDLAD [26] | 4 - vl - v VS - - - v -
BaFCo (ours) | 15 v v v v v v v

Our work addresses this gap with BaFCo, the first publicly available bench-
mark for Bangla form comprehension and layout analysis. BaFCo provides fine-
grained annotations spanning 26 entity types and labeled relationships between
related entities (e.g., linking field labels to values), a capability not previously
available for Bangla documents.

3 Dataset

3.1 Data Collection and Curation

We adopt a quality-over-quantity strategy, prioritizing careful selection, diver-
sity, and annotation fidelity over scale. The dataset is composed of publicly
available Bangladeshi government forms®, ensuring authenticity and real-world
relevance. Government forms were chosen due to their structured yet highly
variable layouts, dense semantic content, and practical importance.

Forms were filtered to remove duplicates, incomplete scans, and low-quality
images that could introduce annotation noise. The selected forms span multiple
administrative domains, including taxation, healthcare, education, and civil ser-
vices. They exhibit varying degrees of layout complexity, including multi-column
structures, nested fields, tables, and handwritten or stamped regions. We further

5 https://forms.portal.gov.bd/
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categorize forms into three difficulty levels—easy, medium, and difficult—based
on layout density, visual clutter, and semantic coupling between fields.

Unlike large-scale multilingual benchmarks such as OmniDocBench [21] or
BuDDIE [31], which emphasize breadth across document types and languages,
our dataset is purpose-built for Bangla forms. Accordingly, comparisons in this
work focus on Bangla-specific and multilingual datasets that include Bangla
content. The dataset is intended as a high-quality benchmark for low-resource
document layout analysis rather than a general-purpose corpus.

3.2 Dataset Description

Form Selection Criteria and Difficulty Levels: Forms containing 1-5 pages
were first shortlisted. The selected forms were then grouped into difficulty levels
based on layout complexity and component diversity. Fasy forms contained ba-
sic elements such as form key—value pairs (including one-to-many and key-to-key
relationships), inline and signature key—value pairs, headers, titles, section head-
ings, text blocks, photo fields, and footers. However, they did not include tables,
checkboxes, or tick marks. Medium forms introduced additional structural com-
plexity through checkboxes, tick marks, and tables consisting only of columns,
while explicitly excluding tables with both rows and columns, sub-columns, or
embedded checkboxes and tick marks. Hard forms represented the highest level
of complexity and included tables with rows, columns, and sub-columns; tables
containing checkboxes or tick marks; and other unique, dense, or unconventional
layout components.

DLA Dataset Composition: Following the difficulty-based grouping, BaFCo
encompasses a diverse range of form structures, including application and non-
application forms, sparse and dense layouts (ranging from forms with few fields
to those containing crowded or heavily tabular regions), and both guided forms
(with explicit bounding boxes) and unguided forms (without such cues). These
variations are representative of real-world government forms. BaFCo also ex-
hibits a deliberately skewed entity-class distribution, preserving the natural long-
tail distribution of entities found in real-world documents rather than imposing
artificial class balance. Common elements (e.g., form keys and values) dominate
the dataset, whereas specialized elements (e.g., signatures and tabular sub-fields)
are relatively rare, reflecting the inherent long-tailed nature of government forms.
Overall, the dataset contains 16,382 entities and 8,771 relationships across 200
forms (316 pages), with each form comprising between 1 and 5 pages.

KIE Dataset Composition: For KIE, we evaluate 156 forms (186 pages
and 1,926 key—value pairs) spanning the same Easy, Medium, and Hard dif-
ficulty levels. English forms are included to facilitate comparisons between a
high-resource language and a low-resource language. The Bangla-to-English ra-
tio is 1.14:1 by form count and 1.24:1 by key—value pair count.
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Table 2: BaFCo dataset statistics for the DLA and KIE tasks, broken down by dif-
ficulty level. Under our difficulty rubric, easy forms do not contain tables or selection
elements (checkboxes/tick marks); consequently, these fields are absent from the Easy
category and are denoted by ‘—’.

Easy Medium Hard Total Easy Medium Hard Total

Dataset Size Annotation Types
DLA Forms 74 66 60 200 DLA Form values 1,418 1,179 1,079 3,676
DLA Pages 90 108 118 316 DLA Inline values 155 198 216 569
DLA Tables - 59 143 202 DLA Signatures 187 189 144 520
KIE Forms 86 42 28 156 DLA Checkboxes - 245 166 411
KIE Pages 95 57 34 186 DLA Tick marks - 65 51 116
Structure DLA Table rows - 313 622 935
DLA Avg. entities/form 55.76 77.76 118.73 81.91 DLA Table columns - 262 963 1,225
DLA Avg. relations/form 30.01 37.74 67.65 43.85 DLA Total annotations 1,760 2,451 3,241 7,452
KIE Avg. key-value pairs/form 11.2 13.,5 150 123 KIE Filled key-value pairs 955 568 391 1,926

3.3 Semantic Form Entity Definition

Based on our analysis of Bangladeshi government forms, we defined a fine-grained
and comprehensive taxonomy of semantic form entities. The dataset contains 26
entity types covering structural components (e.g., headers, sections, and tables),
functional fields (e.g., key—value pairs, checkboxes, and signatures), and auxiliary
elements (e.g., instructions, seals, and stamps) across both single-page and multi-
page forms (see Tab. 3). To examine the effect of entity granularity on model
performance, we additionally group these 26 entity types into five coarse-grained
categories.

In addition to entity labels, we annotate relationships between semantically
linked fields, enabling the use of BaFCo for downstream document understanding
tasks. Tab. 2 summarizes the total number of annotated entities and relation-
ships across the different difficulty levels. The taxonomy for each entity type was
iteratively refined through pilot annotations and expert feedback to ensure cov-
erage, consistency, and applicability across diverse form layouts. This detailed
taxonomy distinguishes our dataset from existing Bangla document resources,
which typically employ generic or task-specific entity label sets.

Table 3: Semantic Form Entities. Both coarse and granular form entities are enlisted.

Coarse Granular

Headers Header, Title, Footer, Section Title

Table Table, Table Caption, Table Section, Table Index, Row Primary
Key, Row Value, Column Primary Key, Column Value

Image Diagram / Logo / Figure

Fields Form Key, Form Value, Inline Key, Inline Value, Signature Key,

Signature Value, Tick Mark, Checkbox, Image Field
Others Text Block, Page Number, Gibberish, Others
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3.4 Annotation Guidelines

DLA: To ensure high annotation quality and reproducibility, we developed a
detailed annotation guideline document that specifies entity definitions, bound-
ing box rules, relationship constraints, and edge cases. Particular emphasis is
placed on resolving ambiguities common in Bangla forms, such as overlapping
text regions, visually implicit field boundaries, and mixed printed—handwritten
content. The guideline is refined through multiple rounds of annotator feedback
and validation, resulting in a consistent annotation protocol that minimizes sub-
jective interpretation while retaining flexibility for complex layouts.

KIE: For KIE, we annotate bounding boxes and define explicit relationships
between regions. Two labels — key and wvalue — were used. Annotators filled
a text field for each region: key fields copied the annotated text, while value
fields recorded the corresponding entry. These fields served as ground truth. To
evaluate models, values were overlaid on form images, and LLMs were prompted
to extract them given the associated keys. To assess model performance, the
values were superimposed onto the form images, and the LLMs were prompted
to extract the values given the corresponding keys.

3.5 Annotation Procedure

17 annotators underwent two days of training using guideline documents, prac-
tice forms, and tutorial videos covering dataset nuances. All were proficient in
Bangla and experienced in document labeling. Each document was indepen-
dently annotated in Label Studio® by a trained annotator and reviewed by an
expert reviewer. Disagreements or uncertainties in labels or bounding boxes were
resolved via group discussion and majority voting. To quantify reliability, we
measured agreement between the trained annotator and the expert reviewer on
the pre-majority-vote annotations, obtaining a Cohen’s k of 0.974.

3.6 Difficulties Faced During Annotation:

Most annotation errors stemmed from layout complexity and fell into three cat-
egories. Semantic confusions arose when distinguishing closely related entity
types: in fill-in-the-blank forms, standard key—value pairs were frequently misla-
beled as inline or signature pairs, and slashes (“/”) were occasionally mistaken as
separators between Tick Mark entities. Structural ambiguities were most com-
mon in guided layouts, where form keys were hard to separate from table cells,
and where a few multi-cell tables were annotated cell-by-cell rather than as a
single structure. Technical inconsistencies included misclassification, duplicate
boxes, and overly broad inline annotations, along with occasional omissions of
essential elements (e.g., header logos, signature links) and erroneous inclusion
of irrelevant footer text. All these issues were identified and corrected by expert
reviewers prior to finalization.

S https://labelstud.io/
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4 Experiments

4.1 Experimental Setup

Models: We evaluate five flagship MLLMs spanning both proprietary and
open-source ecosystems: GPT-5.2, Gemini 3 Pro, and Claude Opus 4.6 on the
proprietary side, and Qwen 3.6 Plus and Kimi K2.5 among open-source mod-
els. We focus exclusively on MLLMs because they represent the most promis-
ing paradigm for general-purpose document understanding. Unlike OCR-based
pipelines and encoder architectures, which are typically designed for predefined
tasks with fixed output schemas, MLLMs operate in an open-ended, instruction-
driven manner that better aligns with emerging document AI applications. Con-
sequently, direct comparisons with OCR or encoder-based systems are less infor-
mative for our objectives. We therefore center our evaluation on MLLMs, which
are also widely accessible through API-based deployment. For inference, we use
native batch endpoints for proprietary models to improve cost efficiency and
OpenRouter” endpoints for open-source models.

Prompts: To utilize MLLMs’ inference-time task-completion capabilities, we
used zero-shot [34] and Chain-of-Thought (CoT) prompting [35]. We included
task descriptions, form entity specifications, and output-structure instructions
in the prompts. For KIE, we followed the prompt structure of GenKIE [5], where
KIE is formulated as a visual question-answering task.

Reasoning Effort: Besides CoT prompting, for DLA experiments we also use
the built-in reasoning of the flagship models. We run every setup at two reason-
ing levels, low and high, set via the reasoning effort API parameter. We use
this as our main control because it is the only setting shared across providers
for adjusting models’ reasoning level. Since black-box APIs do not reveal each
model’s internals, it is the fairest basis for comparison. To cap runaway gener-
ation, we limit maz_output tokens at 16,000 for low reasoning and 64,000 for
high reasoning. For consistency, we use only the low and high levels, as these
settings were available across all providers (Gemini 3 Pro’s API did not offer a
medium reasoning effort level at the time of writing).

DLA Evaluation Metrics: We evaluate model predictions using standard
detection and classification metrics following prior form understanding and ob-
ject detection benchmarks [7,20,21]. As in [7,21], we perform greedy matching
between predicted and ground-truth bounding boxes with two Intersection-over-
Union (IoU) thresholds 7 € 0.3,0.5 to ensure order-invariant assignment.

A predicted box is counted as a true positive (TP) if matched to a ground-
truth instance with IoU > 7. Unmatched predictions are false positives (FP),
and ground-truth instances without corresponding predictions are false negatives

" https://openrouter.ai/
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(FN). Using these counts, we compute precision, recall, F1 score, and mean
average precision (mAP). For a fixed IoU threshold 7, mAP is obtained by
averaging class-wise Average Precision (AP) across all form field categories.

KIE Evaluation Metrics: Following prior work [5,7,21], we use precision,

recall, F1, and Normalized Edit Similarity (N ES) for KIE evaluation.
NES is defined as NES =1 — NED, where NED = % and d(s,t)

is the Levenshtein distance between the predicted string s and ground-truth ¢.

4.2 Evaluation Setup

To evaluate MLLMs’ performance for each task ¢ € T where T = {DLA, KIE},
image of page j of form %, b, ; is selected from BaFCo dataset B. Then along
with prompt p (p € P,) the page image b; ; is passed to each MLLM, Mjy from
a pool of models (see Sec. 4.1),to generate raw prediction gf it

?Jﬁj = My(b; ;, p) (1)

The raw prediction yjlpj' is subsequently processed by a validator function
V(-) that checks for adherence of predictions to a predefined output schema
customized for DLA and KIE. Invalid inferences are excluded from evaluation.

vty = V(i) (2)

The validated prediction is then compared against the ground-truth annota-
tion y; ; to obtain page-level performance measurements aggregated across pages
and forms. For each predicted form entity, the output also contains a brief label
justification and a confidence score for the bounding box coordinates.

For DLA, we define a prompt set as Ppra = {Pss, Peot }, Where p,s and peot
denote DLA-specific zero-shot and chain-of-thought prompts, respectively. For
KIE the prompt set Pyrp contains a zero-shot evaluation prompt. To observe
effects of entity set size, in addition to the granular form entity set containing
26 entity categories, we developed a minimal set containing 5 coarse entity cat-
egories and mapped all original 26 categories to coarse categories (See Tab. 3).

5 Results

5.1 Document Layout Analysis (DLA)

Tab. 4 reports DLA performance across models, prompting strategies, reasoning
effort levels, and entity granularities. Overall, Gemini 3 Pro achieves the best
results in most configurations, followed by GPT-5.2, while Claude Opus 4.6 is
consistently the weakest. Performance improves noticeably from the granular to
the coarse entity set. For instance, under high reasoning effort with zero-shot
prompting, Gemini 3 Pro increases from 0.1177 mAP on the granular entity
set to 0.2646 on the coarse set at IoUQOQ.3, with similar trends observed across
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Table 4: Layout analysis performance for both Granular and Coarse label sets. Bold
indicates the best overall result per column within each entity set, and Blue indicates
the best result within each combination of prompt variant (Zero-Shot: ZS, Chain-
of-Thoughts: CoT) and reasoning effort (Low, High). uloU is used to show overall
average IoU regions for all predicted bounding boxes. uloU@[0.3, 0.5] is used to show
average of bounding boxes that are over the thresholds 0.3 and 0.5, the thresholds
are selected based on works from Form-NLU [7] and OmniDocBench [21]. Across all
prompt, reasoning effort, and entity set granularity level combination, Gemini 3 Pro
outperforms GPT-5.2 and Claude Opus 4.6. For each metric higher (1) is better.

Reg;zlr):ng Prompt Model IoU@0.3 ToU@O0.5
mAP F1 puloU  ploU@0.3 mAP F1 uloU  pToUG0.5
Granular Entity Set
GPT-5.2 0.0530  0.1158  0.1242 0.4556 0.0155 0.0444 0.1259 0.6175
Claude Opus 4.6 0.0041 0.0161 0.0316 0.4334 0.0010 0.0049 0.0323 0.5998
z8 Gemini-3 Pro 0.0900  0.1953  0.2430  0.5647 0.0483 01222 0.2449  0.6787
Kimi K2.5 0.0156  0.0566  0.0676 0.4787 0.0048 0.0196 0.0695 0.6087
Low Qwen 3.6-Plus 0.0097  0.0422 0.0691 0.4184 0.0008 0.0088 0.0705 0.6048
GPT-5.2 0.0643  0.1273  0.1343 0.4782 0.0266 0.0618 0.1349 0.5991
Claude Opus 4.6 0.0037  0.0174  0.0355 0.4206 0.0007  0.0051 0.0363 0.5907
CoT Gemini-3 Pro 0.0853 0.1943 0.2420 0.5390 0.0452  0.1207  0.2433 0.6594
Kimi K2.5 0.0105  0.0480  0.0690 0.4530 0.0027  0.0182 0.0707 0.5989
Qwen 3.6-Plus 0.0083  0.0371 0.0650 0.4101 0.0010 0.0072 0.0717 0.6025
GPT-5.2 0.0511 0.1192 0.1148 0.4658 0.0157  0.0481 0.1157 0.6134
Claude Opus 4.6 0.0074  0.0321 0.0460 0.4408 0.0012 0.0075 0.0465 0.5771
VA Gemini-3 Pro 0.1177  0.2282  0.2243 0.5312 0.0641  0.1411  0.2257 0.6419
Kimi K2.5 0.0453  0.1117  0.1132 0.4617 0.0150 0.0441 0.1140 0.6123
High Qwen 3.6-Plus 0.0175  0.0606  0.0661 0.4501 0.0040 0.0234 0.0668 0.5910
GPT-5.2 0.0615  0.1291 0.1234 0.4723 0.0197  0.0581 0.1247 0.5985
Claude Opus 4.6 0.0065  0.0310  0.0501 0.4350 0.0016 0.0104 0.0505 0.5683
CoT Gemini-3 Pro 0.1134  0.2206  0.2193 0.5438 0.0643 0.1435  0.2205 0.6586
Kimi K2.5 0.0476  0.1133  0.1162 0.4559 0.0152 0.0435 0.1175 0.6130
Qwen 3.6-Plus 0.0166  0.0609  0.0657 0.4329 0.0052 0.0216 0.0665 0.5959
Coarse Entity Set
GPT-5.2 0.1800  0.2974 0.2742 0.5177 0.0852 0.1654 0.2767 0.6495
Claude Opus 4.6 0.0168  0.0555 0.0697 0.4081 0.0042 0.0138 0.0722 0.5875
A Gemini-3 Pro 0.2578  0.4020  0.3602 0.6066 0.1606 02817  0.3616 0.6986
Kimi K2.5 0.0469  0.1213  0.1306 0.4529 0.0131 0.0392 0.1344 0.6433
Low Qwen 3.6-Plus 0.0330  0.1273  0.1511 0.4111 0.0021 0.0296 0.1584 0.5865
GPT-5.2 0.1671 0.2861 0.2659 0.5174 0.0781 0.1571 0.2682 0.6409
Claude Opus 4.6 0.0131 0.0578  0.0731 0.4164 0.0022 0.0132 0.0751 0.5884
CoT Gemini-3 Pro 0.2513  0.4051 0.3682 0.6085 0.1440  0.2827  0.3698 0.7002
Kimi K2.5 0.0426  0.1293  0.1342 0.4385 0.0057  0.0359 0.1398 0.6033
Qwen 3.6-Plus 0.0377  0.1199  0.1512 0.4123 0.0021 0.0250 0.1577 0.5981
GPT-5.2 0.1434  0.2866  0.2561 0.5046 0.0532  0.1391  0.2592 0.6472
Claude Opus 4.6 0.0440  0.1168  0.1181 0.4283 0.0136 0.0454 0.1199 0.5932
z8 Gemini-3 Pro 0.2646 0.4116 0.3729  0.6125 0.1480  0.2915 0.3745  0.7003
Kimi K2.5 0.1336  0.2638  0.2259 0.4748 0.0466 0.1190 0.2283 0.6205
High Qwen 3.6-Plus 0.0589  0.1692 0.1583 0.4740 0.0204 0.0714 0.1604 0.6143
GPT-5.2 0.1354 02776 0.2549 0.5158 0.0663  0.1546  0.2575 0.6340
Claude Opus 4.6 0.0358  0.1012  0.1112 0.4518 0.0091  0.0385  0.1132 0.5829
CoT Gemini-3 Pro 0.2444  0.3928  0.3499 0.6071 01426 02751 0.3511 0.6975
Kimi K2.5 0.1361 0.2602 0.2245 0.4874 0.0472 0.1217  0.2272 0.6281
Qwen 3.6-Plus 0.0693 01749 0.1615 0.4766 0.0200  0.0733  0.1637 0.6218

other models. Among the open-source models, Kimi K2.5 and Qwen 3.6-Plus
trail the proprietary leaders under low reasoning effort. However, Kimi K2.5
benefits substantially from increased reasoning effort: its coarse mAP@0.3 under
zero-shot prompting rises from 0.0469 to 0.1336, approaching GPT-5.2 (0.1434),
whereas Qwen 3.6-Plus improves only modestly, from 0.0330 to 0.0589.
Increasing reasoning effort has mixed effects, yielding small gains in some
settings but slight decreases in Avg. IoU in others. CoT prompting likewise
provides limited benefit, often performing comparably to zero-shot prompting.
The effect of language on MLLM performance is minimal. Tab. 5 compares
Bangla and English performance for the two strongest models, Gemini 3 Pro
and GPT-5.2. For both models, the two languages yield similar results across
most configurations, with AmAP typically within 0.02 on the granular entity
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Table 5: Bangla and English Form Comparison for DLA (IoU@0.3) under different
experimental setups. LR and HR stand for Low Reasoning and High Reasoning respec-
tively. ZS and CoT denote Zero-Shot and Chain-of-Thought prompts. Shapes indicate
higher performance for Bangla (@), English (W), or neither (#) language. For granular
entity set, the effect of language is minimal (< 0.02). For coarse entity set, effect of
language is slightly more with maxA of 0.12. For each metric higher (1) is better.

Variant Model Bangla English Difference (Bn-En)
mAP F1 mAP F1 A mAP AF1

Granular Entity Set
LR 7S GPT-5.2 0.09 0.16 0.09 0.14 4 0.00 ®0.02
’ . Gemini 3Pro  0.16 024 015  0.24 ®0.01 40.00
LR & CoT GPT-5.2 0.12 0.18 0.11 0.15 ©0.01 ©0.03
© Gemini 3 Pro 0.15 0.21 0.14 0.23 ®0.01 W 0.02
HR + 7S GPT-5.2 0.09 0.16 0.11 0.15 W 0.02 ®0.01
Gemini 3 Pro 0.16 0.24 0.16 0.23 4 0.00 ©0.01
HR + CoT GPT-5.2 0.12 0.18 0.13 0.17 M 0.01 ®0.01
Gemini 3 Pro 0.15 0.21 0.16 0.24 M 0.01 M 0.03

Coarse Entity Set

LR - 7S GPT-5.2 0.34 0.44 0.22 0.32 ®0.12 ®0.12
- Gemini 3 Pro 0.38 0.51 0.35 0.42 ©0.03 ®0.09
LR + CoT GPT-5.2 0.29 0.44 0.28 0.40 ©0.01 ®0.04
’ Gemini 3 Pro 0.35 0.47 0.25 0.40 ©0.09 ©0.07
HR + 7S GPT-5.2 0.34 0.44 0.27 0.35 ©0.07 ©0.09
: Gemini 3 Pro 0.38 0.51 0.36 0.47 ©0.02 ® 0.04
o GPT-5.2 0.29 0.44 0.27 0.38 ©0.02 ®0.07
HR + CoT Gemini 3 Pro 0.35 0.47 0.42 0.52 W 0.07 W 0.05

set. Overall, DLA performance remains largely consistent across both languages
and relatively low for granular entities.

5.2 Key Information Extraction (KIE)

Table 6: KIE evaluation results on Bangla (BN) and English (EN) forms. Normalized
Edit Similarity (NES) is reported along with Precision, Recall, and Macro-F1. English
forms are selected from the same domain as Bangla. Gemini 3 Pro performs the best
for Bangla forms, whereas for English GPT-5.2 performs better.

Precision Recall Macro-F1 NES
Model BN EN BN EN BN EN BN EN
Proprietary
GPT-5.2 0.784 0.852 0.780 0.844 0.781 0.847 0.796 0.851

Claude Opus 4.6 0.675 0.839  0.685 0.832 0.678 0.835 0.704  0.840
Gemini 3 Pro 0.844 0.832 0.853 0.827 0.848 0.828 0.866 0.833

Open-Source

Kimi K2.5 0.684 0835 0.681 0.825 0.681 0.828 0.700  0.832
Qwen 3.6-Plus 0.798 0.839 0.793 0.834 0.794 0.835 0.804 0.844

Tab. 6 reports KIE performance using Precision, Recall, F1, and Normal-
ized Edit Similarity (NES). All models score substantially higher here than on
DLA. Among proprietary models, Gemini 3 Pro leads on Bangla (F1 0.848,
NES 0.866), while GPT-5.2 leads on English (F1 0.847, NES 0.851). Claude
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Opus 4.6 trails both but remains competitive, unlike in DLA, where it was the
weakest performer. Among open-source models, Qwen 3.6-Plus performs best
on both languages (Bangla F1 0.794, English F1 0.835), ahead of Kimi K2.5.
It ranks second overall on Bangla, surpassing GPT-5.2 (F1 0.781) and Claude
Opus 4.6 (F1 0.678), and matches Claude Opus 4.6 on English (F1 0.835),
narrowing the gap between open-source and proprietary models.

Unlike DLA, where language differences were minimal, KIE varies more
clearly by language. Most models score higher on English—the gap is largest
for Claude Opus 4.6 (0.678 vs. 0.835 F1) and Kimi K2.5 (0.681 vs. 0.828),
while only Gemini 3 Pro favors Bangla (0.848 vs. 0.828). Consequently, the best
model is language-dependent: Gemini 3 Pro on Bangla and GPT-5.2 on English.
So cross-lingual differences are stronger in KIE compared to layout detection.

6 Discussion

Granularity of form entities strongly affects DLA performance. Across
all models, performance improves markedly when coarse entity set is used. Re-
ducing the number of entity types substantially increases both mAP and F1
across most configurations. For example, mAP score for Gemini-3 Pro improves
from 0.1177 to 0.2646, for granular to coarse entity set shift for IloUQ@0.3, more
than doubling performance. This indicates that much of the challenge in DLA
lies in distinguishing fine-grained entity types; when grouped into broader cate-
gories, models localize layout regions more reliably.

Increasing reasoning effort does not consistently improve geomet-
ric precision. Across both entity sets and prompting strategies, higher rea-
soning effort yields only small and inconsistent performance changes. In several
cases, it slightly reduces localization quality, particularly Avg. IoU. For example,
Gemini-3 Pro shows lower Avg. IoU when moving from low to high reasoning
effort in the granular setting, while GPT-5.2 shows small improvements in some
configurations. Overall, this mixed behavior suggests that additional reasoning
does not reliably improve geometric alignment; layout prediction appears to de-
pend more on visual-spatial pattern recognition than extended reasoning.

Chain-of-thought prompting provides limited gains for DLA. Across
most models and settings, CoT prompting does not clearly outperform zero-shot
prompting; performance often remains similar or slightly declines in mAP and
F1. For example, Gemini-3 Pro achieves slightly lower mAP with CoT than
with zero-shot in multiple settings across both entity sets. This suggests that
encouraging multi-step reasoning offers limited benefit for DLA, which appears
to rely more on visual-spatial understanding than explicit reasoning chains.

Language has limited impact on DLA performance. Across most ex-
perimental variants, performance differences between Bangla and English forms
are small, with negligible gaps in mAP and F1 (see Tab. 5). In the granular
entity setting, differences are near zero (e.g., AmAP < 0.02 across most setups).
Even in the coarse setting, improvements are inconsistent and modest relative to
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overall performance. This suggests that DLA difficulty for MLLMs stems mainly
from geometric localization and structural understanding rather than language.

MLLMs perform substantially better on KIE than on DLA. Across
all models, KIE results are considerably stronger than document layout analy-
sis performance. The best-performing model achieves F1 scores above 0.84 on
Bangla forms and 0.80 on English forms (see Tab. 6), while DLA results remain
much lower across comparable configurations. This indicates that MLLMs are
more effective at textual understanding and semantic extraction than at precise
geometric localization of layout regions.

Language differences are more pronounced in KIE than in DLA.
Unlike DLA experiments—where Bangla and English forms yield nearly identi-
cal performance. KIE results show clearer language-dependent variation across
models. For example, Gemini 3 Pro achieves the best performance on Bangla
forms (F1 = 0.848), while GPT-5.2 performs best on English forms (F1 = 0.800)
(see Tab. 6). This suggests that language-specific factors affect text-heavy ex-
traction tasks, while layout detection remains largely language-agnostic.

7 Conclusion

We propose BaFCo, the first Bangla document understanding dataset featur-
ing well-curated multi-domain Bangladeshi government forms. It includes an
expanded, fine-grained set of 26 form entities designed for better Bangla doc-
ument comprehension. We evaluated flagship MLLMs on DLA and KIE using
both granular and coarse entity sets, revealing significant performance gaps.
DLA performance is inconsistent across models and sensitive to reasoning effort
and prompting strategies, whereas KIE results are generally stronger, though
some lexical mismatches remain.

8 Limitations and Future Works

The scope of generative model-based Bangla form comprehension can be ex-
panded along several directions:

(a) Our experiments focus on DLA and KIE, key building blocks for down-
stream tasks like summarization and ontology generation. Future work will ex-
plore frontier models on broader document comprehension tasks.

(b) Low-resource languages face greater challenges in curating high-quality
domain-specific documents due to limited data access, lack of experts, and other
constraints. Although BaFCo contains fewer annotated forms than high-resource
datasets like [21,38,40], it aims to stimulate research on Bangla form compre-
hension. Future work will expand both the quantity and diversity of forms.

(¢) To address model limitations and scarcity of large-scale Bangla data,
lightweight post-training methods and agentic Al approaches can be explored.
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