
M3Grounder: Mask-Based Multi-Span and Multi-Granular Grounding for
Document QA

Venkata Kesav Venna1,∗ Sai Madhusudan Gunda2,∗ Jyothi Swaroopa Jinka2,†

Hrithik Sagar Rachakonda2,† Anirudh Srinivasan1 Ravi Kiran Sarvadevabhatla1,2
1 BharatGen 2 IIIT Hyderabad

{venkat.kesav,anirudh.srinivasan}@tihiitb.org ravi.kiran@iiit.ac.in

{sai.gunda,jinka.swaroopa,hrithik.rachakonda}@research.iiit.ac.in
∗ Equal contribution † Equal contribution

Figure 1. M3Grounder in action: Each example shows a QA pair. The predicted answer text contains interleaved [GROUND]
tokens which map answer spans to corresponding grounding regions. A , B demonstrates precise segmentation without spillover into
irrelevant regions. B shows effective grounding for dense, multi-span evidence in complex document layouts. C1 , C2 , and C3 il-
lustrate multi-granular grounding, where the grounding scope expands hierarchically (phrase ⊂ line ⊂ block).
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1. Overview
This supplementary document provides additional details on M3Grounder, GroundingDocQA, GroundingDocQA-
Bench, expanding each component presented in the main paper. We first formalize grounding as a multi-granular
segmentation task, followed by in depth architectural details and the motivation for our additional loss components. We
then describe our data generation pipelines for layout aware, curved text, and chart documents, along with the data
verification pipeline to ensure high quality grounded QA pairs. Subsequent sections provide baseline implementations,
benchmark specific evaluation settings, and further qualitative examples.

2. Document Grounding
Document grounding refers to the task of identifying the exact visual region within a document that supports a predicted
answer. Grounding ensures interpretability by showing where the model obtained the answer from, and enables more
understanding across diverse document types such as reports, forms, tables, webpages, posters, and charts.

2.1. Current Approaches
Existing grounding methods treat the problem through the lens of OCR span matching or bounding box prediction. In
span matching pipelines , the model predicts an answer string and grounding is obtained by locating this string in the
OCR output. This strategy collapses whenever the same phrase appears multiple times, when OCR misses or distorts
text, or when the underlying text is curved, rotated, or visually complex. Bounding-box prediction improves over span
matching but remains limited: boxes cannot represent curved or skewed regions. And also these methods operate at
only one granularity and rely on coarse shapes, they fail to capture the true intent and structure of grounding in real
documents.

2.2. Segmentation Based Grounding
Segmentation based grounding addresses these limitations by predicting pixel-level masks that accurately follow
the shape and geometry of the supporting regions. Masks can capture curved text, irregular boundaries, and disjoint
spans far more precisely than bounding boxes. By combining pixel-level precision with multi-granular hierarchy,
segmentation-based grounding provides a more faithful and expressive representation of evidence, enabling models to
better capture the structure and semantics of complex document layouts.

3. Method
Grounding in document question answering requires the model to produce not only an accurate answer but also the exact
visual region that justifies that answer. Instead of direct coupling between text generation and grounding prediction
such as embedding coordinates inside the textual output, M3Grounder avoids this by decoupling the two tasks.
Key idea: The VLM determines the answer and provides grounding cues for each answer span, and the segmentation
module uses these cues to generate pixel-level masks for the corresponding regions in the document. The VLM and
segmentation module interact through [GROUND] tokens: the VLM emits a [GROUND] token immediately after each
answer span, and the segmentation module uses the token’s hidden state to generate the corresponding phrase, line, and
block-level grounding masks.

3.1. Formulation
Given a document image x and question q, the VLM autoregressively produces an output sequence in which the answer
is decomposed into explicit answer spans. Formally,

â =
(
. . .<e>yk </e>[GROUND], . . .

)
. (1)

where <e> and </e> denotes the start and end of the answer span yk within the generated sequence. [GROUND]
token appears immediately after each answer span yk and signals the model to generate its corresponding hierarchical
grounding masks.

For each [GROUND] token generated, the corresponding hidden state from the last layer of the VLM h̃k is passed
through three granularity specific MLP projection heads {γi}i∈G where G = {p, l, b} (p, l, b corresponds to phrase, line
and block levels respectively). These projections produce hierarchical grounding prompt embeddings h(i)

k for phrase
(p), line (l), and block (b) levels.

for i ∈ G : h
(i)
k = γi

(
h̃k

)
(2)



In parallel, the segmentation module’s vision encoder Fenc processes the input document image x to extract dense
visual features z = Fenc(x). The grounding prompt embeddings h(i)

k and image features z are provided as input to the
segmention module’s mask decoder Fdec to predict grounding masks at multiple granularities:

for i ∈ G : M̂
(i)
k = Fdec

(
h
(i)
k , z

)
(3)

This yields a hierarchy of grounding masks {M̂(p)
k , M̂

(l)
k , M̂

(b)
k } that capture phrase-, line-, and block-level spatial

grounding for each [GROUND] token.

3.2. Multi-Granularity Grounding
Documents exhibit a natural hierarchical structure: words form lines, and lines form coherent blocks such as paragraphs,
table rows, item groups, or semantic sections. Grounding answer spans at a single scale is therefore insufficient, different
intents rely on different scopes of visual context. M3Grounder addresses this by predicting grounding masks at three
complementary granularities: phrase, line, and block. Figure 1 C1 - C3 illustrates how the grounding region expands
hierarchically for the same answer span.

Phrase Level (Fine Grained Evidence): The phrase mask captures the minimal text region supporting an answer.
This includes individual words, numbers, monetary amounts, table-cell values, or short key value fields. In the example
( C1 ), M3Grounder isolates each numeric spend (e.g., “120.00”, “210.00”) with crisp, shape-preserving masks, even
when values appear in dense or cluttered rows. Phrase-level grounding is essential for extractive QA, where the answer
corresponds to a precise textual span.

Line Level (Local Context Evidence): Some require context beyond a single phrase, such as disambiguating repeated
values or understanding the semantic role of the number within its line. The line mask corresponds to the entire visual
line containing the answer. In Figure 1 C2 , the model highlights full transaction rows, including merchant names,
timestamps, and categories. This granularity helps the model associate a spend amount with its transaction type and
disambiguate identical numeric values that occur in multiple lines.

Block Level (Global Context Evidence): Block masks expand grounding beyond individual lines to larger structural
units such as multi line form fields, table sections, grouped transactions, or entire semantic blocks. This is crucial for
reasoning-oriented questions that require summarizing or comparing values across a broader region. In Figure 1 C3 , the
model correctly identifies the full group of high-spend transactions, showing that block level grounding captures the
layout level context needed for multi-span QA pairs. The block region encompasses multiple rows while excluding
irrelevant parts of the page.

3.3. Training Objective
M3Grounder is trained end-to-end to jointly optimize answer generation and hierarchical mask prediction. The overall
objective combines four complementary components:

L = λlm Llm + λseg Lseg + λbleed Lbleed + λhier Lhier

Each term addresses a different aspect of M3Grounder

Language Modeling: The answer sequence is supervised using standard cross-entropy loss [31]: This term ensures
that the model generates accurate answer text, correctly places span delimiters (<e>, </e>), and appropriate number
of [GROUND] tokens, and preserves the structure of multi-span answers.

Segmentation: For each grounded span k and granularity i ∈ G = {p, l, b}, the corresponding mask M̂
(i)
k is

supervised using a combination of Dice [24] and BCE [31] losses:

Lseg =
∑
i∈G

K∑
k=1

(
λ
(i)
dice ℓdice(M̂

(i)
k ,M

(i)
k ) + λ

(i)
bce ℓbce(M̂

(i)
k ,M

(i)
k )

)



Bleed Suppression: SAM struggles in infographic rich documents, where visual , non-textual elements, icons often
cause masks to spill into nearby regions. Since SAM is not trained for fine grained text localization, it is susceptible to
bleed into such regions. To address this, bleed suppression loss penalizes any predicted foreground outside the reference
text region, providing an additional constraint for document text.
Let Mpred denote the predicted mask and Mref the union of all ground-truth text pixels. The Bleed is defined as

Bleed = Mpred ⊙ (1−Mref)

Constraining this helps the segmentation head to stay tightly aligned with true text shapes and prevents leakage into
surrounding graphical content, yielding cleaner masks. The final bleed loss (Fig. 2) is formulated as:

Lbleed =
∑
i∈G

K∑
k=1

∑
j∈Ω M̂

(i)
k (j) [1−Mref(j)]∑

j∈Ω M̂
(i)
k (j) + ϵ

Hierarchical Enclosure: Since phrase, line, and block masks represent nested levels of the same answer evidence,
we explicitly enforce containment. The hierarchical enclosure loss (Fig. 3) penalizes pixels where a finer mask extends
beyond its coarser counterpart:

Lhier =

K∑
k=1

∑
(i,j)∈{(p,l),(l,b)}

∑
m∈Ω M̂

(i)
k (m) [1−M

(j)
k (m)]∑

m∈Ω M̂
(i)
k (m) + ϵ

.

This constraint stabilizes multi-granular predictions and prevents contradictory mask shapes across scales. In visually
dense layouts such as double-column pages, tightly packed lines etc , line-level masks may drift into an adjacent column,
or phrase-level masks may partially overlap with a neighboring line. The hierarchical loss is constructed specifically
to suppress such cross-level leakage. By forcing finer masks to remain strictly within their parent masks, it ensures
that even in cluttered layouts the model preserves structural consistency and assigns each phrase, line, and block to the
correct spatial hierarchy.

3.4. Training Implementation
We train M3Grounder end-to-end using our hybrid language segmentation objective on the full 2M multi-span, multi-
granular QA pairs of the GroundingDocQAȦll experiments are conducted on a cluster of 64×NVIDIA H100 (80GB)
GPUs using DeepSpeed ZeRO-3 for full parameter, gradient, and optimizer state sharding. The vision encoder of the
VLM backbone is kept frozen during training. Within the VLM stack, only the LM decoder is updated. Within the
segmentation stack, only the mask decoder is trainable. All remaining segmentation components remain frozen. We
train for 1 epoch over the full dataset using a per-device batch size of 2, yielding an effective global batch size of 128.
We use the AdamW [14] optimizer with a learning rate of 2× 10−6, warmup ratio of 3%, cosine decay schedule, zero
weight decay, and gradient norm clipping of 1.0. Following the design of the original SAM implementation, we keep the
entire segmentation module (prompt encoder, mask decoder, and the associated heads) in FP32. This matches SAM’s
publicly released training configuration, where the mask decoder is stored and executed in full precision. All remaining
components of the VLM backbone operate in bfloat16 mixed precision, with FP32 master weights maintained by ZeRO.

3.5. Latency Evaluation
We compare inference latency between the vanilla Qwen3-VL [36] backbone and our full M3Grounder model. All
measurements are averaged over GroundingDocQA-Bench on a single NVIDIA H100 GPU. Qwen3-VL requires 445
ms per sample, whereas M3Grounder with hierarchical projection layers and SAM-based mask decoding runs at 508 ms
per sample, incurring only +63 ms additional latency while providing multi-level grounding capability. This overhead
is small relative to the substantial gains in grounding. Demonstrating that grounding-aware decoding can be added to
larger VLMs with minimal computational cost.

4. Dataset Generation Pipeline
Most existing document grounding datasets [10, 48] rely on OCR text extraction followed by span to bounding box
matching. The grounding region is determined by locating where a token string appears in the OCR output. This
approach fails in several practical cases:(1) Many documents contain repeated key phrases (e.g., “Total”, “Address”,



Figure 2. Bleed Loss

“Name”, repeated section headers). OCR-span matching cannot determine which instance corresponds to the correct
semantic answer. As a result, grounding becomes ambiguous and often incorrect.(2) Further, OCR pipelines flatten the
document into a single unstructured text sequence, discarding layout hierarchy and spatial relationships.

Hence, grounding diversity degrades significantly. To address these limitations, a grounding dataset must preserve
hierarchical layout, fine grained spatial structure, and visual geometry of text elements. Many real world documents
contain curved headlines, skewed paragraphs, multi-column layouts, tables with merged cells, and visually dense charts.
These structures cannot be faithfully represented by OCR based pipelines, which operate purely at the token level and
ignore geometric attributes such as curvature, rotation, and shape.

Moreover, existing document grounding QA datasets [10, 48] do not provide segmentation masks, offering only
bounding boxes. These boxes are insufficient for irregular text, curved text, or chart elements, where a rectangular
region captures large amounts of background and fails to localize the true answer region. Reliable grounding requires
pixel-level masks that tightly follow the shape of text lines, phrases, and visual elements.



Figure 3. Hierarchical Loss

To handle this, we design three complementary data generation pipelines: 1 a pipeline for layout aware documents,
2 a dedicated pipeline for curved and skewed text documents, and 3 a rendering-driven pipeline for charts.



Dataset Statistics: Our dataset contains 52% single-span QAs (16% charts, 28% text-rich documents, 8% curved)
and 48% multi-span QAs (17% charts, 24% text-rich documents, 7% curved), ensuring diverse QA pairs. Our chart
corpus is primarily composed of Bar Charts (18.62%), Line Charts (17.19%), and Scatter Plots (15.20%), followed by
Pie Charts (12.28%), Box Plots (8.82%), Area Charts (7.43%), Heatmaps (5.58%), Radar Charts (4.52%), and Donut
Charts (3.87%), while the remaining chart types collectively account for 6.49% of the dataset.

Figure 4. GroundingDocQA Dataset Distribution

QA Taxonomies: We design our GroundingDocQA dataset to capture a broad spectrum of question patterns rather
than restricting it to simple text-extraction tasks. The final collection includes grounded QA pairs spanning multiple
taxonomies such as extractive queries, structural questions, procedural instructions, validation checks, comparisons, and
summarisation oriented reasoning. As shown in Fig. 5, the dataset is organised into four categories extractive, structural,
procedural, and reasoning, each further divided into fine-grained subtypes including localisation, numerical queries,
NER-style questions, comparative analysis, counterfactual reasoning, and abstractive summarisation.

Figure 5. Distribution of QA taxonomies used during dataset generation. The inner ring shows the four categories (Extractive,
Structural, Procedural, and Reasoning), while the outer ring shows the further subtypes.



4.1. Layout-Aware Documents

  <html>
<header id=1 position: (x1, y1, x2, y2)>
<p id=2>position: (x1, y1, x2, y2)>.....</p>
<p id=3>position: (x1, y1, x2, y2)>.....</p>
</header>
<title id=4 position: (x1, y1, x2, y2)>

<p id=5>position: (x1, y1, x2, y2)>...</p>
</title>
<subheader id=6 position: (x1, y1, x2, y2)>

<p id=7>position: (x1, y1, x2, y2)>...</p>
</subheader>
<p id=8 position: (x1, y1, x2, y2)>........</p>
<p id=9 position: (x1, y1, x2, y2)>........</p>
<p id=10 position: (x1, y1, x2, y2)>......</p>
<p id=11 position: (x1, y1, x2, y2)>........</p>

        <p id=12 position: (x1, y1, x2, y2)>........</p>
        <p id=13 position: (x1, y1, x2, y2)>........</p>

<p id=14 position: (x1, y1, x2, y2)>........</p>
<p id=15 position: (x1, y1, x2, y2)>........</p>

        <p id=16 position: (x1, y1, x2, y2)>........</p>

<subheader id=83 position: (x1, y1, x2, y2)>
<p id=84>position: (x1, y1, x2, y2)>..</p>

</subheader>
<p id=85 position: (x1, y1, x2, y2)>........</p>
<p id=86 position: (x1, y1, x2, y2)>........</p>
<p id=87 position: (x1, y1, x2, y2)>........</p>
<p id=88 position: (x1, y1, x2, y2)>........</p>
<p id=89 position: (x1, y1, x2, y2)>........</p>

        <p id=90 position: (x1, y1, x2, y2)>........</p>
<p id=91 position: (x1, y1, x2, y2)>........</p>

        <p id=92 position: (x1, y1, x2, y2)>........</p>
<p id=93 position: (x1, y1, x2, y2)>........</p>

        <p id=94 position: (x1, y1, x2, y2)>........</p>
<p id=95 position: (x1, y2, x2, y2)>........</p>
<p id=96position: (x1, y2, x2, y2)>........</p>
<footer id=97>

<img id=98 />
<p id=99>position: (x1, y1, x2, y2)>..</p>
<p id=100>position: (x1, y1, x2, y2)></p>
<p id=101>position: (x1, y1, x2, y2)>.</p>

</footer>
  </html>
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[GROUND] and <e>visiting your dentist 

at least twice a year</e>[GROUND].
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Figure 6. Grounded QA generation pipeline for Layout-Aware Documents

Why REPLICA for Text-Rich Documents. For text rich documents, we rely on REPLICA [2] engine for grounded
QA generation because it preserves both the visual fidelity and the hierarchical structure of each page. REPLICA’s
[2] Fid-HTML 1C provides stable line level bounding boxes, their corresponding block-level regions, and an explicit
reading order that matches the true layout of the document. Figs. 7 to 9 Shows that REPLICA [2] captures layout and
geometry of document, while OCR or Markdown based representations often collapses structure, merges unrelated
regions.

Overview of Fid-HTML 1C : Fid-HTML is a high-fidelity, semantically enriched HTML representation produced by
the REPLICA [2] engine. It is designed to capture both the semantic structure and the visual presentation of a document,
enabling downstream tasks that require faithful reconstruction as well as machine-readable semantics.

Fid-HTML encodes document content along multiple complementary dimensions:
1. Textual content: complete text is extracted and preserved at both word and block level.
2. Hierarchical structure: nested <div> elements represent document hierarchy such as sections, blocks, and lines.
3. Semantic tags: structural HTML tags such as <li>, <table>, <tr>, <td> and semantic class names provide

rich semantic grounding.
4. Positional information: global layout is preserved via absolute coordinates, while local alignment is captured through

relative positioning; textual segments are wrapped in <p> tags inside higher-level containers.
5. Styling metadata: font size, color, and text attributes (bold, italics, underline, strikethrough) are maintained as inline

CSS for high-fidelity style preservation.
6. Figures and backgrounds: images, figures, and background regions are incorporated into the HTML; alt captions for

figures is automatically generated by VLMs to enhance accessibility.



Figure 7. Reference Fid-HTML representation generated using the REPLICA engine (Sample 1).

Figure 8. Reference Fid-HTML representation generated using the REPLICA engine (Sample 2).



Figure 9. Reference Fid-HTML representation generated using the REPLICA engine (Sample 3).

QA Prompt Specification for Layout-Aware Documents 1D Given the document’s Fid-HTML, we design a QA
prompt that guides the LLM [1] to produce diverse, spatially grounded QA pairs. The prompt covers diverse taxonomies
including extractive, structural, procedural and reasoning-oriented questions.

Input & Task

Input: One Element-ID HTML that maps visible elements (titles, paragraphs, headers, tables, lists, captions,
footnotes, etc.) to unique element IDs together with their corresponding text and bounding boxes.

Task:
• Generate 3–7 diverse, non-overlapping QA pairs grounded in the provided HTML.
• Ensure at least one QA per requested taxonomy (extractive, abstractive, procedural, reasoning).
• Produce a mixture of short factual questions and longer abstractive/reasoning questions.
• Use only visible <body> content; ignore <head>, <style>, <script> or any hidden metadata.
• Do not correct OCR, paraphrase evidence phrases, or invent content not present in the HTML.
• No hallucination every answer must be evidence based.

Evidence Rules & Answer Alignment

Element usage
• Use only the element IDs present in the Element-ID HTML. Never invent or modify IDs.
• For every QA include the element’s own ID in the evidence field when possible.
• For multi-span answers include all relevant element IDs.



Minimal evidence rule
• Prefer the smallest set of element IDs that fully supports the answer.
• Add parent/heading IDs only when required for disambiguation or context.
• For numeric/tabular answers, include the specific cell ID plus the label IDs that disambiguate the number.

Answer alignment
• Each QA must include phrases: minimal verbatim substrings (3–4 words) copied exactly from the refer-

enced element(s).
• If an answer requires multiple spans, include multiple phrases in the listed order.
• If a phrase match is ambiguous (the same substring occurs multiple times on the same line and cannot be

uniquely resolved), discard that QA rather than guessing.
• Never paraphrase or invent text when constructing phrases.

Required Fields & Forbidden Questions

Required QA object fields (per item)
• qa_number: integer (sequential starting at 1)
• category: human-readable taxonomy (e.g., factual, ner, numerical, abstractive)
• question: standalone string
• answer: string (or array/object when appropriate)
• answer_html_id: array of element IDs used as evidence
• phrases: array of minimal verbatim substrings (3–4 words) copied exactly from the referenced element(s)

Final checks (validator)
• Output must be a valid UTF-8 JSON array containing 3–7 QA objects. No markdown, no commentary, no

trailing commas.
• At least one QA per requested taxonomy; no hallucinations; all phrases verbatim.
• If phrase-to-box mapping is ambiguous the QA must be discarded.

Forbidden questions
• Do not ask meta-questions about element IDs (e.g., “What element IDs are present?”).
• Do not ask about raw HTML attributes, tags or source code (e.g., “What is the image src?”).
• Do not generate questions that require internal document-structure inspection rather than human-readable

content.
• Avoid empty placeholders and meaningless comparisons.

Example (single QA object)

[
{

"qa_number": 1,
"category": "factual",
"question": "What is the GST rate for the extra bed?",
"answer": "18% on Rs. 8000",
"answer_html_id": ["8.30","8.32"],
"phrases": ["18% on Rs. 8000"]

}
]



Extractive QA Taxonomy

Factual. Factual questions require retrieving a specific piece of information explicitly stated in the document.
These include short answers such as names, dates, durations, titles, or direct statements without any reasoning.

Examples:

• What is Janes studying? → “Literature.”

NER (Named Entity Recognition). NER-based questions focus on identifying proper nouns present in the
document, such as people, organizations, locations, dates, or product names. The answer must match the exact
entity span without paraphrasing.
Examples:

• Which company manufactured the device? → “ZenLabs Pvt. Ltd.”

Numerical. Numerical questions require extracting values such as percentages, counts, prices, quantities, units,
or any numeric expression that appears verbatim in the document. No arithmetic or reasoning is needed.

Examples:

• What percentage of tax is applied? → “18%”

Structural QA Taxonomy

Layout & Structure
Questions about the document’s layout, logical grouping, and spatial relationships. This category includes
reasoning over table structure, list membership, header–body relations, and identifying which block or section
contains a given piece of information.

Examples:
• “Which row lists the product price?” → “Row 4 (Price column)”

Localisation
Questions that require locating content in page coordinate space or mapping answers directly to visual regions
(blocks, lines, words, or polygons). Answers should reference element IDs and/or explicit bounding boxes and
may include pixel coordinates when needed. This taxonomy evaluates precise grounding and spatial alignment
rather than semantic retrieval.

Examples:
• “Which element contains the invoice total? Return its element ID.” → “7.2”

Procedural QA Taxonomy

Validation
Binary (Yes / No, True / False) questions that check presence, compliance, or correctness of required information.
These questions confirm whether a condition is satisfied and must cite the specific element(s) that justify the
decision. Validation often covers regulatory checks, required-field presence, signatures, and checkbox/status
verification.

Examples:
• “Is the application signed?” → "Yes"
Behavioral
Questions about required actions, step-by-step procedures, or compliance workflows. Answers should list



actionable steps or describe procedural consequences, and must reference the element IDs that correspond to
each step or requirement. Procedural questions evaluate whether the document contains the instructions, forms,
or fields needed to complete a process.

Examples:
• “How to renew the license?” → "1. Fill renewal form 2. Attach photo ID 3. Pay fee"

Reasoning QA Taxonomy

Abstractive & Summarisation
Higher-level questions that require synthesising content from multiple elements into a concise, human-readable
answer. Summarisation asks for a short synthesis of a policy/paragraph; abstractive items may require combining
or rephrasing multiple evidence spans (but the phrases field must still contain verbatim substrings used as
anchors).

Examples:
• “Give a short summary of the delivery exceptions.” → “Deliveries delayed for severe weather and customs

holds; contact support for re-scheduling.”

Comparative & Calculation
Questions that require comparing values across elements or performing small calculations using explicit numeric
spans. Always cite the specific element IDs used for the comparison or calculation and include the verbatim
numeric phrases.

Examples:
• “Which plan is cheaper per month, Plan A or Plan B? Show numbers.” → “Plan A :Rs. 199/month vs Plan B

:Rs. 249/month; Plan A is cheaper.”

Counterfactual
Hypothetical “what-if” questions that ask the model to reason about alternative scenarios or consequences when
a document condition changes. Answers should be concise, logically derived, and cite the clause(s) or elements
that justify the inference when possible.

Examples:
• “If the delivery address is changed after dispatch, what is the likely outcome?” → “Delivery may be rerouted

at cost to the sender or returned to sender if already shipped.”

Postprocessing for Layout-Aware Documents 1E

For each document, the model outputs a QA pair together with its corresponding line-level bounding boxes, extracted
from the REPLICA [2] hierarchy. From this line-level information, we obtain both block-level and phrase-level bounding
boxes through a two-stage postprocessing procedure described below.

Block-Level Bounding Boxes: REPLICA [2] provides block-level bounding boxes directly, together with a hierarchical
mapping from each line to its parent block. For every predicted line, we use this hierarchy to identify its corresponding
block in the Fid-HTML.

Phrase-level Bounding Boxes: The model outputs the key phrase along with HTML span IDs that correspond to
the matched text along with the QA pair. We retrieve the HTML content of these IDs to obtain the exact words that
appear in the predicted line. We combine two sources of word-level geometry: docTR [25] which provides reliable text
content and word boxes, and Hi-SAM [45], which offers more accurate and visually aligned word bounding boxes. By
aligning docTR’s OCR words with Hi-SAM’s precise boxes, we obtain accurate bounding boxes of words. To obtain the
phrase bounding box, we match the generated key phrase against the OCR words present in the predicted line. When
a word appears multiple times within the same line and leads to ambiguous matches, the corresponding QA pair is
discarded to avoid incorrect grounding. For valid cases, we gather the matched words and merge their adjacent Hi-SAM
derived word boxes to obtain a unified phrase-level bounding region. This process ensures that phrase-level regions are



grounded precisely to the accurate answer text.
Segmentation masks: With the finalized phrase, line, and block-level bounding boxes, we use Hi-SAM to obtain the

corresponding segmentation masks. Hi-SAM provides a tight polygonal mask of the bounding box region that adheres
to the true shape of the text, ensuring accurate segmentation even for small fonts, irregular spacing, or visually complex
regions.

Figure 10. Post Processing for Layout Aware Documents



4.2. Curved Text Documents

Curved Text

Segmentation

Module

Question
What milestone is being celebrated at 

the annual fest?

Answer <e>5th Year Celebrations</e>[GROUND].

VLM

Prompt

2
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2B
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Figure 11. Grounded QA generation pipeline for Curved-Text Documents

QA Prompt Specification for Curved Text Documents We design a prompt for curved text documents where QA
generation is driven solely on the highlighted text regions in the document. Each prompt may contain one or two
highlighted irregular regions, and questions must be formed strictly from the content visible within these highlighted
regions. This setup ensures that QA pairs remain grounded in the actual curved, skew and irregular texts.

Prompt for Curved Text Documents

Input:
A document image with a highlighted curved or irregular text region. The highlighted region may contain
warped, slanted, circular, semi-circular,skewed or otherwise non-linear text.

Task:
Generate question–answer pairs strictly from the highlighted curved text. The model must ignore all unhigh-
lighted parts of the document.

Instructions:
• Extract the exact text from the highlighted curved region.
• Generate QA pairs only if the highlighted text contains meaningful, interpretable content.
• Do not use or reference any text outside the highlighted region.
• If the highlighted text is unreadable, too short, or cannot support a valid question, return zero QA pairs.
• All generated questions must be answerable directly from the curved text itself.

Output Format:

{
"qa_pairs": [

{
"question": "What milestone is being celebrated at the annual fest?",
"answer": "5th Year Celebrations",

}
]

}

If no valid QA pairs can be generated:

{
"qa_pairs": []

}



4.3. Charts
Rendering-Based Element Extraction: 3B To obtain precise geometric information, we process charts at render time.
We execute each chart’s script using libraries such as Matplotlib[12], Seaborn[41], [38], and Plotly[28], and intercept
the rendering pipeline to capture low-level drawing operations. For examples, Matplotlib-based [12] scripts, we access
the internal renderer via:

renderer = fig.canvas.get_renderer()

Using this, we query all visible artists on the chart such as Axes, Patch (bars, pie wedges, areas), Line2D (lines, markers),
Text (titles, labels, ticks), and Collection (scatter/heatmap elements). Each artist exposes a get_window_extent(renderer)
method, which returns the exact bounding box used to draw that element on the final image.

Graph Code
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Position
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(x1, y1, x2, y2)
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Figure 12. Grounded QA generation pipeline for Charts

All extracted elements, together with their bounding boxes, textual content, and element types, are stored in a metadata
JSON [8] file 3D . This JSON serves as a complete specification of the chart: each element is assigned a unique ID, and
its geometric and semantic values are recorded. The rendered chart image and the corresponding JSON are later passed
to the VLM for QA generation.

Example: Input Metadata JSON

{
"globals": {

"axes": [
{

"title": { "bbox": "1", "text": "U.S. views of Education" },
"xlabel": { "bbox": "2", "text": "Year" },
"ylabel": { "bbox": "3", "text": "Percentage" },
"xticks": [

{ "text": "2005", "bbox": "4" },
{ "text": "2015", "bbox": "9" }

],
"legend": {

"frame": [763,79,893,146],
"labels": [

{ "bbox": "10", "text": "Dissatisfied" },
{ "bbox": "11", "text": "Satisfied" }

]}
}]

},

"items": [
{



"type": "bar",
"marker_bbox": "12",
"x_tick_text": "2005",
"x_tick_bbox": "13",
"y_value": 35.0,
"y_tick_bbox": "14",
"extra": {

"orientation": "v", "stack_group": null,
"data": { "height": 35.0, "value": 35.0, "width": 0.40, "x": 2004.6, "y": 0.0 }

}
},

{
"type": "bar",
"marker_bbox": "27",
"x_tick_text": "2015",
"x_tick_bbox": "28",
"y_value": 34.0,
"y_tick_bbox": "29",
"extra": {

"orientation": "v", "stack_group": null,
"data": { "height": 34.0, "value": 34.0, "width": 0.40, "x": 2014.6, "y": 0.0 }

}
},

{
"type": "bar",
"marker_bbox": "30",
"x_tick_text": "2005",
"x_tick_bbox": "31",
"y_value": 65.0,
"y_tick_bbox": "32",
"extra": {

"orientation": "v", "stack_group": null,
"data": { "height": 65.0, "value": 65.0, "width": 0.40, "x": 2005.0, "y": 0.0 }

}
},

.

.

.

QA Prompt Specification for Charts We design a structured chart-prompt format that captures all visual and
semantic elements of a plot, including axes, tick labels, legends, and data marks. This metadata representation ensures
that every graphical component is explicitly annotated. Such a unified prompt format allows models to interpret over
charts consistently across diverse chart types.

Chart QA Prompt — Input & Task Specification

Inputs
• One chart image (Bar, Line, Pie, Donut, Scatter etc.).
• One Element-ID JSON mapping all visible chart components (titles, axes, ticks, legends, bars, lines, points,



slices) to unique string IDs (e.g., “1”, “2”, “37”).
• The Element-ID JSON is the only source of truth for evidence IDs.

Task
• Generate upto 10 diverse, non-overlapping QA pairs grounded in the chart.
• Cover at least one QA from each category:

1. Comparison
2. Ranking
3. Top-k list
4. Aggregation & Arithmetic
5. Threshold check
6. Ratio
7. Yes/No
8. Counting
9. Color-based

10. Factual
11. Summarisation
12. Chart type identification

• Questions must be answerable using the visible chart content.
• Ensure a mix of short and medium-length answers (some with brief explanation).
• Avoid template-like repetition; diversify phrasing and chart elements.

Valid Chart Types Area Chart, Bar Chart, Box Plot, Bubble Chart, Candlestick Chart, Donut Chart, Funnel Chart,
Heatmap, Histogram, Line Chart, Pie Chart, Radar Chart, Ring Chart, Rose Chart, Scatter Plot, Stem Plot, Tornado Chart,
Treemap, Violin Plot.

Chart QA Prompt – Evidence & Grounding Rules

Element-ID Usage
• Use only IDs present in the Element-ID JSON; never fabricate IDs.
• IDs are strings (e.g., “24” not 24).
• For every QA, include the minimal sufficient evidence IDs.

Universal Mark Evidence Rule For every referenced chart element:
1. Always include the mark’s own bbox ID (e.g., marker_bbox, point_bbox, wedge_bbox,

rect_bbox, cell_bbox, line_bbox, area_bbox, candle_bbox).
2. Include value reference IDs when present (value_label_bbox preferred; else y_tick_bbox).
3. Include category/position reference IDs when relevant (x_tick_bbox for Cartesian charts; slice/legend

label for radial charts).

When Questions Involve Multiple Marks
• Provide a complete evidence set for each mark involved (comparisons, rankings, ratios, aggregations).

Chart QA Prompt — Output Format & Final Constraints

Output Format
• Return one valid UTF-8 JSON array with upto 10 objects.
• Each QA object must contain:

{
"qa_number": int (1..10),
"category": string,



"question": string,
"answer": string/number/array,
"ids": [ "<element_id>", ... ]

}

Category Values: comparison, ranking, top_k, aggregation, threshold, ratio, yes_no, counting, color_based, factual.

Diversity Requirements
• No duplicate questions.
• Spread references across different marks/years/series.
• Mix concise and explanatory answers.

Final Checks
• Upto 10 QA objects.
• IDs are valid and appear in the JSON.
• Evidence strictly reflects the minimal required set.
• No extra commentary, no markdown fences.
• Response ends immediately after the closing bracket ].

Figure 13. 1 We obtain the bounding boxes of the answer evidence, such as August and October. 2 We extract all valid text regions
from the chart. 3 For each detected word from 2 , we check its intersection with the bounding boxes from 1 . Any word that lies
completely within an evidence bounding box is considered a valid evidence text region.

Postprocessing of Chart Elements 3F Once we obtain the bounding boxes of all text elements from the rendering
stage, we generate segmentation masks using Hi-SAM. Each bounding box is passed to Hi-SAM, which produces a
precise mask for the corresponding chart element. This provides pixel-level grounding for all chart-based QA pairs,
ensuring that each referenced text element has an accurate segmentation mask (see Fig. 13).



4.4. Data Verification
We apply a two-stage verification process to ensure that all grounded QA pairs in our dataset are both textually correct
and layout-consistent. In the first stage, we check semantic alignment between the predicted answer and the OCR text
from its grounded regions. For each answer span, we compute the sentence embedding similarity between the answer
text and the OCR text extracted from the corresponding bounding boxes. QA pairs whose similarity falls below a fixed
threshold are removed, as they indicate unreliable text-region alignment.

In the second stage, we verify answer completeness and grounding consistency using an LLM-as-a-Judge [9, 47].
Each QA pair, along with its key phrases, the bounding boxes of the answer, and the full document HTML as context
are given as input to the LLM. Because we explicitly know which phrase maps to which region, the LLM evaluates
whether (i) all essential parts of the answer are represented in the phrases, (ii) each phrase is correctly grounded in
the OCR content of its assigned bounding boxes, and (iii) no part of the answer contradicts the surrounding HTML
content. QA pairs are discarded if any phrase is missing, partially covered, incorrectly mapped, or inconsistent with the
extracted text.

In a similar manner, we also verify chart-based QA pairs by checking answer correctness against the structured
chart-metadata JSON using a VLM. For curved-text documents, we use a VLM, which receives the image and QA pair
and determines whether the answer aligns with the text in the image. Together, these stages ensure that retained QA
pairs are semantically valid, fully covered by their supporting text regions, and faithfully grounded in the document
layout.

Verification Examples (Stage 1 & Stage 2)

{
{

“id”:“1”,
“question”: “What are all the documents are required to complete a child’s school enrolment?”,
“answer”:“You just need a birth certificate and the latest school report”,×
“answer_html_id”: [“4.21”,“4.22”,“4.23”,“4.24”],
“phrases”: [ “birth certificate”,“latest school report”]

},

{
“id”: “2”,
“question”: “What are all the documents are required to complete a child’s school enrolment?”,
“answer”: “You need to submit birth certificate and proof of address are required.”,×
“answer_html_id”: [“4.21”,“4.22”],
“phrases”: [“Birth certificate”,“proof of address”]

},

{
“id”: “3”,
“question”: “What are all the documents are required to complete a child’s school enrolment?”,
“answer”:“You have to provide birth certificate and proof of address, and immunisation.”,×
“answer_html_id”: [“4.21”,“4.22”,“7.02”],
“phrases”: [“Birth certificate”,“proof of address”,“immunisation record”]

},

{
“id”: “4”,
“question”: “What are all the documents are required to complete a child’s school enrolment?”,
“answer”:“We need Birth certificate, proof of address, immunisation record and a passport copy for

international students.”,✓
“answer_html_id”: [“4.21”,“4.22”,“4.23”,“4.24”],
“phrases”:“Birth certificate”, “proof of address”, “immunisation record”, “passport copy for



international students”
]}

ID Stage 1 Stage 2 Reason

1 × – Wrong answer content → low similarity.
2 ✓ × Missing mandatory phrases → incomplete answer.
3 ✓ × Incorrect bbox → phrase–region mismatch.
4 ✓ ✓ All phrases and bboxes correctly grounded.

5. Baselines Implementation
Different VLM families vary in how reliably they follow structured-output instructions, often producing the same
information in different formats. To ensure fair evaluation across all baselines, we adopt a model family aware prompting
strategy.

5.1. Prompts
This family-aware prompting strategy ensures that each model is evaluated under conditions that match its strengths,
resulting in fairer comparison and more robust grounding across diverse VLM families.

OpenAI Models

GPT-4o[13] and GPT-5[26]

You are a vision-language model performing document question answering with spatial grounding.
• Given the document image <IMAGE> and the question <QUESTION>, identify all answer span(s) that appear

in the image.
• For each span, extract: The exact evidence as it appears in the document, The bounding box in pixel

coordinates: [x_min, y_min, x_max, y_max].
• Return your output as a valid JSON object:

{
"answer" : "<ANSWER>" ,
"answer_spans": [

{
"text": "<exact evidence from the document>",
"bbox": [x_min, y_min, x_max, y_max]

} ,
{

"text": "<exact evidence from the document>",
"bbox": [x_min, y_min, x_max, y_max]

}
]

}

Rules:
• Output valid JSON only (no markdown, commentary, or explanations).
• Every "bbox" must contain four numeric pixel values.
• Do not fabricate or paraphrase text; only use evidence present in the document.
• If no answer is present in the document, return: { "answer_spans": [] }.



Google Models
The prompt for this model family is constructed with reference to its official implementation [11].

Gemini 2.5 Pro [6] and Gemma 3 [35]

You are a vision-language model performing document question answering with spatial grounding.

Given the document <IMAGE> and the <QUESTION> below:
• Identify all span(s) in the image that answer the question.
• Return your answer as a JSON object with the following structure:

{
"answer" : "<ANSWER>" ,
"answer_spans": [

{
"text": "<exact evidence from the document>",
"box_2d": [y_min, x_min, y_max, x_max]

} ,
{

"text": "<exact evidence from the document>",
"box_2d": [y_min, x_min, y_max, x_max]

}
]

}

Rules:
• Return valid JSON only (no markdown, code fences, or explanations).
• Each "bbox" must contain four numerical values in pixel coordinates only.
• If multiple spans exist, include each as a separate object in the "answer_spans" list.
• If there is no visible answer, return:

{ "answer_spans": [] }

OpenGVLab Models

InternVL3.5 8B [40]

You are a vision-language model performing document question-answering with spatial grounding.

Given the document <IMAGE> and the <QUESTION>:

Your tasks:
• Identify all span(s) in the document that answer the question.
• For each span, extract:

– The exact evidence as present in the document.
– Its bounding box in the format: [x_min, y_min, x_max, y_max].

• Produce the answer in an interleaved style: mix your normal explanation with the extracted spans and their
bounding boxes inserted at the appropriate points.

• If the answer contains multiple spans, present them sequentially in the same interleaved format.
• Do NOT invent any unwanted text; the exact evidence as present in the document. At the end of your response,

clearly list all extracted answer spans in a structured form:



Span k: "<text>" [x_min, y_min, x_max, y_max]

Qwen Models

Qwen3-VL 8B [36]

You are a vision-language model performing document question-answering with spatial grounding.

Given the document <IMAGE> and the <QUESTION>:

Your tasks:
• Identify all span(s) in the document that answer the question.
• For each span, extract:

– The exact evidence as present in the document.
– Its bounding box in the format: [x_min, y_min, x_max, y_max].

• Produce the answer in an interleaved style: mix your normal explanation with the extracted spans and their
bounding boxes inserted at the appropriate points.

• If the answer contains multiple spans, present them sequentially in the same interleaved format.
• Do NOT invent any unwanted text; the exact evidence as present in the document. At the end of your response,

clearly list all extracted answer spans in a structured form:

Span k: "<text>" [x_min, y_min, x_max, y_max]

Microsoft Models

Kosmos 2.5 Chat [21]

You are a model that answers questions about a document image with grounding.
Given the <IMAGE> and <QUESTION>:

Your tasks:
• Find all text spans in the image that answer the question.
• For each span, provide:

– The exact evidence as present in the document.
– Its bounding box: [x_min, y_min, x_max, y_max].

• Write your answer in an interleaved style: normal explanation mixed with the spans and their bounding
boxes inserted at the right points.

• Use only evidence text that is present in the image.
• At the end, output a clean list:

Span k: "<text>" [x_min, y_min, x_max, y_max]

Fine-Tuned Models (Ours)



InternVL3.5 (ft.) and Qwen3-VL (ft.)

You are a vision-language model performing document question-answering with spatial grounding.

Given the document <IMAGE> and the <QUESTION>:

Your tasks:
• Identify all answer span(s) in the document.
• For every span that appears in the document, output it in the following interleaved format:

– <e>EVIDENCE_FROM_DOCUMENT</e><bbox>x_min,y_min,x_max,y_max</bbox>
• Return the answer in an interleaved format, mixing your reasoning text with groundING spans.
• If multiple spans are needed, list them sequentially using the same format:

...<e>span1</e><bbox>...</bbox>...<e>span2</e><bbox>...</bbox>...

• Use explanatory text in between if needed, but every piece of evidence taken from the document must be
wrapped using <e>...</e> with its corresponding bounding box using <bbox>...</bbox>.
Do not fabricate text. Only include spans that appear in the document.

M3GrounderVariants

M3Grounder-I and M3Grounder-Q

You are a vision–language model for document question answering with segmentation-based grounding.
Given the <IMAGE> and the <QUESTION>:

• Identify all answer spans in the document.
• After every span that appears in the document, append a [GROUND] token.
• Return the answer as normal explanatory text interleaved with [GROUND] tokens.
• For every span that apperars in the document output it in the following interleved format:

...<e>span1</e>[GROUND]...<e>span2</e>[GROUND]...

• Do not output bounding boxes, coordinates or any other metadata only the answer text with the [GROUND]
markers placed immediately after each grounded span.

6. G-Eval for Answer Quality (AQ)
In our evaluation protocol for BoundingDocs (Test) and GroundingDocQA-Bench, we adopt G-Eval [19] as the

metric for Answer Quality (AQ) instead of relying on traditional metrics like Exact Match (EM) [29] or ANLS [32]. As
these metrics have limitations in evaluating abstractive answers common in document VQA.
Lexical metrics are sensitive, for example, a correct prediction of "properties assistant" receiving an EM score of 1.0, a
similar answer like "Properties Assistant" (with a capital ’P’) or "The properties assistant" would receive a score of 0.0.
This score fails to capture the model’s correct understanding.
For abstractive question answers evaluated with BLEU-4 [27], this problem is even more severe. As shown by the
real examples shown in Table 1, models frequently provide correct answers that receive a BLEU-4 score of 0.0. For
examples, this happens when the model’s answer is a concise fact (e.g., "20") while the ground truth is a descriptive
sentence ("The number of users decreased is 20").
G-Eval [19], by using an LLM as a judge, evaluates the semantic equivalence and factual consistency of the prediction.
It correctly identifies the answers (see Tab. 1) as being semantically correct, aligning far more closely with human
judgment. This provides a much fairer and more robust measure of a model’s abilities.



For our implementation, we use DeepSeek-R1- 70B [9] as the LLM powering G-Eval. Our G-Eval implementation
was configured for robustness and reproducibility. We set the passing threshold at 0.5, meaning any answer with a
semantic similarity score of 0.5 or higher was considered correct. The final Answer Quality (AQ) score is computed as
the average of all successfully evaluated QA pairs. The specific prompt template used to guide the model’s evaluation

Prompt used for G-Eval

You are an evaluator model. Follow the rubric below strictly to score the semantic equivalence between a
Ground Truth and a Prediction.

Your tasks:
• Semantic Focus:

– Evaluate only the textual content produced by the model. Ignore layout information such as bounding box
coordinates, pixel positions, or any other visual metadata.

• Meaning Preservation:
– Determine whether the predicted text expresses the same semantic information as the ground-truth reference.

• Tolerance:
– Minor variations in punctuation, casing, or formatting that do not change meaning should be accepted.

• Error Sensitivity:
– Missing, substituted, or additional words that alter the meaning should be treated as errors.

• Numeric Content:
– Numerical tokens should be evaluated as part of the textual content unless they clearly represent layout

metadata (e.g., coordinates).

Question Ground Truth Predicted Answer BLEU-4 EM G-Eval

...what role did franny
kromminga have...

properties assistant Properties Assistant 0.0000 0.0 Correct

...which year showed a
decrease in the number of
users...

the number of users
decreased in 2020 where
the count was 1038000...

2020 0.0000 0.0 Correct

...what is the difference in
percentage points between
the two age groups...

...the difference is 12
percentage points as the
share for 18-19 years old
is 16%, and for 20-24
years is 28%.

28% - 16% = 12% 0.0000 0.0 Correct

...where will the event take
place...

the event will take place at
’930 carnegie st’.

930 carnegie st 0.0154 0.0 Correct

...what is the intended
purpose of this poster...

...provide ’ 1o tips for ’, ’
business ’, ’ online ’...

...provide ’ 10 tips for ’, ’
online ’, ’ business ’.

0.2234 0.0 Correct

...what is the total value of
the top three countries
combined...

...total is 4960 billion
dollars.

...total value ... is 4657.90
billion dollars...

0.0096 0.0 Incorrect

Table 1. Examples of Lexical Metric Failures: These examples show semantically correct model predictions that receive near-zero
scores from traditional metrics (BLEU-4 / EM), demonstrating the need for a semantic metric like G-Eval (threshold ≥ 0.5).

7. More details on benchmarks and evaluations
We evaluate our models across four document grounding QA benchmarks. Below, we describe each benchmark and the
evaluation followed for it.



7.1. BoundingDocs-Test
The BoundingDocs [10] test split contains 4,832 documents and 13,351 question-answer pairs. However, our evaluation
protocol required two significant filtering steps to align the dataset. First, as our models are designed for single-page
document processing, we filtered out all multi-page documents. Second, we observed Q/A pairs were in other than
english so these were discarded. After applying these two filters, we then clean repeated documents and incomplete
grounded QA pairs. From this filtered set, we obtain our final evaluation split Dataset Statistics (Grounding):
• Images: 1,000
• QA Pairs: 3,000
Evaluation Protocol: Our evaluation protocol for BoundingDocs [10] assesses two aspects: grounding performance
and answer quality [17, 37, 47].
• Grounding Performance: This is measured using F1 grounding score F1g. A prediction is counted as a True Positive

if the Intersection over Union (IoU) between the predicted and ground-truth bounding box is ≥ 0.5.
• Answer Quality (AQ): We use G-Eval [19] as a unified semantic scoring metric. This approach provides a balanced

semantic-spatial evaluation that complements simple lexical or structural measures.

Grounding

Model Ga Gr Go

Acc F1all Acc F1all BLEU4 F1all

Gemini 1.5 Flash*[34] 32.7 0.7 59.0 1.1 13.6 1.7
GPT-4o mini*[13] 64.5 0.8 48.7 0.6 9.4 0.5
Gemini 1.5 Pro*[34] 77.7 9.4 62.0 5.8 13.4 6.7
Gemini 2.0 Flash* 74.2 5.2 63.5 3.1 15.2 2.9
Gemini 2.5 Flash*[7] 80.2 38.8 59.3 25.4 12.8 21.5
Gemini 2.5 Pro*[7] 61.8 30.1 47.8 17.2 13.6 14.7
GPT-4o*[13] 79.0 8.8 47.0 3.8 12.5 9.2
Qwen2-VL-7B*[39] 41.7 1.8 4.3 1.4 9.8 5.5
InternVL2-8B*[5] 51.2 2.4 26.2 0.1 10.2 1.1
InternVL2.5-8B*[4] 58.3 3.8 33.0 0.6 13.8 2.0
Qwen2.5-VL-7B*[3] 63.8 19.5 35.0 9.8 6.1 11.3
DOGR [48] 83.2 76.3 67.7 54.8 38.3 59.4

InternVL3.5 8B ft.[40] 79.8 29.9 65.8 32.0 27.1 27.7
Qwen3-VL 8B ft.[36] 81.6 38.5 68.9 33.7 29.6 34.4
M3Grounder-I (p) 84.3 75.4 66.3 53.6 34.8 56.6
M3Grounder-Q (p) 85.7 77.9 70.1 56.4 35.3 62.1

Table 2. DOGR Grounding Split Results. We evaluate on the official DOGR [48] Grounding Split, which includes the Ga, Gr , and
Go tasks (plain-text questions with grounded answers). Following the DOGR protocol, we report Exact Match for Ga/Gr , BLEU-4
for Go, and F1all for grounding. This table reproduces the original DOGR evaluation format to enable a fair, directly comparable
assessment of our models. Bold denotes the highest score among all models, and Underline denotes the second highest.

7.2. DOGR-Bench
DOGR-Bench [48] is designed to evaluate the grounding and referring capabilities of VLMs on document images. It
features tasks that require models to not only answer questions but also provide spatial grounding for their answers.
Dataset Statistics (Grounding):
• Images: 200
• QA Pairs: 1,100

Evaluation Protocol: The DOGR benchmark contains multiple task splits (GA, GR, GO, PA etc). For our evaluation,
we use only the split, which includes the three tasks that the DOGR paper [48] designates for grounding capability: (i)
Ga: Grounded Answer, (ii) Gr: Grounded Reasoning, and (iii) Go: Grounded Open-ended Answer. These tasks contain
plain-text questions and answers with bounding boxes.
In the main paper, we reported F1g and Answer Quality (AQ) using G-Eval [19] for DOGR. In this section, we extend
those results by following the exact DOGR evaluation protocol using Exact Match for Ga/Gr and BLEU4 for Go and



by reproducing the same table format as the original DOGR benchmark. This ensures a fair and directly comparable
evaluation using the same split and metrics defined in the benchmark. Our evaluation is bifurcated into two components
as specified by DOGR: Text Answer Accuracy and Grounding Performance.
Text Answer Accuracy:
• Exact Match (Acc): For the short answer tasks, Ga (Grounded Answer) and Gr (Grounded Reasoning), we report the

Exact Match (EM) accuracy.
• BLEU4: For the long answer Go (Grounded Open-ended Answer) task, we report the BLEU4 score, which is more

suitable for evaluating.
Grounding Performance (F1all): We use F1all score to measure grounding performance, which requires a simultaneous
match in both text content and spatial location. Our implementation precisely follows the DOGR [48] definition.

A predicted grounded span is counted as a True Positive (TP) if and only if it meets two conditions:
• Spatial Match: The Intersection over Union (IoU) between the predicted bounding box and a ground truth bounding

box is ≥ 0.5.
• Text Match: The cleaned text within the predicted span (using the same normalization process as above) exactly

matches ground truth text.
This evaluation ensures that our results for M3Grounder and our fine tuned models are fairly comparable to the original
DOGR baseline.

7.3. MMDocBench
MMDocBench [50] is a multi-task benchmark covering 15 tasks and 48 sub-tasks across diverse document types
(receipts, reports, tables, charts, research papers), each annotated with supporting bounding regions.
Dataset Statistics:
• Images: 2,400
• QA Pairs: 4,338
Evaluation Protocol: We follow the official evaluation with no modifications:
• Text Accuracy: Exact Match (EM) and word-level F1 (F1txt).
• Grounding: Intersection-over-Union (IoU) against annotated supporting regions.

7.4. GroundingDocQA-Bench
Existing document QA grounding benchmarks [10, 48, 50] contain only bounding box grounding. Therefore, we
introduce GroundingDocQA-Bench, a segmentation based benchmark. We manually select document images from
private sources as well as from the test sets of various public document datasets [15, 16, 18, 20, 22, 23, 33, 42, 44, 46].
Documents with curved and skewed text are specifically included to enable robust geometric and structural evaluation.
Apart from regular text-rich documents, we specifically include other popular document categories such as charts,
reports, forms, tables, webpages and infographics for improved diversity. We generate QA pairs using our data engine.
Each QA pair is annotated by both text geometry-straight (70%) or curved (30%) and span type (2,820 single-span and
2,180 multi-span instances). The benchmark is manually curated and verified to ensure quality, and unbiased evaluation.
Dataset Statistics:
• Total Images: 2.5K
• Total Q/A Pairs: 5K
• Span Type Split: 2,820 single-span (56.4%) and 2,180 multi-span (43.6%) QA Pairs.
• Geometry Split: 70% straight text and 30% curved/skewed text.

– Of the 30% curved Q/A pairs, 75% are single-span and 25% are multi-span.

Human Annotation & Verification Process To ensure fine grained grounding and answer correctness, all annota-
tions in GroundingDocQA-Bench were validated by a team of 30 qualified human annotators. The annotators were
intentionally recruited from diverse backgrounds including undergraduate students, office clerks, hospital staff, and
front-desk operators to ensure diversity.
Each annotator underwent a short training module covering mask-annotation protocol, span definitions, curved-text
segmentation, and QA correctness criteria. All pixel-level masks, span labels, and QA pairs were curated using a
multi-stage verification pipeline:
• Primary Verification: Each document and its associated QA pair were first verified independently by one annotator,

with segmentation performed using an XP-Pen tablet for high-precision boundary tracing.



• Secondary Human Verification: A different annotator reviewed the masks and QA pair for correctness, checking for
leakage, incorrect spans, missed curved segments, and ambiguity.

This human-in-the-loop pipeline ensured that GroundingDocQA Bench provides high-quality, human-verified, multi-
granular mask annotations and reliable QA pairs.
Evaluation Protocol: We evaluate our models at all three mask levels: phrase, line and block. Since our benchmark
contains different types of answer spans, we report four grounding metrics:
• SS (Single-Span F1): F1 score computed on QA pairs that have only one grounded span. This measures how well the

model can ground a single piece of text in the image.
• MS (Multi-Span F1): F1 score computed on questions that require grounding two or more spans. This checks whether

the model can find all required regions for multi-part answers.
• CS (Curved-Skewed F1): F1 score on QA pairs that contain curved or skewed text. This shows the model’s ability to

handle non-straight text which is common in posters, infographics and charts.
• Overall F1g: Overall grounding F1 across the full benchmark. This combines SS, MS and CS and gives one final

grounding score.
For answer quality, we use AQ computed with G-Eval [19]. AQ measures if the predicted answer text is semantically

correct when compared to the ground truth. This setup allows a clear comparison between models on different types of
grounding difficulty.

8. Qualitative Results
We provide qualitative results illustrating the behavior of M3Grounder across a variety of document types. To organize
the examples clearly, we divide them into two groups: (1) comparisons between our model and the next best performing
model, and (2) standalone outputs produced solely by M3Grounder. These examples span charts, financial documents,
infographics, curved text, and layout-heavy pages.



8.1. Comparisons Against the Next Best Model

Predicted Answer: 2005 [BBOX]

Model: M3Grounder (Ours)

Model: Gemini 2.5 Pro

Predicted Answer: <e>2005</e>[GROUND]

Q: Which year has a ratio of 1:1 for Insured all year, under insured and
Insured now, had a coverage gap?

Ground Truth: 2005

Figure 14. Comparison Example



Predicted Answer: : RCA-estimate DSC Histogram for CANDID-PTX[BBOX]

Model: M3Grounder (Ours)

Model: Gemini 2.5 Pro

Q: For the subplot at row 2 and column 1, what is its title?

Ground Truth: RCA-estimated DSC Histogram for MIMIC-CXR-JPG

Predicted Answer: <e>RCA-estimated DSC Histogram for MIMIC-CXR-JPG</e>[GROUND]

Figure 15. Comparison Example



Model: M3Grounder (Ours)

Model: Gemini 2.5 Pro

Q: For the current plot, what is the spatially highest labeled tick on the
y-axis?

Ground Truth: 2.5

Predicted Answer: <e>2.5</e>[GROUND]

Predicted Answer: 2.5 [BBOX]

Figure 16. Comparison Example



Model: M3Grounder (Ours) Model: Gemini 2.5 Pro

Q: Your task is to identify the text of the field "tax amount"

Ground Truth: 5.400

Predicted Answer: <e>5.400</e>[GROUND] Predicted Answer:  5.400 [BBOX]

Figure 17. Comparison Example



Q: What is written in bold letters?

Predicted Answer: <e>LAMBORN & COMPANY</e>[GROUND] Predicted Answer: LAMBORN & COMPANY Inc. [BBOX]

Model: M3Grounder (Ours)

Ground Truth: LAMBORN & COMPANY

Model: Gemini 2.5 Pro

Figure 18. Comparison Example



Model: M3Grounder (Ours) Model: Gemini 2.5 Pro

Q: What percentage of the total football club revenue is contributed by
the commercials in 2018?

Ground Truth: 38%

Predicted Answer: <e>38%</e>[GROUND] Predicted Answer: 38% [BBOX]

Figure 19. Comparison Example



Predicted Answer: <e>46.9</e>[GROUND] Predicted Answer: 46.9 [BBOX]

Model: M3Grounder (Ours) Model: Gemini 2.5 Pro

Q: What were the income taxes payable in 2019?

Ground Truth: 46.9

Figure 20. Comparison Example



Q: Using the provided image and text "Pre-pregnancy weight", identify and return the
text's location in the image.

Predicted Answer: <e>Pre-pregnancy weight</e>[GROUND]

Predicted Answer: Pre-pregnancy weight [BBOX]

Model: M3Grounder (Ours)

Model: Gemini 2.5 Pro

Figure 21. Comparison Example



Model: M3Grounder (Ours)

Model: Gemini 2.5 Pro

Q: Which vehicle class originally had the same price as a car with
trailer?

Ground Truth: Class 4

Predicted Answer: <e>Class 4 (e.g. Van)</e>[GROUND]

Predicted Answer: 5.400 [BBOX]

Figure 22. Comparison Example



8.2. Standalone Predictions from M3Grounder

According to the document, what was the Customer Support renewal rate for the

quarter ended June 30, 2019, and what was the Customer Support revenue in the
Americas for 2019? Provide the answer with grounding

The document reports a Customer Support renewal rate of <e>approximately 91%</e>

[GROUND] and an Americas Customer Support revenue of <e>718,209</e>[GROUND] for 2019.

Figure 23. Qualitative Example



,

What message is written across the curved banner below the

motorcycle?

<e>HAPPY TOURING AND FUN DAYS AHEAD</e> [GROUND]

Figure 24. Qualitative Example



What can be inferred from the low values in this 
blood report? Provide the answer with grounding

The report shows a low <e>MEAN CORPUSCULAR VOLUME, MCV of 
72.0 fL </e>[GROUND] which indicates <e>Microcytic anemia</e> [GROUND]

Figure 25. Qualitative Example



Which types of organizations may be considered as the Auditee
according to this NDA?

The NDA specifies that the Auditee may belong to <e>Central Government
Ministry/ Departments #/State Government Departments DLSP/DL

Repository</e>[GROUND] as well as <e>Autonomous Societies/ Not-for-
profit companies/ Public sector Undertakings/ Private sector DLSP/DL

Repository</e>[GROUND]

Figure 26. Qualitative Example



Which sectors border the Village Sohana layout?

<e>SECTOR-88</e>[GROUND], <e>SECTOR-76</e>
[GROUND], <e>SECTOR-70</e>[GROUND]

,

Figure 27. Qualitative Example



,

What does Popeye say in the speech bubble?

<e>I YAM WHAT I YAM!</e>[GROUND]

Figure 28. Qualitative Example



What is the student’s number, and what grade did they receive in
Data Analytics?

The student's number is <e>3123456</e>[GROUND] and the grade
they received in Data Analytics is <e>HD</e>[GROUND]

Figure 29. Qualitative Example

Overall, these qualitative examples demonstrate that segmentation-based hierarchical grounding yields higher spatial
fidelity and more reliable multi-span coverage than bounding-box-based approaches, particularly on visually complex



document types.

9. Miscellaneous
Other Baselines

Natural image segmentation models transfer poorly to document grounding QA [48] To assess this, we evaluate two
segmentation models: LISA++ [43] and GLaMM [30]. We test these models on the same set of benchmarks used in the
main paper: BoundingDocs (Test) [10], DOGR-Bench [48], MMDocBench [50], and GroundingDocQA-Bench(ours).

Model Params
BD-Test DOGR-Bench MMDocBench GroundingDocQA-Bench(Ours)

F1g AQ F1g AQ EM F1txt IoU SS MS CS F1g AQ

LISA++ 7B 2.1 9.4 1.8 12.3 8.5 14.1 1.5 2.5 0.5 1.2 1.9 11.8
LISA++ ft. 7B 23.3 29.4 12.9 21.4 18.1 23.2 15.6 29.6 13.7 20.9 25.4 33.7
GLaMM 7B 3.4 12.2 2.6 14.9 12.8 16.4 2.8 3.8 0.9 2.1 3.1 15.5
GLaMM ft. 7B 32.1 41.2 20.8 32.6 21.7 25.2 19.1 41.8 17.3 30.8 35.2 39.3

Table 3. Quantitative results for natural image segmentation models. We evaluate LISA++ [43] and GLaMM [30] across four
benchmarks: BoundingDocs (test) (BD-Test) [10], DOGR-Bench [48], MMDocBench [50], and GroundingDocQA-Bench (ours).
Evaluation metrics follow the protocols defined in the main paper: For BD-Test and DOGR-Bench, grounding is measured by F1g

(IoU>0.5) and answer quality (AQ) by G-Eval [19]. For MMDocBench, we report Exact Match (EM), word-level F1txt, and Region
IoU. For GroundingDocQA-Bench, SS, MS, and CS denote single-span, multi-span, and curved/skewed grounding F1 (IoU>0.5),
respectively, with overall F1g aggregating across all spans.

Based on the scores we can conclude that these models are not optimized for grounding document question answering.

Removing Repeated Samples
To ensure the integrity of GroundingDocQA and prevent data leakage, we implemented a deduplication pipeline at both
the document and question levels. Since our data engine aggregates images from multiple public datasets, ensuring
uniqueness is important to avoid any kind of overlap and redundancy.
Document Samples Filtering:
• Text-Rich Documents: We utilized the Fid-HTML representations generated by the REPLICA engine [2]. By hashing

the normalized HTML structure, we created a unique signature for each document layout.
• Charts: We utilized the underlying metadata JSON. We computed hash signatures based on the semantic content

(titles, labels, data values) rather than the rendered pixels.
These structural signatures were cross-referenced both internally (to ensure pairwise uniqueness within our collection)
and externally against the test splits of existing benchmarks (DOGR [48], MMDocBench [50], BoundingDocs [10]) to
strictly prevent data leakage.
QA-Level Filtering: Within a document, we further filtered to ensure there is no spatial redundancy. To prevent artificial
inflation of grounding scores, we identified and removed QA pairs that referenced identical grounding masks. This
ensures that the model is evaluated on its ability to localize diverse regions rather than repeatedly predicting the same
element.
DOGR Model
We utilize the scores reported in the original DOGR paper [48]. As our attempts to conduct local inference using the
official codebase [49] were constrained by specific dependencies. The available implementation appears optimized for
NPU setup, which resulted in compatibility challenges within our GPU setup, particularly for vision encoder checkpoints
and tensor shape alignment. Attempts made to solve these issues were unsuccessful [49]. To avoid misrepresenting the
model’s capabilities due to these issues, we cite the authors’ original numbers. (https://github.com/Tencent/
DOGR/issues)
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