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Abstract

Real-world documents combine text with tables, charts,
photographs, and diagrams arranged in diverse layouts,
yet existing research on multimodal large language models
(MLLMs) for document QA predominantly produces text-
only responses, underutilizing these visual elements. We
introduce VinQA, a dataset designed for long-form answer
generation where cited visual elements are explicitly inter-
leaved with their supporting text and grounded in relevant
document pages. To support this task, we study two en-
coding methods for feeding raw document page images into
an MLLM, along with their visual-element citation mecha-
nisms: (1) Page Encoding, which directly encodes full-page
images with bounding boxes of visual elements and treats
these boxed regions as citable units; and (2) Modality En-
coding, which parses each page to extract text and crop
visual elements, encodes them separately, and uses these
cropped elements as citable units. In our experiments, we
propose M-GroSE, a multimodal evaluation framework ex-
tending GroUSE to assess such answers along four dimen-
sions: completeness, answer relevancy, faithfulness, and
unanswerability. We additionally report Visual Source FI
to directly measure visual citation accuracy. Although pro-
prietary frontier models still achieve the best overall scores
on the VinQA test split, fine-tuning open Qwen2.5-VL mod-
els on the VinQA training split substantially improves their
performance and markedly narrows this gap. Modality
Encoding is initially more robust than Page Encoding for
complex documents with long text, many visual elements,
and diverse visual citation requirements. After training on
VinQA, however, Page Encoding reaches a comparable per-
Sformance level, showing that it can compete effectively even
without the explicit parsing used in Modality Encoding. Fi-
nally, Visual G-Eval, an MLLM-based judge, confirms that
fine-tuned models insert visual elements at semantically ap-
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Figure 1. The example of VinQA. Each question is paired with a
context, and the multimodal grounded answer cites relevant visual
elements with supporting text, inserting each cited element imme-
diately before its citing sentence.

propriate positions with faithful supporting text.

1. Introduction

Real-world documents are inherently multimodal, compris-
ing not only text but also various visual elements (e.g., ta-
bles, charts, photographs, and diagrams) arranged in di-
verse layouts. With the advent of Multimodal Large Lan-
guage Models (MLLMs) [1, 20, 28], various studies have
explored question answering over such documents. Some
approaches process entire document pages [2, 4, 5, 13, 27],
while others first retrieve relevant pages using a multimodal
retriever in a multimodal Retrieval-Augmented Generation
(RAG) scenario, and then generate grounded answers from
the retrieved context [3, 15, 23]. However, these studies
only consider text-only answers, underutilizing the rich vi-
sual elements embedded in the documents.

For example, as illustrated in Figure 1, when a question
pertains to a specific part of a product’s installation process,
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providing textual explanations alongside a figure that illus-
trates the corresponding installation step can significantly
enhance understanding. Similarly, figures (e.g., diagrams)
are effective for conveying complex ideas in research do-
mains, and charts and tables are well-suited for presenting
quantitative information in financial domains.

Motivated by these benefits, some recent work has be-
gun to interleave visual elements into the answers [9, 19,
22]. However, these approaches typically either operate on
narrow-domain document collections or give limited con-
sideration to the procedure for detecting and citing visual
regions from raw document page images.

In this paper, we introduce VinQA, the Visual Ele-
ments Interleaved Long-form Answer Generation in Ques-
tion Answering dataset, consisting of training and test splits.
VinQA is built from diverse real-world documents that
combine text with various visual elements. As shown in
Figure 1, each VinQA instance includes (i) a Question re-
quiring both textual and visual understanding, (ii) a Context
of the top-K relevant pages obtained through a multimodal
RAG pipeline, and (iii) a Multimodal Grounded Answer—a
long-form response grounded in the context, where visual
elements are interleaved before the supporting text that cites
them.

We propose two encoding methods for feeding raw doc-
ument page images into the MLLM, each with a visual-
element citation mechanism. In Page Encoding, we directly
encode each page as visual tokens together with bound-
ing boxes detected for visual elements, and the model cites
these regions via their identifiers. In Modality Encoding,
we parse each page with OCR to extract text and crop de-
tected visual elements, encode them separately, and cite
each cropped element via its identifier. Page Encoding pre-
serves full-page layout by operating directly on raw im-
ages, but it also requires the model to read text and interpret
bounding-box regions from the image itself.

In our experiments, we propose M-GroSE (Multi-
modal Grounded QA Scoring Evaluator), which extends
GroUSE [14] from text-only long-form grounded answers
to multimodal answers, and evaluates three dimensions:
relevance, completeness, and faithfulness. We also report
Visual Source F1, which directly measures visual-element
citation accuracy. Although proprietary frontier models
still achieve the highest scores on these metrics on the
VinQA test split, fine-tuning the open-source Qwen2.5-
VL [1] model on the VinQA training split substantially
improves its performance and markedly narrows this gap.
Modality Encoding is initially more robust than Page En-
coding on complex documents, for example those with long
text and many visual elements, but after training on VinQA
the performance gap largely disappears, showing that Page
Encoding can perform competitively even without the ex-
plicit parsing used in Modality Encoding. In addition, ab-

lations with Visual G-Eval, an MLLM-based evaluator fo-

cused on the visual aspects of cited elements, show that

VinQA helps models use cited visual elements more effec-

tively and place them in contextually appropriate positions

with faithful supporting text.
Our main contributions are summarized as follows:

1. VinQA dataset. We present a document-grounded QA
dataset in which long-form answers interleave cited vi-
sual elements with their supporting text.

2. Two encoding strategies with visual-element citation.
Page Encoding encodes full-page images with bound-
ing boxes of visual elements and treats these boxed re-
gions as citable units. Modality Encoding parses pages
and then encodes text and cropped visual elements sepa-
rately, using these crops as citable units.

3. Evaluation framework for multimodal grounded an-
swers. We propose M-GroSE to evaluate the ground-
edness of multimodal long-form answers. To indepen-
dently assess visual-element citations, we report Visual
Source F1. We also use Visual G-Eval, an MLLM-based
evaluator that directly considers the visual content of
cited elements.

4. Key findings. We empirically demonstrate that VinQA
effectively improves both the groundedness of multi-
modal answer generation and the accuracy of visual-
element citations. In particular, Page Encoding, when
trained on VinQA, reaches performance comparable to
Modality Encoding even without explicit parsing. Fur-
thermore, Visual G-Eval shows that VinQA helps mod-
els insert visually informative elements at contextually
appropriate positions with faithful supporting text.

2. Related Work
2.1. Multimodal Document QA

Research on multimodal document QA has progressed
along two main lines: retrieval-augmented pipelines and
full-document processing with MLLMs. The former re-
trieves relevant document pages using a retriever and then
generates answers from the retrieved context [3, 10, 15].
VisRAG [23] and VDocRAG [17] further explore grounded
short-form answer generation by adopting a Page Encoding
strategy, in which each page is encoded as an image input to
the MLLM. In parallel, another line of work performs QA
by feeding entire documents directly into an MLLM with-
out a retrieval step [4, 5, 13, 27]. M-LongDoc [2] constructs
long-form grounded QA data over documents such as aca-
demic papers and financial reports, and adopts a Modality
Encoding approach.

While these approaches enable multimodal document
understanding via Page Encoding and Modality Encoding,
the generated answers remain text-only. Therefore, we
build on these two encoding methods and equip each with
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a visual-element citation mechanism, enabling models to
generate long-form answers that explicitly interleave cited
visual elements with supporting text.

2.2. Multimodal Citation Text Generation

Citation text generation aims to produce answers that ex-
plicitly cite the given context. Early studies focus on text-
only contexts [8, 11, 24], while recent work extends the task
to multimodal settings [19]. VISA [12] additionally pre-
dicts bounding boxes as visual evidence for the cited source
regions. However, VISA does not interleave cited visual re-
gions into the answer with supporting text, as VinQA does.

MCiteBench [9] requires citing both textual spans and
visual elements (e.g., figures, tables), but its context is
limited to pre-extracted text snippets and cropped im-
ages of visual-elements from academic papers. MRAMG-
Bench [21] generates multimodal answers grounded in pre-
separated text blocks and images extracted from academic,
web, and lifestyle documents. In contrast, we start from
raw document page images and investigate how to convert
them into MLLM inputs with an explicit citation mecha-
nism. Our dataset also covers a broader range of document
domains (Table 2), and we further introduce M-GroSE, an
evaluation framework tailored to assessing such multimodal
grounded answers.

3. Visual Elements Interleaved Long-Form An-
swer Generation in Question Answering
(VinQA) Dataset

We introduce the VinQA dataset for question answering
over multimodal contexts, with its statistics summarized in
Table 2 and key characteristics compared with prior datasets
in Table 1.

(i) Question. VinQA covers diverse question types, in-
cluding cross-page (multi-page reasoning), cross-modal (re-
quiring both textual and diverse types of visual evidence),
and unanswerable questions. (ii) Context. The context is
built using multimodal retriever over diverse document cor-
pus spanning heterogeneous document domains—academic
paper, web pages, textbooks, guidebooks, research reports,
financial reports, and slides (P/W/T/G/R/F/S). It contains
rich visual elements (charts, tables, figures) and complex
layouts (e.g., slides). Moreover, it supports multi-document
cases, where a single instance may comprise pages taken
from different documents. (iii) Answer. Each answer is a
structured, long-form response that includes a header and
a body, grounded in both text and visual elements. Cited
visual elements are interleaved at contextually appropriate
positions with supporting text.

We first use an MLLM to textualize each multimodal
document, followed by an LLM that generates correspond-
ing questions, contexts, and answers. The resulting data are

organized into multimodal inputs using the encoding meth-
ods in Section 4, enabling MLLMs to inherit and extend
LLM grounding capabilities. The overall construction pro-
cess is illustrated in Figure 2.

3.1. Document Collection and Data Preprocessing

To construct the VinQA corpus, we first collect multi-
modal documents from real-world sources by aggregat-
ing the source documents from six public document QA
datasets: MMLongBench-Doc [13], TAT-DQA [26], Vis-
DoM [15], SlideVQA [16], MMDocIR [6], and VisRAG
[23]. We only utilize the raw documents from these datasets
and do not use their original question—answer annotations.
We manually classify the documents into seven domains
based on topic and format, as shown in Table 1. The cor-
pus is split into training and test sets using domain-balanced
stratified sampling, ensuring document-level separation.'
To textualize document pages, we extract text using OCR
and convert visual elements into structured textual repre-
sentations. Concretely, we detect charts, tables, and figures
with DocLayout [25] to obtain their bounding boxes on each
page. For every detected element, we prompt an MLLM
with two types of inputs: (i) the full page image, where the
target element is highlighted with a bounding box, and (ii)
the cropped image of the target element. Using these inputs,
the MLLM generates two textual outputs: (a) a caption-the
in-document text that directly refers to the visual element,
and (b) a description-a longer explanation derived from sur-
rounding text and the visual features of the element itself.

3.2. Question and Answer Generation

We generate questions that are naturally asked about our
collected document corpus. Specifically, we randomly sam-
ple a document page, extract its image embedding us-
ing ColPali [7], and cluster pages by embedding similar-
ity. An LLM then generates questions for each cluster, in-
cluding cases that require reasoning across multiple pages
and modalities, thereby encouraging multi-page and cross-
modal grounding in subsequent QA tasks. Following Vis-
RAG [23], we discard questions that rely on local context
but omit explicit entity names, as such questions are am-
biguous for retrieval.

We then use ColPali to retrieve the top-K most rele-
vant document pages for each question; these pages serve
as the context. During answer generation, we prompt the
LLM with this context to produce a long-form grounded
answer that cites visual elements via their identifiers, along
with faithful supporting text at contextually appropriate po-
sitions. In a post-processing step, each cited visual element

'We exclude textbook documents from the test split because its pages,
unlike other categories, lack clear document boundaries, making it impos-
sible to avoid overlap between training and test corpus.
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Dataset Question Type Contexts Answer
Cross-page  Cross-modal Unans. | MultiDoc  Doc Domains  Visual Elements | Type Modalities

SlideVQA [16] v v X X S Ch/Fg/Tb Short T
MMLongBench-Doc [13] v v v X P/G/R/F/S Ch/Fg/Tb Short T
LongDocURL [4] v v v X P/T/G/R/S Ch/Fg/Tb Short T
VisDoM [15] v v X v P/W/S Ch/Fg/Tb Short T
Document Haystacks & V-RAG [10] X v X v Etc Fg/Tb Short T
VDocRAG [17] v v v v W/S/Etc Ch/Fg/Tb Short T
ViDoRAG [18] X X X v P/WIS Ch/Fg/Tb Short T
VisRAG [23] v v X v P/W/T/G/S/Etc Ch/Fg/Tb Short T
M-LongDoc [2] v X X X P/G/F Ch/Fg/Tb Long T
VISA [12] X X X v P/W Fg/Tb Short T+V
MCiteBench [9] X v X X P Fg/Tb Long T+V
MDocSum [19] v v X X P Fg/Tb Long T+V
MRAMG-Bench [22] v v X v P/W/G/Etc Fg/Tb Long T+V
VinQA (Ours) ‘ v v v ‘ v P/W/T/G/R/F/S Ch/Fg/Tb ‘ Long T+V

Table 1. Comparison of multimodal document QA datasets in terms of question type, context, and answer. Question Types include Cross-
page, Cross-modal, and Unanswerable questions. Contexts comprise Multi Doc, Doc Domain, and Visual Elements. Doc Domains: P
(Academic Paper), W (Web), T (Textbook), G (Guidebook), R (Research Report), F (Financial Report), S (Slides), Etc (Others). Visual
Elements: Ch (Chart), Fg (Figure), Tb (Table). Answer consists of Type (Short vs. Long) and Modalities (T vs. T+V), where T indicates
text-only answers, and T+V denotes answers grounded on both textual and visual elements.
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Figure 2. Overview of VinQA construction process. We design the data construction process with the consideration of simulating a

Multimodal RAG pipeline over real-world documents.

is inserted immediately above the paragraph where its iden-
tifier appears.

To construct unanswerable QA examples, we first form
hard negatives by retrieving lower-ranked pages from Col-
Pali that have little or no relevance to the given question. We
then retain only those cases where the LLM correctly iden-
tifies the question as unanswerable. This procedure mim-
ics realistic retrieval errors that may occur in practice and
makes the task more challenging by requiring the model
to distinguish between answerable and unanswerable ques-
tions based on the retrieved content.

3.3. Data Verification

To ensure the quality of the generated QA data, we per-
form a three-step verification process consisting of textual,
visual, and human verification. For the textual verification
step, each question—context—answer triple is evaluated by
a state-of-the-art LLM along four key aspects: citation ac-
curacy, factual consistency with the context, completeness
of relevant information, and absence of irrelevant content.
For the visual verification step, a state-of-the-art MLLM
checks whether visual elements (e.g., charts, tables, figures)
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Category Train Test
Documents

Total (# Pages) 131,906 9,373

Guidebook 19,616 1,278

Financial report 1,554 1,681

Academic Paper 35,331 2,081

Presentation 48,703 1,953

Research report 398 565

Web 16,508 1,815

Textbook 9,796 -

QA

Total 42,700 1,605

Answerable 39,700 1,206

Unanswerable 3,000 399
Answerable Q Types

Single-page 4,030 176

Multi-page 35,670 1,030

Text-only 12,949 369

Text + Visual Elements 26,751 837

- Chart 4,170 204

- Figure 9,984 226

- Table 7,010 293

- Mixed 5,587 114

Table 2. Statistics of VinQA. Answerable question types are cat-
egorized as follows: Single-page and Multi-page indicate how
many pages each question must be grounded in, while Texz-only
and Text + Visual Elements indicate which modalities are used for
grounding that question.

are properly cited and semantically aligned with the corre-
sponding statements.

For the test set, we further reduce noise by running an
additional textual verification pass with a different LLM
and by performing human verification focused on visual as-
pects. A team of four human annotators manually inspects
each QA pair following a structured guideline that checks
(i) whether the bounding boxes of visual elements are cor-
rectly specified, (ii) whether visual citations are accurate
and necessary to support the answer, and (iii) whether the
supporting text is free of hallucinations. After human ver-
ification, 106 answerable and one unanswerable QA pairs
were filtered out, resulting in a highly reliable and clean
test set.

4. Methods

Given a user query ¢ and a context composed of n doc-
ument page images P = {p1,pa,...,Pn}, the MLLM is
tasked with producing a grounded long-form answer A =
{x1,29,..., 21}, where each x; is a text span. Some spans
include a specific visual-element identifier token for cita-
tion, and the corresponding visual element is interleaved
immediately preceding the span. This section describes two
encoding methods for converting P into MLLM inputs and

enabling citation of visual elements: Page Encoding and
Modality Encoding. Figure 3 illustrates the overall work-
flow with these two encoding methods.

4.1. Page Encoding

Inspired by VisRAG [23], we directly use document page
images P as model input. Additionally, we use DocLay-
out [25] to detect visual elements on each page. The de-
tected elements are annotated with bounding boxes, which
are provided to the MLLM alongside the page image as aux-
iliary input.

The processed input is represented as:

{(pi, BBoxList;) }_,

where p; denotes the page image of the i-th document page,
which is encoded into visual tokens, and BBoxList; =
{bgl), bz(-z), ... } is the set of bounding box coordinates for
visual elements in p;, each encoded into text tokens. Each
bounding box is assigned a unique visual element identi-
fier, allowing the MLLM to cite the corresponding visual
element during answer generation.

This input preserves all visual information present in the
page image (e.g., layout). However, it imposes additional
challenges for the MLLM: it must (i) interpret textual con-
tent directly from pixels (without explicit OCR) and (ii)
align each visual-element identifier with its bounding box
region on the page for accurate understanding and citation.

4.2. Modality Encoding

Unlike Page Encoding, we first extract text from document
images via OCR and detect visual element regions and crop
them according to their bounding boxes. The extracted text
is then encoded into text tokens, and the cropped visual el-
ement images are encoded into visual tokens.

The input is represented as:

{(ts, Vi) iy

where ¢; denotes the extracted text from the ¢-th page, and
Vv, = {vl(l),vz@), ...} is the set of visual element crops
derived from p;. Each crop is assigned a unique visual-
element identifier, which is used to cite the corresponding
visual element during answer generation.

While this approach loses some visual information (e.g.,
layout) during processing, it enables fine-grained under-
standing by processing text and visual elements indepen-
dently with modality-specific representations.

5. Experiments

5.1. Main Results

Implementations We adopt Qwen2.5-VL-7B [1] and train
for 3 epochs with both encoding methods on the VinQA
training split, conducted on 16xA100 GPUs.
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Figure 3. Visual Elements Interleaved Answer Generation based on encoding methods. The blue solid arrows represent the Page Encoding
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M-GroSE Visual Source
Model
Relevance  Completeness  Faithfulness Unans. (F1) Avg F1
Page Encoding
Proprietary Models
GPT-4.1 4.88 3.68 4.27 0.78 3.46 0.62
GPT-4.1-mini 4.57 3.58 4.00 0.47 3.29 0.49
Gemini 2.0 Flash 4.19 2.60 3.62 0.86 2.86 0.46
Claude 3.5 Sonnet 4.83 3.81 4.46 0.70 3.53 0.65
Open-source Models
InternVL3-8B 3.26 1.66 2.24 0.78 2.05 0.23
Qwen2.5-VL-7B 3.01 1.61 2.32 0.71 1.99 0.31
Qwen2.5-VL-7B (VinQA) 4.60 3.65 4.09 0.91 3.34 0.55
Modality Encoding
Proprietary Models
GPT-4.1 4.89 3.98 4.60 0.70 3.63 (+0.16) 0.72 +0.10)
GPT-4.1-mini 4.63 3.94 4.22 0.76 3.45 +0.16) 0.60 o.11)
Gemini 2.0 Flash 4.65 3.51 4.52 0.86 3.43 +057) 0.61 (0.14)
Claude 3.5 Sonnet 4.83 3.94 4.68 0.69 3.62 (+0.09) 0.70 +0.06)
Open-source Models
InternVL3-8B 3.48 1.89 2.57 0.77 2.24 (+0.19) 0.32 (+0.09)
Qwen2.5-VL-7B 2.96 1.81 2.53 0.75 2.08 (+0.09) 0.40 (+0.09)
Qwen2.5-VL-7B (VinQA) 4.59 3.59 4.09 0.90 3.33 o2 0.58 +0.02)

Table 3. Overall performance on the VinQA test set. The values in parentheses show the difference between Modality Encoding and Page
Encoding. The M-GroSE Avg score is computed as the mean of the three 1-5 criteria (relevance, completeness, and faithfulness) and the
unanswerability F1 score, where the latter is linearly rescaled from [0,1] to [1,5] before averaging.

Evaluation We propose Multimodal Grounded QA Scor-
ing Evaluator (M-GroSE), a modified version of GroUSE
[14] originally designed for text-only long-form grounded
answers, extended to assess multimodal grounding by in-
corporating visual citations. For answerable questions, we
use GPT-5-mini as an LLM-judge to evaluate answers along
three criteria: relevance (whether the answer addresses the

question), completeness (whether it includes all necessary
information from the retrieved context), and faithfulness
(whether it is grounded in the sources without hallucina-
tion). For unanswerable questions, we report Unanswer-
ability F1, which measures whether the model correctly ab-
stains when no valid answer exists in the provided context.
To extend GroUSE to multimodal QA, we textualize both
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textual and visual context as done in Section 3.1 and mod-
ify the LLM-judge prompt to evaluate both textual reason-
ing and visual citations with their supporting text.

In addition, we evaluate visual citation accuracy using

Visual Source F1, following MCiteBench [9], by compar-
ing predicted visual-element references with VinQA’s gold
citations.
Overall Performance As shown in Table 3%, on the VinQA
test split, the best Page Encoding performance is achieved
by Claude 3.5 Sonnet, with M-GroSE Avg of 3.53 and Vi-
sual Source F1 of 0.65, while the best Modality Encoding
result comes from GPT-4.1 (M-GroSE Avg of 3.63, Visual
Source F1 of 0.72), showing a clear gap between proprietary
and open-source models. However, fine-tuning Qwen2.5-
VL-7B on VinQA significantly improves both metrics; fine-
tuned model reaches 3.34 (M-GroSE Avg), 0.55 (Visual
Source F1) with Page Encoding and 3.33 (M-GroSE Avg),
0.58 (Visual Source F1) with Modality Encoding, markedly
narrowing the gap to the SOTA. These results suggest
that VinQA provides highly effective supervision for multi-
modal grounding and visual-element citation.

Notably, Modality Encoding generally outperforms Page
Encoding on both M-GroSE Avg and Visual Source F1—as
indicated by the positive deltas in parentheses in Ta-
ble 3—except for models fine-tuned on VinQA. This indi-
cates that while Modality Encoding is more effective prior
to fine-tuning, Page Encoding can achieve comparable per-
formance once fine-tuned on the dataset. We analyze this
result in detail in Section 5.2.

5.2. Analysis

Does VinQA Improve Model Performance Across Con-
text Token Length and Visual Element Diversity?

First, we analyze how VinQA fine-tuning affects M-GroSE
scores of Qwen2.5-VL-7B with respect to context token
length. Figure 4 (a) and (b) show the results for Modal-
ity Encoding and Page Encoding, respectively. We mea-
sure context token length under Modality Encoding, which
scales with both textual volume and the number or reso-
lution of visual elements on a page. It serves as a proxy
for document complexity. Across all context-length bins
(0-2.5k to >10k), VinQA fine-tuning consistently improves
multimodal grounded answer quality. However, perfor-
mance decreases for very long contexts (>7.5k), suggest-
ing that increased document complexity limits complete and
faithful information integration.

Second, we analyze the gains in Visual Source F1 with
respect to visual element types in context before and after
VinQA fine-tuning. Figure 5 (a) and (b) show the results for
Modality Encoding and Page Encoding, respectively. For

2We evaluate recent state-of-the-art MLLLMs, but exclude models that
rely on test-time scaling for a fair comparison

this analysis, we use the VinQA’s visual-element annota-
tions—Chart, Table, and Figure’—to evaluate performance.
The “Mixed” type covers answers required to include ci-
tations to two or more types of visual elements. Before
fine-tuning, answers citing Figures perform worst among
all types under Modality Encoding, while under Page En-
coding both Figures and Tables lag behind the other types.
After fine-tuning on VinQA, these categories improve sub-
stantially, narrowing their performance gap with the rest.
Gains are also observed in the Mixed category, indicating
that VinQA enhances citation accuracy even for answers
that integrate multiple types of visual modalities.

Which is Better: Page Encoding or Modality Encoding?

We first compare the M-GroSE Avg score difference be-
tween Modality Encoding and Page Encoding across the
context token length as shown in Figure 4 (c). Before
VinQA fine-tuning, Page Encoding performs slightly better
for short contexts (<2.5k), but Modality Encoding yields
higher scores as context token length increases. This
trend arises because Modality Encoding processes extracted
text and cropped visual elements directly, whereas Page
Encoding requires the model to interpret textual content
from rendered page images and to reason over bounding-
box—annotated visual regions. As the context token length
increases, this burden on the model grows accordingly. Af-
ter VinQA fine-tuning, however, this gap becomes negligi-
ble across all context lengths. This suggests that Page En-
coding enables the model to generate multimodal grounded
answers for complex contexts at a level comparable to
Modality Encoding, despite not relying on explicit parsing.

We next compare Visual Source F1 difference between
Modality Encoding and Page Encoding across visual ele-
ment types, as shown in Figure 5 (c). Before VinQA fine-
tuning, Modality Encoding achieves higher citation perfor-
mance for Table and Mixed category. This is likely because
tables contain more text than charts or figures, and Mixed
requires referencing heterogeneous visual elements; repre-
senting cropped regions as separate visual tokens is there-
fore advantageous. After VinQA fine-tuning, these type-
wise gaps narrow considerably, indicating that VinQA helps
Page Encoding handle diverse visual elements more effec-
tively, even when operating on page images with bounding-
box regions.

Are the visual elements appropriately interleaved in the
answer with faithful supporting text?

We have presented evaluation results using M-GroSE and
Visual Source F1, but because these metrics operate on tex-
tualized context and answers, they are limited in assessing
visual aspects. To directly evaluate visual factors, we intro-
duce Visual G-Eval, which uses GPT-5 to score the question

3The Figure category includes photos, diagrams, and other non-
chart/table visual elements.
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and generated answer while consuming the cited visual el-
ements as image inputs. We score each citation on three
1-5 metrics: (1) Effectiveness — how well the cited image,
together with its supporting text, visually supports the an-
swer; (2) Position — how appropriately the image is placed
within the answer; and (3) Faithfulness — how accurately
the supporting text reflects the visual content.

Table 4 reports average scores over all visual-element ci-
tations across 200 instances sampled from the VinQA test
split. Training with VinQA yields consistent gains on all
three criteria for both encoding methods, indicating that
VinQA provides an effective training signal for learning to
better leverage visual elements. Interestingly, Modality En-
coding attains relatively high Effectiveness and Faithfulness
scores both before and after training. While VinQA training
allows Page Encoding to match Modality Encoding in over-
all multimodal grounded answer performance as measured
by M-GroSE, Modality Encoding still retains an advantage
in how effectively it uses and explains visual elements to
support the answer.

6. Conclusion

We introduce the VinQA dataset for generating visual-
element—interleaved long-form answers over real-world
multimodal documents, together with Page/Modality En-
coding and multimodal evaluation methods (M-GroSE,
Visual Source F1, Visual G-Eval). Fine-tuning open
Qwen2.5-VL models on VinQA training split substantially
improves multimodal grounding and makes both encoding

Visual G-Eval

Model
Effectiveness Position Faithfulness
Page Encoding
Qwen2.5-VL-7B 3.44 4.24 3.44
Qwen2.5-VL-7B (VinQA) 3.94 4.77 3.85
Modality Encoding

Qwen2.5-VL-7B 4.00 4.57 4.01
Qwen2.5-VL-7B (VinQA) 4.17 4.74 4.23

Table 4. Visual G-Eval results of Qwen2.5-VL-7B before and after
VinQA fine-tuning under Page Encoding and Modality Encoding.

strategies competitive, with Page Encoding in particular
achieving strong gains even without explicit parsing. As fu-
ture work, we plan to apply VinQA to models with test-time
reasoning (e.g., long think-token generation) and to mitigate
performance degradation on more complex, longer-context
documents.
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