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A. Limitations

Despite the strong performance gains achieved by models
fine-tuned with CRIT—constructed via a graph-based au-
tomatic data generation pipeline—several limitations per-
sist. First, the dataset is entirely synthesized by the LLM.
Although the graph-based formulation imposes structural
constraints and leverages human-annotated sources as ini-
tialization sources, the resulting QA pairs and reasoning
chains may still reflect biases or stylistic patterns inherent
to the generator model. In addition, the LLM-generated
textual contexts may contain fictional or non-grounded con-
tent. That said, when evaluated on existing cross-modal rea-
soning benchmarks derived from diverse human-authored
sources (e.g., SPIQA, VEGA, MMQA, FCMR), models
trained with CRIT consistently demonstrate performance
gains, suggesting that the learned capabilities generalize
beyond the synthetic data distribution. Nevertheless, such
evaluations may not fully surface subtle generator-specific
biases, which could still be present but remain unobserved
under current benchmarks. Second, the multi-stage nature
of the data generation pipeline introduces potential error ac-
cumulation, as LLMs are employed throughout the process.
Imperfections at earlier stages may propagate and amplify
in subsequent steps. Finally, the pipeline incurs non-trivial
computational overhead, which may pose challenges for ef-
ficiency and resource usage.

B. Comparison with Prior Work

Table 2 summarizes the key differences between CRIT and
existing datasets based on cross-modal reasoning. Although
datasets such as SPIQA [19] and VEGA [30] adopt inter-
leaved image-text inputs, and others like MMQA [23] and
WebQA [4] can be reformulated into this format, the major-
ity of their questions are still solvable using a single modal-
ity. As shown in Table 1, this limits their ability to probe
genuine cross-modal reasoning. CRIT is explicitly designed
to overcome this limitation. Every question requires multi-
hop, cross-modal inference, compelling models to integrate
complementary visual and textual evidence rather than rely
on isolated cues.

A second differentiator is domain diversity. Exist-
ing datasets commonly rely on narrow sources, such as
Wikipedia [4, 11, 23] or specialized scientific and finan-
cial corpora [10, 14, 19, 30]. In contrast, CRIT draws
from a broader and more heterogeneous set of public data,
enabling evaluation of general-purpose multimodal under-

Table 1. Ablation on Image Input. We evaluate GPT-4o on
benchmarks formulated as interleaved image–text inputs with and
without images. Performance remains strong on existing bench-
marks but drops sharply on CRIT, indicating that CRIT is designed
to require cross-modal reasoning. M: METEOR, R-L: ROUGE-L,
C: CIDEr, B-F1: BERTScore F1, B: BLEU.

SPIQA VEGA MMQA CRIT

Image M R-L C B-F1 R-L B EM F1 EM F1

✓ 17.3 30.8 88.0 57.8 40.1 12.3 48.8 56.0 28.0 32.3
✗ 11.8 19 36.6 49.9 40.3 12.7 42.9 49.6 10.5 12.5
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standing. Finally, CRIT emphasizes scalability and inter-
pretability. Using the LLM-driven pipeline with manual
verification of the test split, we construct 271k high-quality
QA pairs. Our graph-based generation process additionally
provides the exact subgraph used to form each question,
yielding transparent reasoning traces that support training,
diagnostics, and deeper analysis of model behavior.

C. Domain Distribution of CRIT

Figures 1 and 2 illustrate the distribution of image and text
data across domains in the CRIT benchmark, demonstrating
broad coverage with samples spanning diverse image cate-



Table 2. Comparison of our dataset with prior cross-modal reasoning works. CRIT targets cross-modal multi-hop reasoning over
interleaved image-text inputs, constructed through a graph-based automatic pipeline spanning diverse data sources, and provides 271k QA
pairs together with explicit reasoning traces.

Dataset Interleaved Image-Text Multi Hop Diverse Data Source Data Generation Reasoning Trace Num QA
ManyModalQA [11] ✗ ✗ ✗ Human experts ✗ 10.1k
CT2C-QA [29] ✗ ✗ ✗ LLMs + Human experts ✗ 10k
MME-Finance [10] ✗ ✗ ✗ LLMs + Human experts ✗ 2.3k
WebQA [4] ✗ ✓ ✗ Human experts ✗ 46.7k
MuMuQA [20] ✗ ✓ ✗ Human experts ✗ 1.4k
MMQA [23] ✗ ✓ ✗ Template + Human experts ✗ 30k
FCMR [14] ✗ ✓ ✗ LLMs + Human experts ✗ 2.2k
SPIQA [19] ✓ ✗ ✗ LLMs + Human experts ✓ 270k
VEGA [30] ✓ ✗ ✗ LLMs + Human experts ✗ 286k
CRIT ✓ ✓ ✓ LLMs + Human experts ✓ 271k

gories and text genres.

D. Data Generation Detail for Video and Text-
Rich Sources

This section provides further details on (1) how video cap-
tions are used to form a unified graph across sampled
frames, (2) how text-rich sources are converted into mul-
timodal graphs, and (3) how textual context is refined when
paragraphs refer to visual elements.

For video sources, the full set of captions along with
their temporal ranges is provided to the LLM. The model
identifies all entities mentioned throughout the video, ex-
tracts their attributes, and performs coreference resolution
to merge entities appearing across multiple frames. Frame-
level relations are then inferred, capturing interactions and
events described in each segment. Compared with nat-
ural images, the resulting video graphs are more action-
centric and reflect the temporal structure of the content. The
prompt used for caption-to-graph conversion is shown in
Figure 19.

Scientific papers are processed directly from their raw
TeX sources. After segmenting the text into paragraphs,
we prompt the LLM to extract entities and textual rela-
tions for paragraphs that do not reference any figures or ta-
bles, using the prompt shown in Figure 20. For paragraphs
that do contain such references, we extract only relations
grounded in the referenced visual content—e.g., numerical
results (“Model A achieves 92% accuracy”), comparative
statements (“Method B outperforms Method C”), or visual
attributes (“The blue curve increases sharply”), following
the prompt in Figure 21.

To ensure that questions require genuine cross-modal
reasoning, paragraphs referencing figures or tables undergo
sentence-level filtering. After visual relations are extracted,
we embed each sentence in the paragraph using SBERT (all-
MiniLM-L6-v2) [21] and compute cosine similarity with
the extracted visual relations. Sentences that closely over-
lap with the visual content are removed according to a fixed

threshold, while all remaining sentences are retained and
used as the textual context. Paragraphs without visual ref-
erences are left unchanged. This yields textual context
that complements rather than duplicates the visual evidence,
promoting reasoning chains that span modalities.

E. Failure Cases of Data Generation Without
Graphs

Figures 3 and 4 illustrate failure cases that arise when
prompting the LLM to directly produce cross-modal multi-
hop QA pairs from raw image–text inputs without any addi-
tional structural guidance. For each example, one image and
its associated paragraph are randomly sampled from the in-
terleaved image-text context, and the LLM is asked to pro-
duce a QA pair requiring cross-modal multi-hop reasoning
given the caption of the sampled image and the paragraph.
Figure 3 shows a case where the generated question appears
cross-modal but is actually solvable using a single modal-
ity. The model implicitly incorporates visual information
into the question itself, making the textual paragraph alone
sufficient for answering. Figure 4 shows a question that is
syntactically framed as multi-hop, yet relies on only a single
reasoning step. These cases underscore typical shortcom-
ings observed when prompting LLMs without additional
structural constraints, motivating the graph-based approach
introduced in the main paper.

F. Ablation Study on Data Generation Pipeline
We conduct a retrospective ablation study to assess the con-
tribution of key components in our data generation pipeline.
Experiments are performed on 100 randomly sampled in-
stances from the CRIT test set, using GPT-5 [22] as an
automatic evaluator. We first evaluate the role of cross-
image edges in the multimodal content graph. These edges
connect entities across different images via textual nodes
and enable multi-hop reasoning that spans multiple images.
When removing all cross-image edges, we find that 33% of
the questions become unanswerable. This demonstrates that



Table 3. Ablation of Fine-Tuning Data Composition Performance comparison of zero-shot Idefics2-8B and the same model fine-tuned on
different datasets. We compare fine-tuning on Mantis-Instruct alone and jointly with CRIT or SPIQA. Mantis-Instruct and CRIT follow a
5:1 sampling ratio, and all joint settings contain the same total number of training samples. Joint training with CRIT provides the strongest
overall improvements, while size-matched SPIQA yields notably smaller gains, underscoring the contribution of CRIT. M: METEOR,
R-L: ROUGE-L, C: CIDEr, B-F1: BERTScore F1, B: BLEU, Acc: Accuracy.

SPIQA VEGA MMQA FCMR MuirBench BLINK MP-DocVQA

Fine-tuned Dataset # Samples M R-L C B-F1 R-L B EM F1 F1 Acc Acc Acc

No Fine-tuning - 1.13 1.10 1.03 28.23 31.4 6.7 27.4 31.7 40.5 26.2 45.2 46.7
Mantis-Instruct 837k 3.60 10.17 23.83 42.83 29.5 5.1 27.3 30.9 44.9 33.1 45.7 48.2
Mantis-Instruct+CRIT 1005k 10.53 22.77 67.93 55.80 35.1 7.1 30.0 33.8 50.5 32.6 47.6 49.8
Mantis-Instruct+SPIQA 1005k 10.0 22.47 71.7 54.57 28.4 4.0 29.2 32.3 47.5 34.9 46.4 48.8

such connections are essential for maintaining valid cross-
modal reasoning paths. Next, we examine the impact of
graph-based QA generation. We compare QA pairs gen-
erated using our graph-structured pipeline with those pro-
duced via direct prompting without explicit graph guidance.
Using GPT-5 as a judge with the prompt shown in Fig-
ure 11, graph-based QA pairs are preferred in 77% of cases.
This preference indicates that graph-based generation pro-
duces questions that are more coherent, better grounded
in the underlying multimodal content, and more consis-
tent with the intended multi-hop reasoning chains. Over-
all, the results highlight the importance of both cross-image
connectivity and graph-based generation in producing high-
quality cross-modal multi-hop reasoning data.

G. Benchmarks and Evaluation
This section provides additional details on the benchmarks
and clarifies how evaluation scores are reported.
SPIQA SPIQA [19] is an open-ended QA dataset tai-
lored for interpreting complex figures and tables in scien-
tific research articles across diverse subfields of computer
science. Each instance contains interleaved image–text in-
puts, where figures and tables are provided as images ac-
companied by their captions. The test set comprises three
splits. We report the average performance across them.
VEGA VEGA [30] is a dataset designed for interleaved
image-text comprehension, which requires models to iden-
tify relevant visual and textual regions within a complex
multimodal context and generate accurate answers to the
given questions. The test set includes two splits differing in
input token length. We report averaged results over both.
MMQA MMQA [23] is a multi-source question-
answering benchmark constructed from Wikipedia, requir-
ing reasoning over text passages, tables, and images. The
dataset includes both single-hop and multi-hop questions,
with some cases demanding cross-modal integration to in-
fer the correct answer. In our setting, we provide all text,
image, and table inputs at once in an interleaved format.
We report multi-hop performance on the validation set.
FCMR FCMR [14] evaluates multimodal reasoning in

the financial domain, combining textual reports, tables, and
charts. Each instance provides three candidate statements
whose verification requires evidence aggregation across
modalities. The official all-or-nothing scoring scheme
counts a prediction as correct only when the exact set of true
statements is returned; in practice, this criterion is overly
strict and leads models to behave nearly randomly. To pro-
vide a more informative assessment, we instead report per-
statement F1 scores computed using the ground-truth labels,
treating each statement as an independent binary decision so
that partial correctness is properly reflected.
MuirBench MuirBench [27] comprises 12 diverse multi-
image understanding tasks formulated as multiple-choice
questions. We follow the evaluation protocol provided by
LMMs-Eval [28].
BLINK BLINK [9] targets core perceptual skills that hu-
mans can typically solve “within a blink”, including depth
ordering, correspondence, forensics detection, and multi-
view reasoning. Several tasks involve multiple images, and
all are posed as multiple-choice questions. We report per-
formance on the validation split using VLMEvalKit [7].
MP-DocVQA MP-DocVQA [26] is a multi-page docu-
ment QA benchmark requiring models to parse text, layout,
and visual elements across pages to locate the relevant page
and produce an answer. We report performance on the vali-
dation split using LMMs-Eval [28].
MMStar MMStar [5] is a multimodal benchmark designed
to evaluate VLMs under strictly visual-dependent settings.
It focuses on samples that require genuine visual under-
standing, reducing cases where questions can be answered
without images. We follow the evaluation protocol provided
by LMMs-Eval [28].
MME MME [8] is a comprehensive benchmark for as-
sessing both perception and cognition abilities of multi-
modal models. It consists of multiple subtasks cover-
ing object recognition, OCR, commonsense reasoning, and
knowledge-based understanding. We follow the evaluation
protocol provided by LMMs-Eval [28].
SeedBench SeedBench [16] is a large-scale multimodal
benchmark that evaluates hierarchical vision-language ca-



Table 4. Training hyperparameters for Qwen2.5-VL and
Idefics2.

Hyperparameter Qwen2.5-VLCRIT Idefics2CRIT
Epochs 1 1
Batch size 64 128
Learning rate 2e-5 2e-5
Optimizer AdamW AdamW
Warmup ratio 0.05 0.05
Scheduler cosine cosine
LoRA rank 32 128
LoRA alpha 64 256
LoRA dropout 0.05 0.1

pabilities through multiple-choice questions. It covers a
wide range of tasks, including visual understanding, spa-
tial reasoning, and multimodal comprehension. We follow
the evaluation protocol provided by LMMs-Eval [28].
ChartQA ChartQA [18] is a benchmark for question an-
swering over charts, requiring models to interpret visual el-
ements such as bars, lines, and legends, and perform rea-
soning over chart data. We report performance on the test
split using LMMs-Eval [28].

H. Ablation Study on Fine-Tuning Data Com-
position

To verify that the performance gains observed when jointly
fine-tuning on Mantis-Instruct and CRIT truly come from
incorporating CRIT, we also fine-tune on Mantis-Instruct
combined with a size-matched subset of SPIQA in place
of CRIT. Aside from this substitution, all training settings
and data quantities are kept identical to ensure a fair com-
parison. While SPIQA is also an interleaved image–text
dataset, it contains single-hop, open-ended QA pairs, and
therefore does not provide the multi-hop reasoning supervi-
sion present in CRIT.

The results in Table 3 show that jointly training with
SPIQA instead of CRIT leads to consistently lower perfor-
mance across nearly all benchmarks. The performance drop
is particularly pronounced on tasks that require multi-hop
or cross-modal reasoning (e.g., VEGA, MMQA, FCMR).
Surprisingly, fine-tuning with CRIT also achieves stronger
results on several SPIQA evaluation metrics—METEOR,
ROUGE-L, and BERTScore-F1—despite SPIQA being the
source of those benchmarks. Overall, these findings confirm
that the improvements observed when jointly fine-tuning
Mantis-Instruct with CRIT are indeed attributable to incor-
porating CRIT.

I. Training Hyperparameters

Training was conducted using 4 NVIDIA H100 80GB
GPUs. The training hyperparameters used for these mod-
els are summarized in Table 4.

Table 5. Results on CRIT including reasoning models. Per-
formance comparison of reasoning models and fine-tuned VLM
across natural image (NI), video frame (VF), and scientific paper
(SP). Models fine-tuned on CRIT are highlighted with a gray back-
ground. # Prm denotes the number of model parameters.

NI VF SP

Model # Prm EM F1 EM F1 EM F1

Qwen2.5-VLCRIT 7B 58.6 59.5 38.8 42.2 15.9 22.5
Intern3-VL [31] 8B 33.1 34.3 35.2 41.3 7.3 12.1
Qwen3-VL-Thinking [2] 8B 31.8 32.9 33.1 37.1 7.3 9.6
GLM-4.1V-Thinking [12] 9B 12.0 17.7 11.2 12.1 5.2 10.4
Kimi-VL-Thinking [25] 16B 33.8 35.3 33.9 38.1 8.1 12.3
Qwen3-VL-Thinking [2] 32B 43.1 44.2 37.2 41.9 8.4 10.5

J. Performance on CRIT with Reasoning Mod-
els

Table 5 summarizes the performance of VLMs special-
ized for reasoning, including Intern3-VL [31], Qwen-3-
VL-Thinking [2], GLM-4.1V-Thinking [12], and Kimi-VL-
Thinking [25]. Although reasoning-oriented models gener-
ally outperform their non-reasoning counterparts, Qwen2.5-
VLCRIT achieves the best performance across all domains,
despite having the smallest model size.

K. Performance on CRIT with Direct Answer
Table 6 reports the performance of several VLMs on the
CRIT benchmark under the direct answer setting, where
models are prompted to produce final answers without any
intermediate reasoning. Consistent with the trends observed
in the CoT setting, both Qwen2.5-VLCRIT and Idefics2CRIT
yield substantial gains over their respective baselines across
all domains.

L. Performance on CRIT by Hops
Table 7 summarizes performance by hop count over all do-
mains of CRIT. Somewhat unexpectedly, performance does
not consistently decline as the required hop count increases.
A key reason is that even when the annotated hop count is
higher, the underlying visual reasoning demanded by the
question often does not become more complex. Instead, the
additional steps typically involve textual reasoning, which
current models handle relatively well. Models are generally
strong at processing the textual components of the task, so
increases in textual reasoning depth do not substantially af-
fect accuracy. Rather, performance is more dependent on
how effectively a model can locate and extract the relevant
information within an image—such as recognizing objects,
interpreting spatial relationships, or identifying fine-grained
visual cues. Errors therefore tend to arise from visual infor-
mation retrieval failures rather than from the number of rea-
soning steps required. For future work, we plan to expand



Table 6. Results on CRIT with Direct Answer. Performance
comparison of proprietary, open-source, and fine-tuned VLMs
across natural image (NI), video frame (VF), and scientific pa-
per (SP). Models fine-tuned on CRIT are highlighted with a gray
background. Open-source models are grouped by model size for
clearer comparison. # Prm denotes the number of model parame-
ters.

NI VF SP

Model #Prm EM F1 EM F1 EM F1

Proprietary Models

GPT-4o [13] - 21.0 21.4 32.8 39.2 10.2 13.0
GPT-4o-mini [13] - 24.9 26.0 31.7 36.0 9.4 13.3

Open-Source Models

Phi3.5-Vision [1] 4B 24.1 25.4 29.5 31.8 5.5 9.5
LLaVA-Onevision [17] 7B 28.9 29.7 33.3 36.8 6.3 10.1
Qwen2.5-VL [3] 7B 27.7 28.9 35.0 38.5 11.0 14.2
Qwen2.5-VLCRIT 7B 61.0 61.8 38.8 42.6 14.4 20.8
Intern2.5-VL [6] 8B 37.3 37.9 33.9 38.4 7.3 11.0
Idefics2 [15] 8B 15.7 16.5 28.4 31.8 2.9 5.4
Idefics2CRIT 8B 54.9 55.7 34.4 36.8 15.4 21.4
Qwen2.5-VL [3] 72B 38.0 39.2 36.9 40.3 10.2 14.6

the evaluation set and conduct a more extensive analysis to
better understand the underlying factors that drive these pat-
terns.

M. Qualitative Examples of Error Analysis

We conducted a systematic error analysis of GPT-4o’s per-
formance on CRIT to investigate its limitations in cross-
modal multi-hop reasoning. By manually reviewing 75
incorrect responses, we identified four distinct error cate-
gories. Representative examples and detailed analysis of
these categories are shown in Figure 5 through 8.

N. Details of Human Verification

N.1. Guideline for Task

For each sample, raters are provided with one or more im-
ages (such as natural photographs, video frames, or figures
from research papers), along with a textual context. They
also receive a QA pair, as well as the subgraph used to
generate it. The task of the rater is to judge whether the
given QA pair constitutes a valid example of cross-modal
multi-hop reasoning. Each sample must be classified into
one of three categories:
• Keep: Valid example that should be included in the

benchmark.
• Discard: Invalid example that should not be included in

the benchmark.
• Unsure: Uncertain case that requires further review or

discussion.

N.2. Checklist for Decision-Making

To ensure consistency, the raters receive a checklist to de-
cide whether to Keep or Discard a sample.

Keep the sample if:
• The question can only be answered by integrating both

image(s) and text.
• The reasoning requires multi-hop inference (chaining

across multiple entities, edges, or modalities).
• The answer is correct, unambiguous, and consistent with

the given evidence.
• The question is natural, clear, and does not contain awk-

ward phrasing or hallucinations.
• There is only one answer and no other alternatives that fit

the evidence.

Discard the sample if:
• The question can be answered using only text or only

image(s) without cross-modal reasoning.
• The reasoning does not actually require multi-hop (i.e., a

single entity lookup is enough).
• The answer is incorrect, incomplete, or contradictory.
• The question is ill-posed (ambiguous, nonsensical, un-

grammatical, or explicitly revealing the reasoning trace).
• The question ignores information from the subgraph or

incorrectly conveys relationships.
• There are multiple valid answers or the answer is subjec-

tive.

N.3. Verification Result

12 English-proficient annotators with STEM backgrounds
participated in the verification process, and retained 41% of
the samples. Most discarded samples were not incorrect,
but were excluded because they had multiple valid answers
or were subjective, which were strictly filtered for evalua-
tion reliability. The average inter-annotator agreement on
overlapping subsets is 90.5%.

O. Qualitative Examples of CRIT Benchmark

We provide additional examples from the CRIT benchmark
in Figures 9 and 10.

P. Prompts for Data Generation

P.1. Graph Construction Prompt

We employ six types of Text Node Generation Prompts. Be-
low, we present three representative examples. In addition,
we include the Edge Generation Prompt. See Figure 15 for
an example prompt.



Table 7. Results on CRIT by Hops. Performance comparison of proprietary, open-source, and fine-tuned VLMs across natural image.
Models fine-tuned on CRIT are highlighted with a gray background. Open-source models are grouped by model size for clearer comparison.
# Prm denotes the number of model parameters.

Overall 2-hop 3-hop 4-hop 5-hop

Model # Prm EM F1 EM F1 EM F1 EM F1 EM F1

Proprietary Models

Gemini 2.0 Flash [24] - 26.0 28.8 26.2 28.6 22.2 26.3 27.9 29.7 30.5 34.3
GPT-4o [13] - 28.0 32.3 28.4 32.2 25.1 31.1 27.2 29.3 32.5 38.2
GPT-4o-mini [13] - 22.0 24.3 22.0 23.4 19.5 24.6 22.1 24.1 27.8 30.0

Open-Source Models

Phi3.5-Vision [1] 4B 17.7 19.7 19.2 20.9 14.6 16.8 15.4 18.2 16.6 19.4
LLaVA-Onevision [17] 7B 25.8 28.0 25.9 27.7 23.3 27.2 25.0 26.6 31.1 32.8
Qwen2.5-VL [3] 7B 22.2 24.1 22.2 23.6 21.0 24.6 19.1 20.3 27.2 29.2
Qwen2.5-VLCRIT 7B 43.9 46.7 46.9 49.6 35.0 38.5 39.0 42.3 49.0 51.1
Intern2.5-VL [6] 8B 22.4 25.1 22.2 24.5 20.1 25.0 21.3 22.8 29.8 31.8
Idefics2 [15] 8B 15.2 17.3 15.0 16.6 13.4 16.0 18.4 19.6 17.9 20.6
Idefics2CRIT 8B 38.9 41.8 42.4 44.8 28.6 33.7 30.9 34.0 47.0 48.5
Qwen2.5-VL [3] 72B 29.4 31.7 28.2 30.2 25.1 29.0 31.6 33.0 44.4 45.7

P.2. Textual Context Generation Prompt
For the Textual Context Generation Prompt, we define a set
of diverse context types. These include Story/Narrative,
Newspaper Article, Comedy Sketch, Diary Entry, Poem,
Song Lyrics, Documentary Script, Blog Post, Motivational
Speech, Promotional Article, Movie Scene Description, and
Social Media Post. We randomly use one of them in each
prompt. See Figure 16 for an example prompt.

P.3. Question Answer Pair Generation Prompt
See Figure 17 for an example prompt.

P.4. CoT Response Generation Prompt
See Figure 18 for an example prompt.

P.5. Caption-to-Graph Conversion Prompt
See Figure 19 for an example prompt.

P.6. Graph Transformation for Paragraph Not Con-
taining Figure Reference Prompt

See Figure 20 for an example prompt.

P.7. Graph Transformation for Paragraph Contain-
ing Figure Reference Prompt

See Figure 21 for an example prompt.



Failure Case 1

Image Caption: The Transformer achieves better BLEU scores than previous state-of-the-art models on the English-to-
German and English-to-French newstest2014 tests at a fraction of the training cost.

Paragraph: The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU,
ByteNet and ConvS2S, all of which use convolutional neural networks as basic building block, computing hidden rep-
resentations in parallel for all input and output positions. In these models, the number of operations required to re-
late signals from two arbitrary input or output positions grows in the distance between positions, linearly for ConvS2S
and logarithmically for ByteNet. This makes it more difficult to learn dependencies between distant positions. In the
Transformer this is reduced to a constant number of operations, albeit at the cost of reduced effective resolution due to
averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as described in section 3.2.
Self-attention, sometimes called intra-attention is an attention mechanism relating different positions of a single sequence
in order to compute a representation of the sequence. Self-attention has been used successfully in a variety of tasks
including reading comprehension, abstractive summarization, textual entailment and learning task-independent sentence
representations. End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-aligned
recurrence and have been shown to perform well on simple-language question answering and language modeling tasks.
To the best of our knowledge, however, the Transformer is the first transduction model relying entirely on self-attention
to compute representations of its input and output without using sequence-aligned RNNs or convolution. In the following
sections, we will describe the Transformer, motivate self-attention and discuss its advantages over models such as those
previously mentioned.

Generated Question: Based on the paragraph and the caption, why might the Transformer model achieve high BLEU
scores despite having a potential limitation of reduced effective resolution due to averaging attention-weighted positions?

Generated Answer: Because the Transformer uses Multi-Head Attention, which counteracts the reduced effective reso-
lution caused by averaging attention-weighted positions.

Generated Reasoning Step: The paragraph explains that while self-attention in the Transformer leads to reduced effec-
tive resolution due to averaging, this issue is mitigated by Multi-Head Attention, as described in section 3.2. The image
confirms the Transformer’s high BLEU scores indicating strong performance. Thus, combining the paragraph’s explana-
tion of the solution (Multi-Head Attention) with the image’s evidence of high performance (high BLEU scores), we can
infer that Multi-Head Attention enables the Transformer to overcome its limitation and achieve excellent results.

Analysis: Although the question is presented as cross-modal, it already embeds the key information that should have
been inferred from the image—namely, that the Transformer achieves high BLEU scores. Because this information is
stated directly in the question itself, the reasoning no longer requires consulting the image. The remaining elements of
the question can be fully answered using only the text paragraph, which explicitly explains how Multi-Head Attention
mitigates the reduced effective resolution. As a result, the supposed cross-modal dependency collapses: the question is
answerable from a single modality because it includes information that should be derived from the image.

Figure 3. Failure Case I: Generating Cross-Modal Multi-Hop QA with Direct Prompting



Failure Case 2

Image Caption: Top-down view of 6 beige dominoes with colored dots, long side vertically, in a 3x2 grid on a black
diamond pattern plastic material. From left to right, top to bottom: light blue double 1, green double 2, light red double
3, dark red double 4, dark blue double 5, orange double 6.

Paragraph: The old game room smelled of dust and forgotten afternoons. In the dim light filtering through the cracked
blinds, a young girl named Mira knelt beside a worn wooden table, her fingers hovering over a peculiar arrangement of
dominoes. She had found them tucked inside a dusty suitcase her grandmother had left behind, along with a note. The
dominoes were arranged in a perfect rectangle, their surfaces cool and smooth, each one bearing a different color and
pattern that seemed to shift under the flickering overhead bulb. Mira traced the edge of the one labeled with two light
blue dots, whispering the number “one” as if it might awaken something. Suddenly, the room grew quiet, and the air
hummed faintly, like a tuning fork struck in another dimension. She blinked, and for a moment, the black diamond-
patterned surface beneath the dominoes seemed to ripple like water, revealing a glimpse of a bustling marketplace under
a golden sky. Before she could react, the door creaked open. Her older brother, Theo, stepped inside, brushing cobwebs
from his jacket. “You disappeared again,” he muttered, though the sharpness in his voice softened when he saw the
suitcase. Behind him stumbled Samir, their neighbor and self-proclaimed explorer, clutching a half-broken flashlight as if
it were a sacred artifact. “What did you find this time?” Samir asked, leaning over the table—only to jerk back when the
green double two pulsed faintly beneath his shadow. The air grew colder. A soft voice—distant but unmistakably their
grandmother’s—whispered, “Don’t turn them all at once.” Theo stiffened. “Did you hear that?” Mira nodded, her heart
pounding. But before she could speak, a figure appeared at the edge of the room: Aunt Liora, the family’s enigmatic
archivist, wrapped in a deep crimson scarf. No one had heard her enter. “So,” she murmured, eyes narrowing at the
glowing dominoes, “it’s beginning again.” Mira hesitated, fingertips trembling above the pieces.

Generated Question: Given that the dominoes are arranged in a 3x2 grid with their long sides vertical, and that the first
domino Mira touches is the light blue double one, what is the likely sequence of dominoes she will encounter as she
moves from left to right and top to bottom?

Generated Answer: The sequence is light blue double one, green double two, light red double three, dark red double
four, dark blue double five, orange double six.

Generated Reasoning Step: The paragraph describes Mira touching the light blue double one domino first, which
corresponds to the first domino in the grid. The image confirms a 3x2 grid with a top-to-bottom, left-to-right order: light
blue double one, green double two, light red double three, dark red double four, dark blue double five, orange double six

Analysis: The LLM was instructed to generate a three-hop question in which the first two hops rely on textual infor-
mation and only the final hop requires using the image. However, the resulting question already embeds the key textual
conclusions that should have been derived through the earlier hops—such as the rectangular arrangement, the 3×2 grid
configuration, and the orientation of the dominoes. Because this information is stated outright, the intermediate tex-
tual reasoning becomes unnecessary. The model can immediately proceed to the image-derived ordering task without
performing the intended multi-step progression. As a result, the question collapses the designed three-hop structure,
demonstrating a failure to enforce genuine cross-modal multi-hop reasoning.

Figure 4. Failure Case II: Generating Cross-Modal Multi-Hop QA with Direct Prompting



Figure 5. Illustration of Visual Perception Error Case.

Figure 6. Illustration of Evidence Localization Error Case.



Figure 7. Illustration of Textual Comprehension Error Case.



Figure 8. Illustration of Answer Generation Error Case.

Figure 9. Qualitative Example of CRIT in Video Frame Domain.



Figure 10. Qualitative Example of CRIT in Scientific Paper Domain.



VLM-as-a-Judge Prompt for Pairwise QA Evaluation
You are a VLM judge comparing TWO questionanswer (QA) pairs that share the SAME images
and the SAME textual context, designed for evaluating cross-modal multi-hop reasoning.

You are given:
- One or more images (shared by both QA pairs).
- A single shared textual context.
- QA Pair 1: a question and its answer.
- QA Pair 2: a question and its answer.

Your task:
- Compare the TWO QA pairs directly.
- Decide which QA pair is structurally better for evaluating cross-modal multi-hop reasoning.

EVALUATION CRITERIA

1. Multi-hop and modality use
- Requires combining multiple pieces of evidence.
- Images contribute essential information (not decorative).
- One modality alone is insufficient.
- Should ask about entities, objects, or attributes that can only be discovered by inspecting the image.
- Does not leak visual discoveries in the text or question.
- Does not explicitly name visual attributes the solver should discover.
- Compound questions should be avoided that bundle multiple sub-questions with loosely related reasoning paths.

2. Question structure and clarity
- Precise and unambiguous.
- Avoids revealing intermediate reasoning steps or guarantees.
- Maintains a single coherent reasoning chain.

3. Evidence sufficiency and answer validity
- All required information is present in the image(s) and text.
- The answer is correct and supported.
- No outside knowledge is required.

DECISION RULES
- Output 1 if QA Pair 1 is clearly better.
- Output 2 if QA Pair 2 is clearly better.
- Output "tie" if both are roughly equivalent.

OUTPUT FORMAT

Return EXACTLY one JSON object and nothing else:

{
"decision": 1 | 2 | "tie",
"justification": "2-4 sentences explaning why this QA pair is better or why they are equivalent, focusing on
structure, modality usage, and leakage."
}

Text Context:
{shared_context}

====================

QA PAIR 1
Question:
{q1}
Answer:
{a1}

--------------------

QA PAIR 2
Question:
{q2}
Answer:
{a2}

Figure 11. VLM-as-a-Judge Prompt for Pairwise QA Evaluation.



Text Node Generation Prompt Type 1
You are generating a fact about an object or entity that appears in an image.

Inputs you will receive:
- Object: the target entity.
- Image Caption: a one-sentence description of the whole image involving the object/entity.
- Object Caption: a short description focusing specifically on the object/entity.

Task:
Generate exactly one NEW fact about the object/entity in the category: Authorship / Creation
/ Discovery.

Rules:
- The fact must be NON-VISUAL (cannot be inferred from appearance or caption).
- The fact must be NON-COMMONSENSE (not universally true or obvious).
- Do not contradict either caption.
- Avoid mythical, fantasy, or obviously fictional names, rituals, or events.
- Names can be synthetic but should sound plausible.

Output format (JSON only):
{{
"subject": "<the given object/entity>",
"relation": "<the relation type>",
"object": "<the new entity, formatted as ’type (name)’>"
}}

Examples:
- {{"subject": "chair", "relation": "designed by", "object": "artisan (Liora Vex)"}}
- {{"subject": "compass", "relation": "invented by", "object": "engineer (Tavian Sorrell)"}}
- {{"subject": "man", "relation": "discovered", "object": "invention (Quantum Lens)"}}

Object: {object}
Image Caption: {image_caption}
Object Caption: {object_caption}

Figure 12. Text Node Generation Prompt Type 1.



Text Node Generation Prompt Type 2
You are generating a fact about an object or entity that appears in an image.

Inputs you will receive:
- Object: the target entity.
- Image Caption: a one-sentence description of the whole image involving the object/entity.
- Object Caption: a short description focusing specifically on the object/entity.

Task:
Generate exactly one NEW fact about the object/entity in the category:
Human Involvement / Institutional Association.

Rules:
- The fact must be NON-VISUAL (cannot be inferred from appearance or caption).
- The fact must be NON-COMMONSENSE (not universally true or obvious).
- Do not contradict either caption.
- Avoid mythical, fantasy, or obviously fictional names, rituals, or events.
- Names can be synthetic but should sound plausible.

Output format (JSON only):
{{
"subject": "<the given object>",
"relation": "<the relation type>",
"object": "<the new entity, formatted as ’type (name)’>"
}}

Examples:
- {{"subject: "man", "relation": "employed by", "object": "company (TechNova)"}}
- {{"subject: "boy", "relation": "friend of", "object": "person (Elias Thorn)"}}

Object: {object}
Image Caption: {image_caption}
Object Caption: {object_caption}

Figure 13. Text Node Generation Prompt Type 2.



Text Node Generation Prompt Type 3
You are generating a fact about an object or entity that appears in an image.

Inputs you will receive:
- Object: the target entity.
- Image Caption: a one-sentence description of the whole image involving the object/entity.
- Object Caption: a short description focusing specifically on the object/entity.

Task:
Generate exactly one NEW fact about the object/entity in the category:
Temporal / Historical Facts.

Rules:
- The fact must be NON-VISUAL (cannot be inferred from appearance or caption).
- The fact must be NON-COMMONSENSE (not universally true or obvious).
- Do not contradict either caption.
- Avoid mythical, fantasy, or obviously fictional names, rituals, or events.
- Names can be synthetic but should sound plausible.

For years/ages, make them synthetic but plausible (e.g., "year (2005)", "4 years").
Every object exists in the current year so the year or age should not be out of
a reasonable range.

Output format (JSON only):
{{
"subject": "<the given object>",
"relation": "<the relation type>",
"object": "<the new entity, formatted as ’type (name)’>"
}}

Examples:
- {{"subject": "car", "relation": "manufactured in", "object": "year (2005)"}}
- {{"subject": "dog", "relation": "has age", "object": "4 years"}}
- {{"subject": "spoon", "relation": "made in", "object": "year (2010)"}}

Object: {object}
Image Caption: {image_caption}
Object Caption: {object_caption}

Figure 14. Text Node Generation Prompt Type 3.



Edge Generation Prompt
You are given a list of entities in the format "type (name)".
Your task is to generate plausible synthetic relations between these entities.

### Rules:
- Each output must be a JSON object with the format:
{{

"subject": "<entity from the list>",
"relation": "<synthetic relation connecting it to another entity>",
"object": "<entity from the list>"

}}

- The ’subject’ and ’object‘’ must always come from the given list.
- Relations must be plausible. If there is no reasonable relation, the output should be
an empty list.
- Do not invent new entities outside of the given list.
- Output only a list of JSON objects (no extra text).

### Example:
Input:
["institution (Museum of Oracles)", "event (Expo 2020)", "artifact (Singing Blade)",
"concept (Eternal Silence)"]

Output:
[

{{"subject": "institution (Museum of Oracles)", "relation": "preserves",
"object": "artifact (Singing Blade)"}},

{{"subject": "concept (Eternal Silence)", "relation": "inspires",
"object": "artifact (Singing Blade)"}},

{{"subject": "event (Expo 2020)", "relation": "hosts",
"object": "institution (Museum of Oracles)"}},

{{"subject": "artifact (Singing Blade)", "relation": "represents",
"object": "concept (Eternal Silence)"}},

{{"subject": "institution (Museum of Oracles)", "relation": "exhibits",
"object": "event (Expo 2020)"}},

]

### Input:
{list_of_entities}

### Output:

Figure 15. Edge Generation Prompt.



Textual Context Generation Prompt
You are writing a {context_type}.

The following entities and relations must be included:

Entities:
[Entities list]

Relations:
[Relations list]

Detailed Guidelines:
1. Explicit Image References
- Every entity that contains "(Image N)" MUST be explicitly tied to its image number in the
text. Do this by phrases like "as seen in image N", "shown in image N", or "visible in
image N".
- Every entity that contains "(Image)" MUST be described as appearing in that image. Do this
by phrases like "as seen in the image", "shown in the image", or "visible in the image".
- Example: Instead of writing "The telephone pole is maintained by Veridian Grid Solutions",
write "The telephone pole shown in image 1 is maintained by Veridian Grid Solutions."

2. Inclusion of All Entities & Relations
- Every entity listed above MUST appear in the generated text.
- Every relation MUST be expressed clearly, connecting the subject and object naturally.
- You may rephrase the relation semantically, but the meaning must remain intact.

3. Integration into Natural Writing
- Blend the entities and relations into a flowing narrative appropriate for the chosen
context type ({context_type}).
- Avoid bullet-point style in the output; it must read like a coherent piece of writing.
- The writing should be creative but faithful to the factual structure provided.

4. No Contradictions or New Visual Details
- Do NOT invent or assign new visual attributes to entities (e.g., do not say "the pole is
red" if not given).
- You may add context, background, or imaginative framing, but it must not contradict the
given information.

5. Optional Creative Expansion
- You may enrich the text with atmosphere, tone, or style fitting the chosen context type.
- Added information must support, not override, the provided facts

Figure 16. Textual Context Generation Prompt.



Question-Answer Pair Generation Prompt
You are given a list of structured graph triples sampled from a graph. Each triple is a
JSON object with the keys "subject", "relation", and "object". Your task is to generate a
multi-step question that requires reasoning across ALL the provided triples step-by-step.
The question must not be answerable using only a subset of the triples.

Guidelines:
- The question must not mention any entities that should be inferred. All the intermediate
entities should be inferred step-by-step.
- The final answer to the question must be the last "object" entity in the last triple
- Always mention the image reference in the question if it exists
(e.g., "object in the image").
- Break the question into two sentences if it is too long or complex to keep it clear and
understandable in one sentence. The second sentence should add new context, not repeat
the same information from the first.

Generate a multi-step question and answer, and respond with ONLY a valid JSON object in the
following format:
{{
"question": "...",
"answer": "..."

}}

Triples:
[
{{"subject": "blue", "relation": "is the color of", "object": "cord (Image)"}},
{{"subject": "cord", "relation": "used during", "object": "event (Product Launch Demo)"}},
{{"subject": "event (Product Launch Demo)", "relation": "event (Product Launch Demo)

hosts utility company (Veridian Grid Solutions)", "object": "utility company (Veridian
Grid Solutions)"}},

{{"subject": "utility company (Veridian Grid Solutions)", "relation": "utility company
(Veridian Grid Solutions) maintained by telephone pole", "object": "telephone pole"}},

{{"subject": "telephone pole (Image)", "relation": "is", "object": "black"}}
]
Notes:
- The answer must be "black" because it is the last object in the last triple.
- The following entities should not be mentioned directly in the question as they
are inferred step-by-step: cord, event (Product Launch Demo), utility company (Veridian
Grid Solutions), telephone pole.
Output:
{{
"question": "What is the color of the object in the image that maintains the company that
hosts the event, where the event uses a blue object that is to the left of camera?",
"answer": "black"

}}

Triples:
[
{{"subject": "research team (Savanna Ecology Project)", "relation": "research team

(Savanna Ecology Project) studied giraffe", "object": "giraffe"}},
{{"subject": "giraffe (Image)", "relation": "is", "object": "walking"}}

]
Notes:
- The answer must be "walking" because it is the last object in the last triple.
- The following entity should not be mentioned directly in the question as it is inferred
step-by-step: giraffe.
Output:
{{
"question": "What is the entity in the image doing that is studied by the research team
known as the Savanna Ecology Project?",
"answer": "walking"

}}

Triples:
[
{triples}

]
The answer must be "{last_object}" because it is the last object in the last triple.
The following entities should not be mentioned directly in the question as they are inferred
step-by-step: {’, ’.join(intermediate_objects)}.
Output:

Figure 17. Question-Answer Pair Generation Prompt.



CoT Response Generation Prompt
You are given a question, its correct answer, and a subgraph that contains the entities and
relations supporting the QA pair.
Your task is to generate a detailed chain-of-thought reasoning output that explains step by
step how the answer follows from the question.

Requirements for the reasoning:
1. Explicitly mention the source of each piece of information:
- If the evidence comes from an image, say "from image X".
- If the evidence comes from a figure/table, say "from figure/table Y".
- If no image or figure/table is involved, assume the information is from the text context

and say "from the text context".
2. Trace through the relevant entities and relations in the subgraph in logical order.
3. End with the conclusion that matches the provided answer.
4. The reasoning should read naturally, as if another model is thinking through the problem

step by step.
5. Assume the reader is looking at the images/figures/tables and the text context to answer

the question.
6. The subgraph is only for reference. The actual reader will not see the subgraph so don’t

generate as if the reader is seeing the subgraph. Don’t say anything like "from the
subgraph", "the relation shows", or "the entity indicates".

7. Do not generate any unnecessary reasoning steps that repeat the same information which is
already mentioned in previous steps.

Question: What action is performed by individual trained at the institution in the image?
Answer: continues dancing around room
Subgraph: [
{{’subject’: ’institution (Central Academy of Contemporary Movement)’,
’object’: ’young woman’,
’relation’: ’young woman trained under institution

(Central Academy of Contemporary Movement)’}},
{{’subject’: ’young woman’,
’object’: None,
’relation’: ’dancing around room’,
’image’: ’image 3’}}]

Chain-of-thought reasoning:
The question asks what action is performed by the person trained at the institution.
From the text context, the institution is the Central Academy of Contemporary Movement,
and a young woman trained there.
From image 3, I can see the woman is dancing around the room.
Therefore, the action performed is dancing around room.

Question: What method has lower time cost compared to the another method that is based on an
algorithm used to obtain the traditional CVT through iterative updates until
convergence?

Answer: time cost
Subgraph: [
{{’source_entity’: "Lloyd’s algorithm",
’target_entity’: ’CVT’,
’relationship_description’: "The traditional CVT is usually obtained by Lloyd’s algorithm,
iteratively performing updates after each assignment step until convergence is reached."}},

{{’source_entity’: ’SLIC’,
’target_entity’: "Lloyd’s algorithm",
’relationship_description’: "SLIC generates superpixels based on Lloyd’s algorithm"}},

{{’source_entity’: ’SLIC’,
’target_entity’: ’FLIC’,
’relationship_description’: ’FLIC’s time cost is lower than SLIC’s time cost’,
’figure’: ’Figure 4’}}]

Chain-of-thought reasoning:
The question asks about what method has lower time cost compared to another method based on
an algorithm for computing the traditional CVT.
From the text context, the traditional CVT is obtained by Lloyd’s algorithm, which
iteratively updates until convergence.
From the text context, the method SLIC is based on Lloyd’s algorithm.
From Figure 4, it is shown that FLIC’s time cost is lower than SLIC’s time cost.
Therefore, the method with lower time cost is FLIC.

Question: {question}
Answer: {answer}
Subgraph: {subgraph}
Chain-of-thought reasoning:

Figure 18. CoT Response Generation Prompt.



Video Caption to Graph Conversion Prompt
You will be given a list of captions (one per scene, in order).
Each caption is paired with a time range.

Your job is to produce BOTH a global entity inventory and per-scene graphs, in two separate
sections.

REQUIREMENTS:

1. Entities section:
- Deduplicate entities across all captions into a single global inventory.
- Assign IDs as stringified integers ("1","2","3").
- Always include "attributes": [].
- Attributes = static/descriptive properties (e.g., "red", "wooden", "wearing hat").
- Do not include transient states (e.g., "sitting", "throwing") here.
- If multiple similar entities are indistinguishable -> group them (e.g., "two dogs").
- If entities are clearly distinct -> create differentiated forms (e.g., "bag_1", "bag_2").
- Do not include interactions with other entities here.
- IMPORTANT: If two entity mentions occur in overlapping or adjacent time ranges, they are
considered coreference *candidates*.

- Merge them into the same global entity only if the semantics clearly indicate they are
the same entity
- (e.g., "former president" at 3s-10s and "man gives a speech" at 5s-12s).

2. Scenes section:
- Each caption corresponds to a scene labeled "Scene N" with its time range (use the given
order, even if time ranges overlap).
- Each scene has a key "relations".
- "relations" is a list of relation triples for that scene.
- Each relation triple must have:

- "source": source entity ID
- "target": target entity ID OR null (if no second entity is involved)
- "relation": a **brief phrase** (not a full sentence) that concisely describes the
action or interaction
(e.g., "dog chases cat", "man hands bag to woman", "gives a speech").

- A relation exists if:
- At least two distinct entities interact, OR
- A single entity performs an action (then target = null).

- If no valid relations exist for a scene, output "relations": [].

3. General:
- Separate the "entities" section from the "scenes" section.
- Keep relations directional and minimal; avoid redundant inverses.
- Do not invent entities not grounded in captions.

OUTPUT FORMAT:

{{
"entities": [

{{"id":"1","entity":"ENTITY NAME","attributes":[]}}
],
"scenes": [

{{
"scene":"scene_1",
"relations":[

{{"source":"1","target":"2","relation":"brief phrase describing interaction between entity 1
and entity 2"}},

{{"source":"1","target":null,"relation":"solo action"}}
]
}}

]
}}

INPUT CAPTIONS:
{annotated}

Figure 19. Video Caption to Graph Conversion Prompt.



Paragraph(without figure reference) to Graph Transformation Prompt
-Goal-
Given a scientific text and a list of scientific entities, identify ALL relations
expressed in the paragraph.

-Steps-
1. Use the paragraph text only (no figures/tables).
2. Extract any relation between entities that is explicitly stated in the text.
3. For each valid relation, output a JSON object with:

- source_entity (must come from the provided entities list)
- target_entity (must come from the provided entities list, or null if not applicable)
- relationship_description (short, factual, and grounded in the text)

4. Do NOT invent entities that are not in the input entities list.
Do NOT invent relations and do NOT use prior knowledge.

5. Output must be valid JSON as a list of relation objects (not wrapped in another key).
6. Each relation dictionary must be one line (compact JSON style).
7. Do not include any text outside the JSON.
8. If there are no relations, return an empty list: []

Output Format Example:
[
{{"source_entity": "Entity1", "target_entity": "Entity2", "relationship_description":

"Description of relation grounded in text"}},
{{"source_entity": "Entity3", "target_entity": null, "relationship_description":

"Another relation grounded in text"}}
]

######################
Entities:
{entities_json}

Referenced Paragraph:
{paragraph}

######################
Output (JSON only):

Figure 20. Paragraph(without figure reference) to Graph Transformation Prompt.



Paragraph(with figure reference) to Graph Transformation Prompt
-Goal-
Given a scientific text (with one or more figure/table captions and references)
and a list of scientific entities, identify ONLY the relations that are
explicitly supported by the figures/tables.

-Steps-
1. Use both the paragraph text and the provided figures/tables.
2. Extract a relation ONLY IF it is directly grounded in the figure or table:
- Numerical results or metrics reported in the figure/table. Include numerical values if
available.
- Explicit comparisons shown in the figure/table (e.g., "X outperformed Y").
- Visual descriptors of figure elements (e.g., "yellow line corresponds to Model A").

3. Ignore the following completely:
- Interpretations, hypotheses, or explanations
(e.g., "improvements are due to larger size").
- Background details (methods, datasets, phases, tasks, architectures).

4. For each valid relation, output a JSON object with:
- source_entity (must come from the provided entities list)
- target_entity (must come from the provided entities list, or null if not applicable)
- relationship_description (short, factual, and grounded in the figure/table)
- figure (the figure_label where the relation is supported, never null)
- idx (list of one or more sentence indices where relation appears, e.g. [0] or [1,2])

5. Do NOT invent entities that are not in the input entities list. Do NOT invent relations
and do NOT use prior knowledge.

6. Output must be valid JSON as a list of relation objects (not wrapped in another key).
7. Each relation dictionary must be one line (compact JSON style).
8. Do not include any text outside the JSON.
9. If there are no figure/table-grounded relations, return an empty list: []

Output Format Example:
[
{{"source_entity": "Entity1", "target_entity": "Entity2", "relationship_description":

"Description of relation grounded in figure/table", "figure": "FigureX", "idx": [0]}},
{{"source_entity": "Entity3", "target_entity": null, "relationship_description":

"Another relation grounded in figure/table", "figure": "TableY", "idx": [1,2]}}
]

######################
Figures:
{figures_json}

Entities:
{entities_json}

Indexed Paragraph Sentences:
{sentences_text}

######################
Output (JSON only):

Figure 21. Paragraph(with figure reference) to Graph Transformation Prompt.



References
[1] Marah Abdin, Jyoti Aneja, Harkirat Behl, Sébastien Bubeck,
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