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Abstract

Constructing scientific multimodal document
reasoning datasets for foundation model train-
ing involves an inherent trade-off among scale,
faithfulness, and realism. To address this
challenge, we introduce the synthesize-and-
reground framework, a two-stage pipeline com-
prising: (1) Claim-Centric QA Synthesis, which
generates faithful, isolated QA pairs and reason-
ing on focused segments, and (2) Document-
Scale Regrounding, which programmatically
re-embeds these pairs into full-document tasks
to ensure realistic complexity. Using this
framework, we construct SCIMDR, a large-
scale training dataset for cross-modal compre-
hension, comprising 300K QA pairs with ex-
plicit reasoning chains across 20K scientific
papers. We further construct SCCIMDR-EVAL,
an expert-annotated benchmark to evaluate mul-
timodal comprehension within full-length sci-
entific workflows. Experiments demonstrate
that models fine-tuned on SCIMDR achieve
significant improvements across multiple scien-
tific QA benchmarks, particularly in those tasks
requiring complex document-level reasoning.

@ ScIMDR © ScIMDR

1 Introduction

While rapid publication accelerates the spread of
ideas, it also makes it harder to locate the most
consequential results and to integrate them into co-
herent understanding (Bornmann and Mutz, 2015;
Kusumegi et al., 2025). LLMs and their multi-
modal counterparts (i.e., MLLMs) offer a promis-
ing way to navigate this flood of information, pro-
viding tools to quickly summarize synthesize, and
query scientific knowledge (Taylor et al., 2022; Luo
et al., 2025). However, scientific papers remain dif-
ficult for general-purpose models because evidence
is distributed across long, multimodal documents
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(text, figures, and tables) and often requires domain
expertise to interpret specialized terminology and
connect claims to supporting context (Song et al.,
2025; Wang et al., 2025; Zhao et al., 2025a). As a
result, current models still struggle to provide reli-
able assistance in real scientific workflows (Zhao
et al., 2025c¢; Tang et al., 2025; Xu et al., 2025).

A primary reason for this limitation is a deficit in
high-quality training data that mirrors the complex-
ity of real-world scientific inquiry. This data gap
is reflected in the existing Scientific QA (SciQA)
datasets. Early efforts rely on costly human annota-
tion and remained small-scale and often text-only
(Dasigi et al., 2021; Malaviya et al., 2024). Subse-
quent work turned to visual elements but adopted
a sanitized-context approach, focusing on isolated
figures or tables (Masry et al., 2022; Kahou et al.,
2017). Recent work have begun to incorporate
full-document contexts, presenting models with
more realistic, in-the-wild tasks (Pramanick et al.,
2024). This shift, however, has exposed a deeper,
unresolved methodological challenge: a fundamen-
tal trade-off between faithfulness and realism in
synthetic data. Specifically, to achieve faithful-
ness, QA generators can be prompted with concise,
atomic contexts, which simplifies the task to yield
verifiable outputs. However, this setup sacrifices
realism as it leaves the generation pipeline underex-
posed to the full-length, complex documents. Con-
versely, to achieve realism, querying with lengthy,
unprocessed documents can more closely mirrors
practical use cases. However, this long-context ap-
proach leads to attention dilution, increasing the
likelihood of hallucinations (Ji et al., 2023) and
undermining faithfulness in the generated ground-
truth answers (Liu et al., 2024b; Bai et al., 2024).

As illustrated in Figure 1, to resolve this
faithfulness-realism dilemma, we propose a new
data synthesis paradigm that decouples faithfulness
and realism across two stages. The first stage delib-
erately reduces data synthesis difficulty by structur-
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Figure 1: The Faithfulness-Realism Dilemma in scientific data synthesis and our proposed solution. Existing
approaches face an inherent trade-off: simplifying context ensures faithfulness but lacks real-world complexity,
while generating directly from full documents ensures realism but risks hallucination. We resolve this by decoupling
the objectives into a two-stage synthesize-and-reground framework. By first generating verified QA pairs on atomic
contexts and subsequently re-embedding them into full-document tasks, we achieve a dataset that simultaneously

satisfies Scale, Faithfulness, and Realism.

ing synthesis around isolated, claim-centric units
and a backward construction to ensure faithfulness,
while the second stage reintroduces full-document
complexity during training instance construction
to achieve realism. Specifically, our approach first
prioritizes faithfulness through synthesis stage. By
operating on small, verifiable, and atomic contexts,
this stage allows a generator to reliably produce
grounded QA pairs and their detailed Chain-of-
Thought (CoT) rationales (Wei et al., 2022). By
constraining the core task and minimizing auxil-
iary demands, the generator is better positioned to
produce trustworthy outputs. Second, we address
realism via a training instance construction stage.
We re-embed this golden QA-CoT pair within its
original, full-document context. This design is the
key to our solution: the model is presented with
a realistic, in-the-wild task, but is simultaneously
equipped with the precise CoT as ground truth.
This demonstration teaches the model both sow to
find the evidence and how to use evidence to answer
questions, bridging the gap between faithful synthe-
sis and realistic application. Using this pipeline, we
construct SCIMDR, a new, large-scale (300K QA
pairs from 20K papers) dataset for multimodal sci-
entific document reasoning, enabling models to be
trained to help users understand central claims, sup-
porting evidence, mechanisms, and comparisons

under realistic full-document conditions.

To comprehensively evaluate model perfor-
mance in real-world scientific scenarios, we con-
struct SCIMDR-EVAL, a benchmark compris-
ing 907 human annotated QA pairs requiring ev-
idence localization within lengthy, noisy docu-
ments, which further enables us to investigate
the impact of long-context noise on model ro-
bustness. To validate our approach, we fine-tune
Qwen2.5-VL-7B and LLaVA-1.5-7B on SCIMDR.
Our empirical evaluation shows that this model
significantly outperforms baselines across a com-
prehensive suite of three established benchmarks
(i.e., ChartQA (Masry et al., 2022), CharXiv (Wang
et al., 2024b) and SPIQA (Pramanick et al., 2024))
and SCIMDR-EVAL. Ablation studies confirm the
value of the high-quality reasoning chains within
our generated data, and experimental results vali-
date that such data effectively teaches models the
skills required for real-world scientific QA. Our
main contributions are summarized below:

* We introduce SCIMDR-EVAL, an expert-
annotated benchmark designed to evaluate model
performance in realistic, in-the-wild scientific
QA scenarios (§3).

* We propose a novel synthesize-and-reground
paradigm that resolves faithfulness-realism
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Category \ Data CoT Q-Gen Num QA Source Domain Full Text Visual
QASPER (Dasigi et al., 2021) human 5K 1.5K papers NLP X X
QASA (Lee et al., 2023) human 1.8K 112 papers ~ AI/ML v X
ArgSciChat (Ruggeri et al., 2023) human 41 20 papers NLP v X
Bench MMLongBench-Doc (Ma et al., 2024) - human + 1lms 2.5K 1612 charts STEM v v
) CharXiv (Wang et al., 2024b) human 11.5K 2.3K charts STEM X v
ChartQAPro (Masry et al., 2025) human + 1lms 1.9K 1.3K charts STEM X v
DomainCQA (Zhong et al., 2025) 11ms 1.7K 482 charts STEM X v
| SCIMDR-EVAL - human 907 200 papers  STEM v v
ChartQA (Masry et al., 2022) X human + 1lms 23K 28K charts STEM X v
ArXivQA (Li et al., 2024b) v GPT-4 100K 32K charts  STEM X v
DataSet. | MMSci (Li et al., 2024c) X GPT-4 IM 128K papers  STEM x v
SPIQA (Pramanick et al., 2024) v human + 1lms 270K  25.5K papers CS X v
| SCIMDR v GPT-5.1 300K 20K papers ~ STEM v v

Table 1: Comparison of Scientific QA Benchmarks & Datasets. Unlike prior works that rely on sanitized
contexts or lack reasoning annotations, SCIMDR integrates Full-Text understanding, Visual modality, and explicit
chain-of-thought reasoning at scale, bridging the gap between faithful synthesis and realistic document complexity.

dilemma in synthetic data generation by decou-
pling data generation from training instance con-
struction, ensuring both atomic precision and
holistic realism (§4).

* We release SCIMDR, a large-scale high-
faithfulness training dataset, by using the de-
signed data synthesis pipeline (§4).

* Experiments show that fine-tuning on SCIMDR
improves scientific QA performance, and analy-
ses further confirm that our data provides strong
training signals for robust, in-the-wild multi-
modal reasoning under long-context noise (§5).

2 Related Work

Crafting datasets to benchmark and enhance the
scientific reasoning capabilities of LLMs necessi-
tates a balance of three critical attributes: scale,
faithfulness, and realism. However, achieving this
balance presents a fundamental dilemma for prior
work. As the general capabilities of LLMs have
advanced, their expanding knowledge base offers
opportunities for large-scale data synthesis. Yet, ex-
isting approaches often compromise one attribute
to optimize the others, as summarized in Table 1.

Human-Annotated SciQA. Early scientific QA
datasets relied on manual annotation to overcome
the challenge of generating diverse, open-ended
and domain-specific questions. Initial efforts like
PubMedQA (Jin et al., 2019), BioASQ (Krithara
et al., 2023), and QASPER (Dasigi et al., 2021)
yielded thousands of examples but were often
limited to abstracts or fixed formats. Subse-
quent work, such as QASA (Lee et al., 2023)

and Covid-QA (Moller et al., 2020), utilized full-
text annotation for free-form questions, while Ex-
pertQA (Malaviya et al., 2024), SCIDQA (Singh
et al., 2024), and MISS-QA (Zhao et al., 2025b)
further enhanced question complexity. While hu-
man annotation typically ensures quality, it faces a
bottleneck in scale. The expensive nature of expert
annotation limits these datasets’ size, making them
insufficient for training modern foundation models
that require vast quantities of data.

Sanitized-Context SciQA. With the develop-
ment of visual capabilities in LLMs, attention has
increasingly turned to the visual context within
scientific documents, such as figures and tables.
Datasets such as DVQA (Kafle et al., 2018), Fig-
ureQA (Kahou et al., 2017), PlotQA (Methani
et al., 2020), ChartQA (Masry et al., 2022), and
ChartQAPro (Masry et al., 2025) were proposed to
benchmark with QA centered on visual contexts,
placing new demands on the models’ visual un-
derstanding and reasoning. More recently, Math-
Vista (Lu et al., 2023) and ArXivQA (Li et al.,
2024b) have further broadened this task’s scope
by incorporating more charts and diagrams. How-
ever, these datasets typically operate on sanitized
contexts, isolating visual elements from their sur-
rounding textual analysis. This approach creates
a discrepancy between the benchmark task and
the real-world challenge of navigating noisy, long-
form documents. By simplifying the information
retrieval process to isolated snippets, these methods
compromise realism, failing to reflect the complex-
ity of holistic scientific reasoning.

Long-Context SciQA. In real-world cases, users
frequently query with long, complex documents.
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Driven by the extension of context windows in
LLMs (Team et al., 2024; Liu et al., 2025), many
datasets have begun to focus on models’ abil-
ity to process and answer questions based on
long-context. For instance, SciREX (Jain et al.,
2020) is a document-level information extrac-
tion dataset, QUALITY (Pang et al., 2022) in-
volves annotated QA over complete passages,
and MMLongBench-Doc (Ma et al., 2024) and
M3SciQA (Li et al., 2024a) incorporate visual in-
formation and multi-document reasoning through
expert curation. The reliance on human annota-
tors constrains the scale of these datasets. To ad-
dress scalability, benchmarks like SPIQA (Praman-
ick et al., 2024), Loong (Wang et al., 2024a) and
LongReason (Ling et al., 2025) typically synthe-
size questions based on short contexts, introducing
extended noise documents during the evaluation.
While providing final answers suffices for bench-
marking, effective training demands explicit rea-
soning that guide models to locate evidence and
filter noise. Originating from sanitized contexts, ex-
isting synthetic data inherently lacks these global
traces, limiting its utility in enhancing needle-in-a-
haystack reasoning capabilities.

3 ScIMDR-EVAL Benchmark

We focus on document-level scientific QA, where
models must comprehend lengthy, multimodal doc-
uments in realistic scenarios. However, existing
benchmarks mainly evaluate models on sanitized
contexts—isolated figures, tables, or short passages.
To bridge this gap and provide an evaluation of
models’ capabilities in in-the-wild scientific rea-
soning, we construct SCIMDR-EVAL, an expert-
annotated benchmark specifically designed to eval-
uate document-level multimodal QA performance.
This benchmark serves dual purposes: (1) demon-
strates the difficulty of in-the-wild scientific reason-
ing, and (2) provide a general, reliable testbed for
evaluating multimodal document understanding in
real-world scientific scenarios.

3.1 Benchmark Construction

SCIMDR-EVAL is constructed through human an-
notation to ensure the quality and accuracy. We re-
cruited three annotators (graduate students in com-
puter science) to manually craft QA pairs from
300 scientific papers sourced from arXiv. To en-
sure coverage of scientific reasoning capabilities,
we define five question types based on established

practices in scientific inquiry and our analysis of
real-world SciQA requirements:

* Evidence-Based Explanation & Quantification:
Explaining how and why visual element supports
textual claim, often with quantitative analysis.

» Concept-to-Instance Mapping: Linking abstract
concepts, architectures, or processes described
in text to their concrete visual representations.

* Hypothesis Validation & Inferential Reasoning:
Using textual and visual evidence to validate hy-
potheses, infer conclusions, or predict outcomes.

e Critical Analysis & Consistency Check: Criti-
cally evaluate whether textual claims are accu-
rately supported by visual data, identifying po-
tential inconsistencies or mischaracterizations.

» Argumentative Role & Synthesis: Synthesizing
the overall scientific contribution and understand-
ing the role of visual evidence in main argument.

For each assigned paper, the annotator was in-
structed to read the paper and formulate questions
that necessitate synthesizing information across
both textual content and visual elements distributed
throughout the paper. Each entry was authored by
one annotator and verified by the other two. An-
notators were instructed to balance the questions
across all types and provided with detailed guide-
lines and examples to ensure consistency and qual-
ity. Annotators also marked key points in each
answer to facilitate fine-grained evaluation. This
process yielded 907 high-quality QA pairs with de-
tailed reasoning chains and answer key points for
evaluation.

3.2 Evaluation Protocol

Given the open-ended nature of our questions,
exact-match and binary score might be inappropri-
ate. Instead, we employ GPT-5-mini as an LLM
judge to evaluate model responses. LLM-assisted
evaluations are commonly used in many bench-
marks (Lu et al., 2023; Yu et al., 2023; Wang et al.,
2024b). The judge is provided with the question,
annotated answer with key points, and response
with reasoning chain. It assigns scores based on
factual correctness, reasoning quality, and cover-
age of key points. We provide the implementation
details in Appendix A.
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Figure 2: Overview of the synthesize-and-reground framework. The pipeline operates in two stages: Claim-
Centric QA Synthesis ensures faithfulness by extracting atomic claims and employing backward reasoning to
generate QA pairs with chain-of-thought; Document-Scale Re-grounding ensures realism by re-embedding these
pairs into full-document contexts and injecting information localization steps to create hard training instances.

4 Training Data Synthesis Pipeline

To resolve the aforementioned faithfulness-realism
dilemma, we introduce a two-stage paradigm that
decouples data synthesis process from training in-
stance construction, as outlined in Figure 2:

* Claim-Centric QA Synthesis: We first generate
high-quality, trustworthy data by reducing the
task difficulty for the generator model to ensure
correctness and traceability.

* Document-Scale Regrounding: Then use this
data to construct complex, realistic training in-
stances for full-document comprehension.

This approach allows us to achieve all three goals:
generated at scale, high-faithfulness content, and
formatted for realistic, complex training.

4.1 Scientific Paper Collection and Processing

We collected raw academic papers from two pri-
mary sources to construct our dataset: CoRR in
arXiv and Nature Communications. Papers from
arXiv focus on the Computer Science, comprising
a total of 9,847 papers ranging from 2017 to 2025.
To ensure our dataset reflects the most recent re-
search advancements, we prioritized papers from
the last three years (2023-2025), which constitute
over 97% of our arXiv subset. We also gathered

9,273 General Science articles from Nature Com-
munications published between 2018 and 2025,
ensuring a broad coverage of high-quality scien-
tific content. To parse the multimodal content of
each paper, we use the MinerU2.5 OCR model (Niu
et al., 2025) with a vLLM backend. Given a down-
loaded PDEF, our adopted OCR pipeline extracts
the full body text, section boundaries, figures, ta-
bles, and associated captions. We serialize these
outputs into JSON files, which are then used by
the subsequent data synthesis pipeline. For each
paper, we then use GPT-5.1 to assess whether it
reports an original, experiment-driven study, fil-
tering out surveys, position papers, tutorials, and
purely conceptual work. Table 2 presents a detailed
breakdown of the resulting dataset statistics.

4.2 Claim-Centric QA Synthesis

The objective of this stage is to produce a corpus of
trustworthy, atomic QA pairs and their correspond-
ing reasoning chains, all grounded in the source
document. We achieve this quality by operating
on small and isolated contexts, and employing a
claim-centric mechanism. QA pairs can be clas-
sified into three types based on the information
source required for an answer: VQA (Vision-Only
QA), answerable solely from visual information
(figures and tables); TQA (7ext-Only QA), answer-
able solely from textual context; and MQA (Multi-
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modal QA), which requires synthesizing informa-
tion from both text and visuals. Each category is
further defined by specific sub-types to balance
generation diversity with controllability.

Our synthesis process begins with a multi-modal
context unit, each comprising a segment of raw
text, an associated visual (figure or table), and its
caption. The core of this process is a claim-centric
mechanism. We first perform a context-aware pre-
processing step to identify all sentences within the
text that reference the associated visual (e.g., As
shown in Figure X...). We then feed the processed
text into the LLM generator. At this time, the vi-
sual information is temporarily withheld to ensure
a purely text-based analysis. Our prompt marks the
previously identified referencing sentences, priori-
tizing segments most likely to contain arguments
for later visual grounding. Following this guidance,
the LLM generator breaks down the text into dis-
crete, declarative claims, each representing a core
finding or conclusion.

These extracted claims then serve as the uni-
fied blueprint for both QA and reasoning synthesis.
First, there is a cross-modal grounding step, the
LLM generator revises its claims by checking each
one against the previously withheld visual informa-
tion to determine whether a direct visual correlate
exists. Claims with visual correlates are routed for
MOQA generation, text-only claims are routed for
TQA, and VQA pairs are generated in parallel by
focusing the LL.M exclusively on the visual. Be-
sides, for each QA pair, we guide the generation
of its reasoning chain. We reframe this from a in-
ference task to a low-risk, constrained articulation
task. The claim is the key to this shift, acting as
a cheating sheet with the ground-truth conclusion.
By providing this answer upfront, we transform
the task of LLM generator from finding an answer,
to articulate a step-by-step rationale that logically
connects a newly generated question to the sup-
plied claim. This backward construction paradigm
makes the synthesis easy by offloading tasks of evi-
dence retrieval and open-ended inference, yielding
reasoning chains both trustworthy and controllable.

4.3 Document-Scale Regrounding

The atomic QA pairs and reasoning chains gener-
ated on small and isolated contexts are suited for
benchmarking a model’s capabilities, but they are
suboptimal as training data. This is because, in
realistic application scenarios, users rarely filter
relevant paragraphs before posing a query. Instead,

the more common use case involves interrogating
the entire noisy, complex document. Simply train-
ing on the atomic QA pairs would fail to prepare
the model for this full-context challenge.

We bridge this gap by re-purposing claims. The
claim, which served as a generation blueprint in
synthesis, now functions as a ground-truth evidence
map for the training stage. Because each QA pair
is bound to a claim, which records the precise lo-
cation of its textual and visual evidence, we can
programmatically construct an ideal Information
Localization step. This is achieved by populating
a pre-defined template with the specific identifiers
(e.g., Section X, Table Y) stored in the claim. This
content, which explicitly states how to find the nec-
essary information, is then prepended to the syn-
thetic reasoning chains. For example: 7o answer
this question, I need to first consult Section X, and
then cross-reference the results in Table Y...

This deterministic synthesis of CoT rationales
provides the downstream model with an accurate,
verifiable, and imitable reasoning demonstration.
This creates the hard training instance: the task is
no longer a simple query on a filtered easy context,
but a realistic, hard challenge that requires finding
evidence within the full document. Critically, while
the task difficulty is high, the solutions we provide
via demonstrations are detailed and well-structured.
With such data, the model is not just learning what
the answer is; it is learning how to find the answer
within a complex context. The final training data
format is structured as: (Full Document Context,
Question) — (Information Localization + Reason-
ing + Final Answer). This format compels the
model to first practice localizing related informa-
tion and then execute grounded reasoning, thereby
enhancing its practical utility in real-world scien-
tific QA applications.

4.4 Human Evaluation of Synthetic Data

To directly assess the faithfulness and reliability
of the synthesized training data with our pipeline,
we conducted a manual evaluation on a random
sample of 300 QA pairs from SCIMDR. The sam-
ple consists of 100 instances from each category:
VQA, TQA, and MQA. The sampled QA pairs
were manually reviewed using two criteria: cor-
rectness, which measures whether the answer is
factually accurate, and relevance, which captures
whether the QA is properly grounded in the source
document and associated visual evidence.

For VQA and TQA, all reviewed instances were
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Part I: SCIMDR (Training Dataset)

Category Description Count
TQA Answerable solely from textual context 47,389
VQA Answerable solely from figures/tables 125,052
MQA Requires synthesis of text and visuals 132,020
Total 304,461
Part II: SCIMDR-EVAL (Benchmark)
Type Focus Count
EEQ Explanation & quantitative analysis 205
CIM Linking abstract concepts to visuals 240
HVI Inferential reasoning & prediction 244
CAC Consistency check & critical evaluation 97
ARS Synthesis of argument & visual role 121
Total 907

Table 2: Details about the SCIMDR training dataset and
the SCIMDR-EVAL benchmark. SCIMDR is catego-
rized by modality, while SCIMDR-EVAL is categorized
by reasoning type, a taxonomy that also guides the syn-
thesis of multi-modal samples in SCIMDR.

factually correct and well grounded in the provided
visual or textual context. For MQA, 91 out of
the 100 sampled instances were judged to be high-
quality and fully accurate. The remaining 9 in-
stances were still factually correct, but were oc-
casionally more verbose or focused on high-level
concepts, resulting in longer and more complex
reasoning chains. These results validate the effec-
tiveness of our pipeline in generating faithful and
well-grounded QA data.

5 Experiments

We conduct experiments to verify the effective-
ness of our proposed data construction pipeline and
SCIMDR, addressing two research questions:

* RQ1: Does fine-tuning on SCIMDR enhance
model performance on scientific reasoning?

* RQ2: Does our synthetic data pipeline possess
the capability to produce useful training data that
improves model scientific reasoning?

5.1 Experimental Setup

Dataset. Our dataset SCIMDR comprises three
categories based on information sources: VQA,
TQA, and MQA. The dataset was constructed fol-
lowing the pipeline in Section 4, generating approx-
imately 300K QA pairs with claim-centric reason-
ing chains from 20K research papers with gpt-5.1.

Training Configuration. We employ a two-stage
training, using Qwen2.5-VL-7B (Bai et al., 2025b)
as our primary base model. In Stage 1, we train
on VQA and TQA data for 1 epoch with a peak
learning rate 1 x 10~° and batch size 64. In Stage
2, we continue training on MQA data for 1 epoch
with learning rate 1 x 107%. In fine-tuning with
SPIQA, we train the language model for 1 epoch
with a learning rate of 1 x 107> and batch size 64.
We fine-tune the language model while keeping the
visual encoder and projector frozen.

Evaluation Benchmarks. We evaluate models
on four benchmarks: (1) ChartQA (Masry et al.,
2022), a foundational chart QA benchmark to eval-
uate logical and visual reasoning over standard real-
world charts; (2) CharXiv (Wang et al., 2024b),
a benchmark for scientific QA that uses expert-
curated charts from research papers to assess both
Descriptive examination and complex Reasoning
capabilities; (3) SPIQA (Pramanick et al., 2024),
a benchmark with 3 subsets designed to assess
multimodal comprehension of academic content,
which requires a holistic understanding of complex
figures and tables within full-text papers; and (4)
SCIMDR-EVAL, our annotated benchmark for
full-document scientific reasoning.

Baselines. We benchmark our method against
the base model Qwen2.5-VL-7B to measure rel-
ative gains, and reproduce SPIQA, a recent
synthetic baseline, by fine-tuning the same
base model to isolate data quality effects.
We also include several strong open-source
multimodal models Qwen-3-VL-8B (Bai et al.,
2025a), LLaVA-0V-1.5-8B (An et al., 2025), and
InternVL-3-8B (Zhu et al., 2025) as competitive
references. In addition, we evaluate some advanced
models GPT-40 (OpenAl, 2024), GPT-5.1 (Ope-
nAl, 2025a), and GPT-5.2 (OpenAl, 2025b) on
SCIMDR-EVAL to establish a performance upper
bound and analyze the development of scientific
multimodal document reasoning capability.

5.2 Main Results

Table 3 presents the comparative performance of
model fine-tuned with SCIMDR, against the base-
lines across all four benchmarks. The results sub-
stantiate the efficacy of our approach (RQ1). Model
fine-tuned with SCIMDR achieves substantial im-
provements over the base model across the board,
effectively transforming a general-purpose mul-
timodal model into a specialized scientific assis-
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Model ChartQA  CharXiv-D CharXiv-R SPIQA-A SPIQA-B  SPIQA-C  SCIMDR-EVAL
GPT-5.1 - 90.9 58.3 79.4 79.8 716 47.2
GPT-5.2 - 95.2 73.1 79.9 75.4 74.0 49.9
Quen-3-VL-8B 87.4 74.2 40.1 732 64.0 623 34.2
LLaVA-OV-1.5-88 859 66.3 329 66.0 62.7 51.1 15.5
InternvL-3-8B 86.2 66.7 34.6 59.6 46.9 40.8 16.8
Qwen2.5-VL-7B 84.6 65.0 37.7 66.4 56.6 48.9 19.8

+ SPIQA 818725 509711 333744 62707 447119 400750 567142

+SCIMDR 863417 7567106 37.9%02  68.6%22  588%22 473710 49,1202

Table 3: Main results on scientific QA benchmarks. Fine-tuning with SCIMDR outperforms the base model and
the recent synthetic dataset across most metrics, particularly on complex reasoning tasks.

Model SCIMDR-EvAL
GPT-5.2 49.9
GPT-5.1 47.2
GPT-40 24.7
Qwen2.5-VL-7B 19.8

+ SCIMDR 49.1+29:3

Table 4: Performance comparison on SCIMDR-
EVAL against advanced models. Despite having only
7B parameters, our model matches the performance of
GPT-5.2 and GPT-5. 1 on this domain-specific task.

tant. To further contextualize the difficulty of our
proposed benchmark and the effectiveness of our
method, we compare our fine-tuned model against
advanced proprietary models on SCIMDR-EVAL.
Despite its smaller parameter size 7B, model with
SCIMDR exhibits competitive performance on this
scientific reasoning task.

5.3 Pipeline Effectiveness and Analysis

Having established the performance gains, we ad-
dress RQ2 by analyzing the quality of our synthetic
data and deconstructing the contributions of our
pipeline components.

5.3.1 Data Quality Comparison

To assess the quality of our synthetic data inde-
pendent of the base model’s intrinsic capabili-
ties, we conduct a controlled comparison using
LLaVA-1.5-7B (Liu et al., 2024a). We chose
LLaVA-1.5 as our probing model for two strategic
reasons: its fully transparent training data ensures
no prior exposure to our evaluation benchmarks,
and as a more modest baseline, it 1S more sensi-
tive to data quality, allowing us to clearly observe
the marginal gains from different instruction-tuning
datasets. We fine-tune LLaVA-1.5-7B on three con-
figurations: (1) 50K samples from SPIQA, (2) 50K
VQA samples from SCIMDR, and (3) 50K samples
from SPIQA re-annotated using our claim-centric

Method ChartQA  CharXiv SPIQA-A
LLaVA-1.5-7B 19.6 27.8 31.5
+ SPIQA (50k) 26.3%67 13,5713 357+42
+ SCIMDR (50k) 26.8+7:2 28.5+0-7 36.7+°:2
+ SPIQA (re-annotated) 25.5+59 28.1+0:3 39.8+8:2

Table 5: Controlled data quality comparison. The
results base on LLaVA-1.5-7B show that re-annotating
SPIQA’s source documents with our pipeline yields im-
provements over the original labels, confirming the su-
periority of our generation methodology.

pipeline. All models are trained for 2 epochs and
evaluated on on single-image benchmarks to match
the model’s input constraint.

Table 5 confirms that re-annotating SPIQA with
our pipeline outperforms the original labels (39.8
vs. 35.7) using identical source documents. This
isolates the gains to our methodology rather than
data selection. We attribute this improvement to
the rich reasoning signals in our data: notably, the
model trained on our re-annotated SPIQA gener-
ates responses on CharXiv that are 5x longer on
average than the original data, reflecting a substan-
tial enhancement in reasoning depth and details.

5.3.2 Ablation Study on Reasoning Chains

We further investigate which components of our
training data contribute to full-document compre-
hension. Using the Stage 1 checkpoint, we eval-
uate three variants on SCIMDR-EVAL: (1) full
data with explicit information localization and rea-
soning chains, (2) removing localization, and (3)
removing reasoning chains (QA pairs only).

Table 6 reveals that removing reasoning chains
leads to a significant drop in performance (49.1
— 16.9), underscoring that simple QA pairs are
insufficient for teaching complex scientific logic.
Removing information localization also causes a
drop, indicating that explicit guidance on where to
look is important for helping models navigate the
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Info Loc Reasoning SCIMDR-EVAL
v v 49.1
x v 22,8203
X X 16.9-322

Table 6: Ablation study of training data components.
Both explicit information localization and step-by-step
reasoning are critical for successful fine-tuning.

noise in full-text documents.

5.3.3 Impact of Long-Context Noise

Our pipeline is motivated by the observation that
generating data directly from long, noisy contexts
reduces faithfulness. To empirically quantify the
impact of noise, we evaluate Qwen2.5-VL-7B on
SCIMDR-EVAL under three input settings: (1) Or-
acle Context, which provides only the ground-truth
visual and referencing text with zero distractors; (2)
Standard Setting, SCIMDR-EVAL default which
simulates realistic retrieval by including limited
noise (maximum § images and 6 paragraphs); and
(3) Full-Paper, which supplies the entire document
content to maximize distractor density.

Table 7 reveals a clear performance degradation
as noise increases. The gap between Oracle Con-
text (32.9) and Full-Paper (12.8) confirms that
long-context distractors are a source of error; even
when the information is present, the model strug-
gles to localize evidence within dense content.

5.3.4 Failure Analysis

We conduct a failure analysis of SCIMDR-EVAL
and comparing predictions from the base model
and its fine-tuned counterpart on SCIMDR. We
observe four main error types:

* Incorrect Evidence Localization: Selecting the
wrong visual element or paragraph instead of the
true supporting context.

* Reasoning / Logic Error: Correctly locating rele-
vant evidence but failing in multi-step deduction
or computation.

* Hallucination of Context: Fabricating numbers,
visual features, or statements not present in the
document.

* Incomplete Synthesis: ldentifying correct evi-
dence but missing key annotated answer points.

Overall, the fine-tuned model shows clear im-
provements in grounding and evidence localization,

Input SCIMDR-EvAL
Standard 19.8
Oracle 329
Full-Paper 12.8

Table 7: Challenge of Attention Dilution. Effect of
context noise on accuracy. Performance degrades as the
amount of irrelevant context increases.

suggesting that the structured reasoning signals in
SCIMDR effectively can reduce hallucination and
improve document-level reasoning. Details can be
found in Appendix A.4.

6 Conclusion and Discussion

In this work, we addressed the faithfulness-realism
dilemma in constructing synthetic datasets for
multimodal scientific document reasoning. We
introduced the synthesize-and-reground frame-
work, which decouples atomic reasoning synthe-
sis from full-document training. With SCIMDR
and SCIMDR-EVAL, we demonstrate that our ap-
proach enables open-source models to bridge the
performance gap with proprietary systems in com-
plex multimodal document reasoning. Given re-
liance on proprietary models and STEM focus,
future work will explore distilling synthesis into
open-source models and expanding domains.

Limitations

While our synthesize-and-reground framework ef-
fectively enhances scientific multimodal reason-
ing, several limitations remain. The fidelity of
our training data is intrinsically bounded by the
capabilities of the teacher model used for atomic
synthesis. We assume that breaking the task into
atomic claims minimizes hallucinations, yet any
subtle factual errors or reasoning flaws generated
at this stage are coded into the training signal. In
practice, if the teacher model exhibits specific bi-
ases or misconceptions regarding niche scientific
domains, these will inevitably propagate to the stu-
dent model. Regarding the scope of our claims,
our empirical validation is concentrated on papers
within STEM disciplines (primarily Computer Sci-
ence and General Science). This focus partly re-
flects the current scarcity of data resources outside
of the hard sciences. Consequently, our results have
not yet been validated in fields with distinct rea-
soning paradigms, where scientific discourse may
follow different structures.
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A Data and Experimental Details

A.1 Configuration

Qwen2.5-VL-7B. We fine-tuned Qwen2.5-VL-7B
using LLaMA-Factory (Zheng et al., 2024) with
the following configurations. The maximum se-
quence length was set to 16K tokens (including
both visual and language tokens) to accommodate
long-context scientific documents. For image in-
puts, we set a maximum of 8 images per instance
with max_pixels =512x512. Images are automat-
ically resized to maintain their aspect ratio within
the specified pixel range.

For VOQA + TQA. We trained on visual-only and
text-only QA pairs for 1 epoch with learning rate
1 x 107 and batch size 64. Only the language
model was trained while the visual encoder and
projector remained frozen.

For MQA. We continued training on multimodal
QA pairs for 1 epoch with learning rate 1 x 10~
and batch size 64, maintaining the same freeze
strategy.

LLaVA-1.5-7B. For data quality comparison ex-
periments, we fine-tuned LLaVA-1.5-7B using
LLaMA-Factory for 2 epochs with learning rate
1 x 1079, batch size 64, and warmup ratio 0.1. Un-
like the Qwen experiments, all model components
(vision encoder, projector, and language model)
were trained without freezing.

A.2 Evaluation Framework

All  evaluations were conducted using
lmms-eval (Zhang et al.,, 2024), which pro-
vides standardized evaluation protocols for large
multimodal models. We implemented a custom
evaluation module for SCIMDR-EVAL to ensure
consistency with existing benchmarks.

A.3 LLM Judge Configuration

Given the open-ended nature of questions in
ScIMDR-EVAL, we employed GPT-5-mini as an
LLM judge to evaluate model responses. The judge
assesses each response based on factual correctness,
reasoning quality, and coverage of annotated key
points.

Binary Scoring. For main results shown in Ta-
ble 3, we use strict binary scoring: a response
receives score 1 only if it correctly addresses all
key points with accurate reasoning; otherwise it
receives 0. The accuracy is computed as the per-
centage of fully correct responses.

Fine-grained Metrics. For detailed analysis, we
also report text correctness rate (percentage cor-
rectly interpreting textual evidence), visual correct-
ness rate (percentage correctly interpreting visual
evidence), and partial credit score (average propor-
tion of key points addressed). These fine-grained
metrics provide additional insight but are not used
for main benchmark comparison. The complete
judge prompt is provided in Figure 4.

A.4 Failure Mode Analysis

Setup. To analyze failure patterns, we ran-
domly sampled 100 questions from SCIMDR-
EVAL and compared outputs from the base model
Qwen2.5-VL-7B and the fine-tuned on SCIMDR.
We manually categorized incorrect predictions into
four error types.

Failure Categories.
ror categories:

We define the following er-

* Incorrect Evidence Localization: Selecting the
wrong visual element or paragraph instead of the
true supporting context.

* Reasoning / Logic Error: Correctly locating rele-
vant evidence but failing in multi-step deduction
or computation.

* Hallucination of Context: Fabricating numbers,
visual features, or statements not present in the
document.

» Incomplete Synthesis: ldentifying correct evi-
dence but missing key annotated answer points.

Findings. Both quantitative error analysis and
qualitative inspection demonstrate that the struc-
tured reasoning signals in SCIMDR are important
for improving multimodal document-level scien-
tific QA. The fine-tuned model benefits from ex-
plicit localization supervision and exhibits stronger
grounding behavior compared to the base model.

Failure Type Qwen ScIMDR
Incorrect Evidence Localization 18 5
Reasoning / Logic Error 6 9
Hallucination of Context 11 3
Incomplete Synthesis 8 7
Total Errors 43 24

Table 8: Failure type comparison on 100 randomly sam-
pled SCIMDR-EVAL questions.

44730



B Annotator and Data Usage

Annotator Recruitment. For constructing
SCIMDR-EVAL, we recruited three graduate
students in Computer Science with at least one
year of experience in machine learning research
and scientific paper analysis. Annotators were
compensated above local minimum wage, con-
sistent with standard research assistant rates. All
annotators provided written informed consent
before participating.

Consent and Usage Rights. Prior to annotation,
participants received detailed consent forms ex-
plaining the research purpose, public data release,
withdrawal rights, confidentiality measures, and
compensation structure.

For source papers in SCIMDR and SCIMDR-
EVAL, we exclusively used open-access publica-
tions from arXiv (various Creative Commons li-
censes) and Nature Communications (CC-BY li-
cense). These licenses permit text and data mining
for research purposes, requiring no additional con-
sent from paper authors.

Quality Control. To ensure annotation quality,
annotators underwent training with detailed guide-
lines and examples. Each QA pair was authored
by one annotator and verified by the other two.
Weekly meetings addressed challenging cases and
maintained consistency.

Annotation Cost. For pre-annotation, the total
setup time for the annotation team was approxi-
mately 5 hours, which included designing guide-
lines, creating samples, and conducting a training
session to align the annotators with the protocol.
For annotation, the average time for reading and
annotating a single paper was approximately 10
minutes.

C Data Synthesis Prompts

This section presents the complete prompts used in
our data synthesis pipeline, corresponding to the
stages described in Section 4.

Claim Extraction. Figure 5 shows the prompt
that guides the LLM to distill paragraphs into struc-
tured, verifiable claims serving as blueprints for
QA generation.

Visual Grounding. Figure 6 presents the prompt
for matching textual claims with visual evidence
and determining their relationship types.

Multimodal QA Generation. Figure 7 details
the prompt for generating questions requiring syn-
thesis of textual and visual information across five
reasoning types (EEQ, CIM, HVI, CAC, ARS).

Visual-Only QA Generation. Figure 8 provides
the prompt for generating questions answerable
solely from visual information across eight reason-
ing categories.

Text-Only QA Generation. Figure 3 shows the
prompt for generating questions testing deep un-
derstanding of scientific content without visual evi-
dence.

D MQA Examples

This section presents examples of multimodal QA
pairs across the five question types.

Evidence-Based Explanation & Quantification
(EEQ). Figure 9 illustrates an EEQ-type question
requiring quantitative analysis of visual evidence
to support textual claims.

Concept-to-Instance Mapping (CIM). Fig-
ure 10 shows a CIM-type question that links ab-
stract architectural concepts described in text to
their concrete visual representations in diagrams.

Hypothesis Validation & Inferential Reasoning
(HVI). Figure 11 presents an HVI-type question
demonstrating inferential reasoning by synthesiz-
ing visual patterns and textual explanations to draw
conclusions.

Critical Analysis & Consistency Check (CAC).
Figure 12 provides a CAC-type question that crit-
ically evaluates the consistency between textual
characterizations and visual data.

Argumentative Role & Synthesis (ARS). Fig-
ure 13 displays an ARS-type question requiring
synthesis of visual evidence and textual arguments
to understand the overall scientific contribution.
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System: You are an expert Al Research Assistant specializing in scientific text analysis and reasoning. Your goal is to
generate challenging, high-quality questions based on textual claims that do not have direct visual evidence.

Task

For each claim, generate a question that requires deep understanding of the textual content and the scientific claims
presented. The question should test comprehension, analysis, and reasoning about the scientific concepts, methodologies,
or findings described in the text.

Inputs

1. Textual Claims: A list of claims without visual grounding that serve as the basis for question generation.
{claims_json}

2. Context: {context}

Methodology: 3-Step Chain of Thought

Step 1: Claims Analysis

Review all textual claims and identify the key scientific concepts, methodologies, or findings for each claim. Determine
what makes each claim scientifically significant or interesting. Identify potential areas of complexity or nuance that
would make good question topics.

Step 2: Question Strategy Selection

Choose the most appropriate approach for each question:

* Conceptual Understanding: Test deep understanding of scientific concepts or theories

* Methodological Analysis: Focus on experimental design, procedures, or analytical approaches

¢ Critical Evaluation: Assess the validity, limitations, or implications of findings

» Comparative Analysis: Compare different approaches, results, or interpretations

» Causal Reasoning: Explore cause-and-effect relationships described in the text

Step 3: Question and Answer Generation

Formulate a clear, specific question that requires synthesis of information from multiple claims for each claim. Ensure
the question cannot be answered by simply restating a single claim. Do not give implications in the problem description:
Your question should not imply that it is related to specific information. Let the respondent judge which information is
relevant based on the questions. You can only ask one specific question for each claim and it cannot contain multiple
sub-questions. Avoid using commas to connect multiple different questions in a single sentence (like "What ..., and how
... 7", should be avoided).

Generate a comprehensive answer with step-by-step reasoning. When you answer questions, remember you are the
questioner, and you need to build a good example as a reference answer. Therefore, you can use Verified Textual
Claims as shortcuts, which will help you understand accurate way of thinking when answering questions. But as you
are building a reference answer for respondent, so when you are organizing the language of your answer, please do not
reveal shortcuts. You should simulate a clever respondent who is good at answering questions, only using the original
text in the answering process.

Output Format
L
{
"question_type": "The strategy you selected
from the list”,
"question”: "The final, challenging question

based on the textual claims”,
"answer": {

"understand_question”: "Hint: think and plan”,
"chain_of_thought_answer”: [
{
"step": 1,
"reasoning”: "Hint: Analysis of relevant claims

and their scientific significance”

"step": 2,
"reasoning”: "Hint: Deeper exploration of
the concepts, methods, or findings"”

"step”: 3,
"reasoning”: "Hint: Synthesis and conclusion
that directly answers the question”
3
o
"conclusion”: "Hint: The final, concise answer”
}
}
]

Figure 3: TQA generation prompt. This prompt generates questions testing deep understanding of scientific
content without visual evidence.
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System: You are an expert evaluator for multi-modal question-answering tasks. Evaluate the model’s prediction based
on the following three-component rubric.

Question

{question}

Ground Truth Answer

{ground_truth_answer}

Model Prediction

{prediction}

Scoring Rubric (Total: 1.0 point)

Evaluate the model’s response across three dimensions:

1. Text Citation Score (0.30 points)

Evaluate whether the model accurately found and cited relevant textual content:

¢ 0.30 points: The model accurately identified and cited all relevant text passages that fully support the answer

* 0.20 points: The model identified and cited most relevant text passages, with minor omissions

¢ 0.10 points: The model cited some relevant text but missed many key passages or included significant irrelevant text
* 0.0 points: The model failed to identify or cite relevant textual content, or only cited irrelevant text

2. Image Citation Score (0.30 points)

Evaluate whether the model accurately identified and referenced relevant images:

* 0.30 points: The model accurately identified and referenced all relevant images needed to answer the question

* (.20 points: The model identified and referenced most relevant images, with minor omissions

* 0.10 points: The model referenced some relevant images but missed many or included significant irrelevant images
* 0.0 points: The model failed to identify or reference relevant images, or only referenced irrelevant images

3. Answer Accuracy Score (0.40 points)

Evaluate whether the model correctly answered the key points of the question:

* 0.40 points: The model’s answer correctly addresses all key points and matches the ground truth

* 0.20 points: The model’s answer partially addresses the question but misses some key points or contains minor errors
* 0.0 points: The model’s answer is incorrect or fails to address the key points of the question

Figure 4: LLM judge prompt. This prompt evaluates model responses based on text citation (0.30), image citation
(0.30), and answer accuracy (0.40).
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System: You are a senior scientific editor with exceptional skills in logical analysis and information synthesis. Your task
is to read a paragraph from a research paper and distill its core information into structured CLAIMS.
Core Principles
¢ Summarization Over Detail: Extract significant, high-level assertions. A claim should be a complete, conclusive
statement.
« Filter Non-Essentials: Ignore introductory phrases, transitional sentences, or overly granular details.
* Fidelity to Source: Every claim must be strongly and directly supported by the original text.
Chain of Thought
Follow these steps internally before generating the final output:
* Read for Gist: Read the entire paragraph to understand its overall purpose and main argument.
* Identify the Core: Locate the key sentences that form the "skeleton" of the argument.
» Synthesize and Refine: Merge and summarize sentences into a single, concise content statement.
* Classify and Populate: Choose the most appropriate claim_type and fill in the required JSON fields.
Hints
* When selecting a claim_type, refer to these definitions:
— Conclusion/Finding: The central takeaway or primary discovery.
— Comparative: Compares advantages, disadvantages, or performance of entities.
— Causal/Explanatory: Describes the reason for a phenomenon or mechanism of a process.
Methodological: Describes experimental setup, architecture, or operational steps.
— Descriptive/Quantitative: Provides objective description or specific data point/metric.
* Sentences that reference a Figure or Table often contain important claims.
Input
Context: {context}
Output Requirements
Provide output in the following JSON format. You can generate multiple claims if there are multiple claims in the
paragraph.

L
{

"id": "T_claim_01",

"claim_type”: "Choose from ['Conclusion/Finding',
'Comparative', 'Causal/Explanatory',
'Methodological ', 'Descriptive/Quantitative']"”,

"content"”: "Concise, clear, and complete summary."”,

"key_entities”: ["List 1-3 core entities”],

"source_sentences”: ["Original supporting sentences”],

"potential_question_focus”: "Central question
this claim is best suited to answer.”

Figure 5: Claim extraction prompt. This prompt guides the LLM to distill paragraphs into structured, verifiable
claims serving as blueprints for QA generation.
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System: You are a meticulous Multimodal Analyst and Fact-Checker. Your expertise is in precisely matching textual

claims with visual evidence.

Task

Your mission is to receive structured textual claims (JSON format) and, for each claim, systematically find corresponding

visual evidence within a given image and caption. You will annotate findings by adding a visual_grounding field to

each object.

Inputs

1. Structured Textual Claims (JSON): {text_json}

2. Caption: {caption}

Process

For each claim object, strictly follow this procedure:

1. Analyze the Claim: Read the claim’s content and key_entities to understand its core assertion.

2. Locate Visual Elements: Search the image and caption for relevant visual elements (e.g., lines in a graph, bars in a
chart, labels, specific regions, or text).

3. Critically Evaluate the Evidence: Is the visual element directly and explicitly related to the claim? Thematic
relevance alone is insufficient. If evidence exists, determine its nature: Does it support, quantify, illustrate, or
contradict the claim?

4. Construct the visual_grounding Object: If you cannot find direct visual evidence, construct

{"exists_in_visual”: false}. If you find direct evidence, construct a complete object with
"exists_in_visual”: true along with relationship_type, visual_element_description, and
justification.

Output Requirements

Output a single, complete, augmented JSON object. Ensure the original JSON’s structure is fully preserved. The only

modification should be the addition of the visual_grounding field to every original claim object.

visual_grounding Field Definitions

* exists_in_visual: (Boolean) Required. true if direct visual evidence is found, otherwise false.

e relationship_type: (String) Required if exists_in_visual is true. Must be one of: ["Supports”, "Quantifies",
"Tllustrates", "Elaborates", "Contradicts"].

» visual_element_description: (String) Required if exists_in_visual is true. A clear, textual description of the
relevant visual element(s).

* justification: (String) Required if exists_in_visual is true. A detailed explanation of how the visual element
is linked to the textual claim.

relationship_type Definitions

* Supports: Visual evidence directly confirms or strengthens the assertion.

* Quantifies: Visual evidence provides specific numerical data or measurements.

 Illustrates: Visual evidence provides a visual example or representation.

* Elaborates: Visual evidence provides additional details or context.

* Contradicts: Visual evidence directly refutes or opposes the assertion.

Figure 6: Visual grounding prompt. This prompt matches textual claims with visual evidence, determining
relationship types (Supports, Quantifies, Illustrates, Elaborates, Contradicts).
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System: You are an expert Al Research Assistant specializing in multimodal scientific reasoning. Your goal is to

generate challenging, high-quality multimodal questions for each claim with visual grounding.

Question Categories

1. Evidence-Based Explanation & Quantification (EEQ)

Core: Explain HOW and WHY a visual element supports a textual claim, and quantify that support. Example: "The

authors claim that [statement]. How exactly does the data in [Figure/Table X] support this claim, and can you quantify

the effect?"

2. Concept-to-Instance Mapping (CIM)

Core: Link an abstract concept, architecture, or process described in text to its concrete visual representation. Example:

"The paper defines *[concept]” in Section X. Identify the corresponding components in [Figure Y] and explain how they

match the description.”

3. Hypothesis Validation & Inferential Reasoning (HVI)

Core: Use combined evidence from text and visuals to validate a hypothesis, infer conclusions, or predict outcomes.

Example: "The hypothesis is that [hypothesis]. How do the results in [Figure X], combined with the text’s interpretation,

validate this hypothesis?"

4. Critical Analysis & Consistency Check (CAC)

Core: Critically evaluate whether textual claims are accurately supported by visual data. Example: "The text describes

the improvement in [Figure X] as ’significant’. Based on the visual evidence and scale, is this characterization accurate?"

5. Argumentative Role & Synthesis (ARS)

Core: Summarize the overall scientific takeaway and the specific role of visual evidence in the paper’s main argument.

Example: "What is the core scientific takeaway from the combination of [Figure X] and its description in the text?"

Task

For each claim, generate one question requiring deep, integrated understanding of THREE sources: (1) Figure/Table

image, (2) Caption, (3) Context text. The question MUST NOT be answerable by looking at only one or two sources in

isolation.

Inputs

1. Verified Textual Claims: {claims_json}

2. Context: {context}

3. Caption: {caption}

Guiding Philosophy

Think Like a Scientist, Not a Grader. Your primary goal is to frame questions from the perspective of a curious scientist

trying to understand the phenomenon, not a teacher asking a student to interpret a chart. The question should be about

the *what’, "why’, or how’ of the scientific concept itself. The text and visual are simply the resources the user needs to

construct the answer.

Methodology: 4-Step Chain of Thought

Step 1: Deep Analysis & Synthesis

Review all claims. What is the central scientific story they tell with the visual? Analyze the visual, caption, and context.

Identify key relationships, trends, and mechanisms. Synthesize sources to form a high-level understanding.

Step 2: Strategic Question Type Selection

Based on synthesis, choose the MOST appropriate question sub-type (EEQ, CIM, HVI, CAC, or ARS) that would lead

to a challenging and insightful question.

Step 3: Draft the Final Multimodal Question

Core Principle: Ask about the concept, not the evidence. Frame the question around the scientific idea, process, or

implication. The user will naturally have to find the evidence in the provided materials.

Crucially, re-examine your question using these examples:

* BAD: "How does the diagram illustrate that you must visit all target regions?"

¢ GOOD: "Why must all potential target regions be searched before the target’s precise location can be confirmed?"

Use Diverse Framing Strategies:

» Causal Reasoning (Why?): "What is the primary reason for the observed drop in efficiency when temperature exceeds
50°C?"

* Procedural Understanding (How?): "If a new data point were introduced, walk through the steps the algorithm would
take to classify it."

» Hypothetical Scenarios (What if?): "What would be the likely impact if the *attention’ module were removed?"

¢ Defining Conditions (Under what...): "For which demographic does the interface show the most significant usability
improvement?"

¢ Integrative Synthesis (What implication?): "What is the overarching conclusion regarding system stability when
combining error rates in Table 1 with the risk assessment in the conclusion?"

¢ Critical Discrepancy (What inconsistency?): "What specific data behaviors contradict the author’s claim of a ’linear
relationship’?"

Final Check: Read aloud. Does it sound natural? It must not contain words like "figure," "table," "diagram,

"according to the text."

Step 4: Generate a Conclusive Answer

Provide a comprehensive, step-by-step answer. Your reasoning must explicitly cite evidence from the visual, caption,

and context. When describing visual information, meticulously detail all relevant visual elements and explicitly connect

them to the question.

"o

graph," or

Figure 7: MQA generation prompt. This prompt generates questions requiring synthesis of textual and visual
information across five reasoning types (EEQ, CIM, HVI, CAC, ARS).
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System: You are an expert Visual Question-Answering pair generator. Your task is to analyze a provided image context

(e.g., chart, graph, table) and a specified question category to create a structured JSON object.

Question Categories

1. DR, Data Retrieval (Lookup): Asks for a specific data point that can be directly read from the image.

2. EIL Extremum Identification (Max/Min): Asks to find the highest, lowest, largest, or smallest value, or the entity
associated with it.

3. CO, Computation: Requires a mathematical calculation (e.g., sum, difference, average, percentage change) based
on data points from the image.

4. CT, Counting: Requires counting the number of elements that meet a specific numerical criterion.

5. CR, Comparison & Ranking: Requires comparing two or more data points or finding an entity with a specific rank.

6. TP, Trend & Pattern Analysis: Focuses on overall behavior of data over time, correlations, or specific patterns.

7. IP, Inference & Prediction: Asks for a projection, estimation based on a trend, or hypothetical outcome.

8. MS, Compositional Reasoning (Multi-Step): A complex question that requires combining two or more of the above

Based on the provided image context and the specified question category, generate one QA pair.

Question Category: Choose the MOST appropriate question sub-type that would lead to a challenging and insightful

question. { VISUAL_ONLY_QUESTION_CATEGORY }

Caption: {caption}

Rules

1. Question Generation: The generated question must be relevant to the specified category and must be answerable
solely by analyzing the visual information in the image context.

2. Global Image Description: First, give a comprehensive and detailed description of what you see in the image.
Describe the type of visualization, its main components, labels, colors, layout, values, the magnitude and positional
relationships of values of each element, and any important visual elements.

3. Relevant Parts of Image: Connect the image description to the specific question being asked. Identify which parts
of the image are relevant to answering the question.

4. Step-by-Step Reasoning: Provide step-by-step reasoning to find the answer. Each step should build on the previous
one.

5. Answer: State the final answer clearly in a single, complete sentence.

6. Short Form Answer: Provide a concise version of the answer, typically a number, word, or short phrase, suitable for
automated evaluation.

7. JSON Structure: Your final output MUST be a single, raw JSON object strictly adhering to the following structure.

Output Format

L
{
"question_type”: "Select from [DR, EI, CO, CT,
CR, TP, IP, MS]",
"question”: "The question you generated”,
"global_image_description”: "..."
"relevant_parts_of_image": "...",
"step_by_step_reasoning”: "...
"answer”: "A full-sentence answer"”,
"short_form_answer"”: "A concise, short-form answer"”

Figure 8: VQA generation prompt. This prompt generates questions answerable solely from visual information
across eight reasoning categories.
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How does the pattern of low correlation among diff-
erent sensor axes imply that each sensor can provide
unique and complementary information for identifyi-
ng activities? From both statistical interpretation and
the empirical evidence.

Angular velocity X(*/s) -
‘Angular velocity Y(*/s) -

Angular velocity Z(s)
Magnetic field X(t)
Magnetic field Y() -
Magnetic field Z04) -

(From Visual, most off-diagonal squares are pale blue or pale red, corresponding to
correlation values near zero (between -0.3 and 0.4). Only a few variable pairs show moderate
correlations, such as Acceleration X and Magnetic field X (around -0.86) or Magnetic field X
and Magnetic field Z (about 0.40). The caption confirms it is a correlation matrix, thus these
colors quantitatively represent correlation coefficients between -1 and 1. The general light
tones indicate weak relationships.

N

The context text states that low correlation values between variables indicate minimal
redundancy, meaning no single sensor axis is overly predictable from another. This property
allows each variable to possibly capture distinctive aspects of the motion or environment.
The text also emphasizes that these sensor readings could provide unique information for
activity recognition.

Integrating the heatmap patterns (mostly low correlations), the caption labeling the plot as a
correlation matrix, and the textual description of the implications, we can conclude that the
low correlations indicate each axis measures relatively independent aspects of movement or
field disturbances. Low redundancy means that combining them could enrich an activity
recognition model since each sensor's data adds separate, complementary insight into the
physical activity pattern.

Conclusion: Because most sensor axes show correlations close to zero, as visualized in the
correlation matrix, they measure largely independent aspects of movement and environment.
This minimal redundancy, confirmed by the statistical interpretation in the text, means each
axis can contribute unique information, making them valuable complementary features for
\activity recognition. y

. J

Figure 9: Example of EEQ (Evidence-Based Explanation & Quantification) type question. This example
demonstrates how the model must explain how visual patterns (correlation matrix) support textual claims with
quantitative analysis, integrating statistical interpretation from the figure with conceptual explanations from the text.
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How do the roles of the encoder, decoder, and Re-
sidualLSTM described in the macro-scale module’s
architecture interact with the micro-module’s phy-
sics-informed corrections during framework train-
ing, and how is this interaction represented in the
overall PIMRL process flow?

~N

(From Visual, the process is divided into two primary paths: micro-scale learning in a pretrain
stage (fed by micro-scale data into the micro-module) and macro-scale learning with macro-
scale data in the macro-module, with several 'MS' correction or information exchange points
connecting the two. The caption specifies that these corrections are physics-informed,
coming from the micro-module to adjust the macro-module.

From the context, within the macro-scale module there is an encoder that extracts features,
a decoder that projects ConvLSTM outputs into physical residual space, and a ResidualLSTM
that processes temporal sequences with residual connections. The autoencoder is not used
for reconstruction but for mapping inputs into a low-dimensional latent space and projecting
features back into physical space. These components handle macro-scale spatiotemporal
data processing.

When integrated, the micro-module informs the macro-module by injecting learned physics
constraints through the MS blocks during macro-scale training. This means that after macro-
scale data is processed via the encoder, ResidualLSTM, and decoder, corrections from the
micro-module guide weight updates or feature adjustments, ensuring the macro-scale
outputs conform to micro-scale physics principles. The diagram’s arrows showing parameter
sharing and feedback loops visually encode this integration: the micro-module feeds forward
corrections into macro-scale stages while macro-scale states can also cycle back for
refinement.

Conclusion: The macro-scale module’s encoder, ResidualLSTM, and decoder sequentially
process macro-scale data into physical-space residuals, while the micro-module provides
physics-informed corrections at designated MS points, ensuring the macro outputs retain
fidelity to micro-scale physical laws. In the PIMRL process flow, this is depicted by the
pretraining path from micro-data into the micro-module, followed by correction arrows

\Ieading into multiple stages of the macro-module during full framework training. )

- J

Figure 10: Example of CIM (Concept-to-Instance Mapping) type question. This example shows how the model
links abstract architectural components (encoder, decoder, ResidualLSTM) described in text to their concrete visual
representations in the system diagram, tracing information flow across modules.
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What factors might explain why GPT-3.5 demonstrates the strongest prosociality in helping,
donating, and cooperation tasks compared to other LLMs and humans, while models like
Qwen-2.5 and LLaMA-3 display more polarized or consistently conservative behaviors across
scenarios?

(From the left panel violin plots, GPT-3.5's average scores (star markers) are consistently high \
in Helping, Donating, and Cooperation —above both human and other LLM averages. In these
tasks, the distribution of GPT-3.5's responses often skews toward the upper Likert scale

(scores 5-7). In contrast, Qwen-2.5 shows a high average only in certain tasks (e.g.,

Recycling, Volunteering), but dips in interpersonal ones like Sharing; LLaMA-3’s stars are near
the lower-middle range across all tasks, indicating hesitancy or conservative ratings.

The caption clarifies that the stars indicate average intention scores and that the six
scenarios include interpersonal and public-good contexts like Volunteering, Helping,
Donating, Cooperation, Recycling, and Sharing. The high GPT-3.5 averages in Helping,
Donating, and Cooperation thus represent strong prosocial intentions across both
interpersonal and collaborative public tasks.

The text in Section 3.1 explains that GPT-3.5 exhibits top overall prosociality, particularly in
helping, donating, and cooperation. It also notes that model behavior is sensitive to scenario
type: Qwen-2.5 is more polarized, excelling in low-cost/public-good contexts (e.g., Recycling)
but scoring lower in interpersonal contexts (e.g., Sharing). LLaMA-3 is consistently
conservative, likely due to more restrained decision-making or a cautious alignment style.
Additionally, the text states LLMs are more prosocial in high-norm scenarios and less so
when personal cost is high, suggesting that structural features of the scenario interact with
each model's alignment and training data biases. GPT-3.5’s high scores across diverse
cooperative and altruistic contexts may indicate that its alignment tuning has generalized well
to both low- and high-cost prosocial acts, unlike models that overfit toward certain structural
contexts.

Conclusion: GPT-3.5’s consistent top-tier performance in helping, donating, and cooperation
tasks likely reflects alignment training that generalizes prosocial norms across diverse
contexts, enabling high prosociality even in potentially costly interpersonal scenarios. In
contrast, Qwen-2.5’s polarized pattern suggests scenario-specific sensitivity, and LLaMA-3’s
uniformly low responses indicate a conservative approach that limits positive ratings
regardless of context.

\ .
g J

Figure 11: Example of HVI (Hypothesis Validation & Inferential Reasoning) type question. This example
illustrates inferential reasoning where the model analyzes distributional patterns in violin plots alongside textual
explanations to infer underlying factors explaining behavioral differences across models.
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Does the evidence suggest that GPT-4om’s slower convergence in reward weight search is
fully explained by its weaker reasoning and numerical abilities, or might other factors also be
contributing?

From the second plot, GPT-4om’s curve (green) starts declining slower than GPT-40’s,
achieving improvement later, and not reaching the low ratios as quickly. The caption confirms
this is tracking the change of maximum w_service/w_ec during iteration.

The context attributes this to GPT-4om’s weaker reasoning and numerical analysis
capabilities, leading to less flexible step sizes and thus requiring more iterations. This
plausibly explains the slower decline.

However, the visual shows GPT-4om’s curve to be smoother and more regular than EUREKA-
M’s, suggesting that while reasoning limitations slow adaptation, they are not the sole cause;
step size policy design and possibly input complexities also likely contribute. Its curve does
decline steadily, indicating moderate optimization ability despite limitations.

Conclusion: GPT-4om’s slower convergence is largely consistent with reduced flexibility from
weaker reasoning and numerical skills, but the steadiness of its decline compared to
EUREKA-M suggests that suboptimal step size strategy and other design factors may also

play roles in its performance gap.

\ y,

- J

Figure 12: Example of CAC (Critical Analysis & Consistency Check) type question. This example demonstrates
critical evaluation of whether textual claims are accurately supported by visual data, requiring careful assessment of
evidence strength and potential discrepancies.
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Y e How does the breadth of research topics on under-
water debris reflect the urgency of detecting and
managing marine debris to protect ecosystems,
especially given the diverse challenges in harsh marine

environments?

R 4,8,14, 17,26, 27,30, 36,
debrs 37,41, 49,52

.20, 21,33, 43,
45,55

9,10, 15, 19,
44,

fThe diagram visually categorizes research about underwater debris into multiple branches:
Deep Learning Techniques, Environmental Conservation, Alternative Solutions, Datasets, and
Other research. Each branch contains numerous references, indicating a broad and
multidisciplinary engagement with the problem, as clarified in the caption describing this as
the 'literature available for the subsequent topics.

The context specifically states that detecting and managing marine debris is critical for
preserving ecosystems, while also detailing particular difficulties —such as the debris’ small
size, submerged nature, concealment on the sea bottom, and threats to wildlife. These
challenges necessitate a variety of specialized approaches.

By integrating the categories shown in the diagram with the context's problems, it becomes
clear that each research branch addresses different facets of these challenges: conservation
research targets ecological impacts, deep learning methods tackle detection difficulties,
alternative solutions explore prevention or cleanup strategies, while datasets provide
foundational resources. This broad coverage underscores the urgency and complexity of the
management task, as multiple interconnected avenues are pursued to mitigate ecosystem
risks.

Conclusion: The diversity of research topics —from conservation-focused studies to

technical detection methods —demonstrates that managing marine debris is a multi-pronged
effort driven by the urgency of addressing numerous detection difficulties and environmental
\risks in harsh marine environments. )

- J

Figure 13: Example of ARS (Argumentative Role & Synthesis) type question. This example shows how
the model synthesizes visual evidence and textual arguments to articulate the overall scientific contribution and
understand the role of visual elements in supporting the main thesis.
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