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Abstract
Interleaved multimodal understanding and gen-
eration—where models can interactively com-
prehend and produce images and text in arbi-
trary orders—has emerged as a key research
direction in generative Multimodal Large Lan-
guage Models(MLLMs). Such interleaved im-
age–text content plays an increasingly impor-
tant role in information dissemination. How-
ever, the compounded persuasive power of mul-
timodal narratives also raises the risk of factual
misinformation. Despite this, existing bench-
marks lack effective mechanisms to evaluate
factual consistency in interleaved image–text
content. To bridge this gap, we introduce Fact-
Verse, a benchmark dedicated to evaluating
factual consistency in interleaved image-text
generation. FactVerse comprises 3,000 human-
verified instances across four categories and 50
domains, supporting both English and Chinese.
We also establish a multi-dimensional evalua-
tion framework designed to rigorously assess
factual consistency. Experiments demonstrate
that our framework achieves high alignment
with human judgments, significantly outper-
forming existing evaluation methods. Further-
more, our analysis reveals systematic deficien-
cies in current models, offering critical insights
for future design.

1 Introduction

Driven by advances in multimodal understanding
(Liu et al., 2023; Wang et al., 2024a; Bai et al.,
2025; Chen et al., 2024c; Hurst et al., 2024) and
high-quality synthesis (Rombach et al., 2022; Esser
et al., 2024; Radford et al., 2018), the field is in-
creasingly exploring interleaved text-image gen-
eration (Wu et al., 2024a; Ge et al., 2024; Zhou
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Instruction: 
The person shown in the image appears to be 

choking and is at immediate risk of suffocation. 

How should I provide first aid? Please 

generate two images and two short 

instructions text to help me complete this.

User Input Model Output 

Text1: 
Stand behind the 

person. Place one 

foot slightly in front 

of the other for 

balance and wrap 

your arms around 

their waist<image>.

Text2:
Hug the other person 

tightly with both 

arms<image>, place 

your fists against the 

position shown in the 

picture and pull 

upwards, squeezing …

FactVerse Evaluation :Existing Benchmarks :

Image Quality: 5/5

Text-Image Coherence: 4/5

Text Quality: 5/5

Image Coherence: 5/5

Helpfulness: 5/5

“ The response is helpful and highly coherent. The generated 

images clearly illustrate the rescue steps described in the text, 

showing the correct posture and interaction. The instructions 

are well-structured and easy to follow… ”

Overall Score: 9.5 / 10

Three Dimensional Judge

FactJudge

“The rescuer‘s hands are placed on the sternum, 

violating the core mechanism of the Heimlich 

maneuver… ”

VQA

Q1: "Does the response verify if the victim can cough or 

speak before acting?"

Q2: Are the hands positioned on the abdomen, strictly 

below the ribcage?"

A:  No (Missing Step) 

A:  No (Detected: On Chest) 

Rule-based Metrics CLIPScore Entity-Recall Structural Inspection

ILF : 3/10 SAS : 0/10 TFQ : 4/10 ITS : 6/10 CC : 10/10

Overall Score: 4.6 / 10

Figure 1: Existing metrics fail to detect factual inconsis-
tencies. In this Heimlich maneuver example, traditional
benchmarks ignore the dangerous error, whereas Fact-
Verse correctly identifies the violation.

et al., 2024).Interleaved image-text presentation
plays a pivotal role in real-world scenarios, serving
as a fundamental vehicle for knowledge dissemina-
tion(Alayrac et al., 2022; Zhu et al., 2023). How-
ever, this format introduces a critical risk rooted in
the cognitive bias that "seeing is believing"(Sundar
et al., 2021). In high-stakes domains such as sci-
ence education, medical guidelines, or news report-
ing, visually rich yet factually erroneous content is
often significantly more misleading and persuasive
than purely textual errors(Alam et al., 2022). Yet,
the research community confronts a central interro-
gation: When these models produce seemingly pro-
fessional scientific diagrams or operational guides,
how can we guarantee both their factual veracity
and logical rigor?

Despite its critical importance, evaluating fac-
tual consistency in interleaved generation remains
an open challenge. Existing multimodal generation
benchmarks suffer from three key misalignments.
Predominant Focus on Perception over Factual-
ity. Benchmarks such as OpenLeaf(An et al., 2023)
and InterleavedBench(Liu et al., 2024a) primarily
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FactVerse

Entity

Mechanism Data

Procedural

Comparative Market Analysis

Showing the June 2025 Power Mix 

using the approximate values <img>. 

What does the widening gap between the 

rising ‘Solar’ curve and …suggest？

The widening gap between the rising 

‘Solar’ curve and the declining ‘Coal’ curve 

suggests that the EU’s green transition is 

accelerating. Based on the given data, here

is the June 2025 Power Mix illustrated in a vertical bar 

chart: <img>. This divergence indicates that renewables 

are gaining momentum due to sustained policy support and 

technological improvements, while coal is being phased out 

at an increasingly fast pace.

Scientific Data Interpretation

Please summarize the overall 

growth trajectory of radiative 

forcing based on the provided 

chart, and generate one 2023 pie 

chart showing the contribution 

breakdown of CO₂, methane, and 

other gases.

Radiative forcing 

has risen steadily 

for decades,

consistently accelerating due to……, 

reaching a new high in 2023 as the AGGI 

hit a record; Here is the detailed 2023 

breakdown chart <img>.

Historical Biography Profile

Geographical Description

Engineering System Architecture

UI Navigation Guide

Energy System Operation

Engineering Maintenance SOP

Please introduce Alfred Nobel to 

me and generate two pictures: the first 

is a portrait of Alfred Nobel, and the 

second is a schematic diagram of the 

invention of dynamite.

Alfred Nobel was a Swedish chemist, 

engineer, and prolific inventor whose work 

spanned explosives, industrial processes, and 

philanthropy… best known for creating 

dynamite and founding the Nobel Prizes. Here 

is his portrait <img> and a schematic of his 

dynamite invention <img>.

Please introduce the Brandenburg Gate and 

generate two images: one of the Gate today and one 

showing the Gate as seen through the Berlin Wall in 

1961.

The Brandenburg Gate, built in the 18th 

century, is one of Berlin’s most iconic 

landmarks, symbolizing peace, unity, and 

German history. Here is the Gate as it 

appears today <img>, and here is how it 

looked in 1961, seen through the newly 

constructed Berlin Wall <img>, reflecting a 
divided Europe.

Please complete the step-by-

step instructions for changing a 

car tire, and generate three images 

corresponding to the remaining 

steps.

3. Remove the wheel by taking off the 

remaining lug nuts and placing the wheel 

beneath the car for added safety…<img>. 

4. Locate the outer tie rod end on the 

steering knuckle…<img>.5. Trace the 

outer tie rod inward to find the inner tie 

rod…<img>.

Please explain 

how to delete a 

contact on iPhone 

using the Contacts 

App, and generate 

five screenshots 

illustrating the step-

by-step instructions.

1. Open Contacts… <img>
2. Tap a name or search… 
<img> 3. Tap Edit… <img> 
4. Scroll and tap Delete 
Contact… <img> 5. Confirm 
Delete Contact again… <img>

What is a schematic diagram of the 

global water cycle? Can you use two 

images to show the specific operating 

process and basic principles?

The diagram of the global water cycle 

illustrates how water evaporates from 

oceans under sunlight <img>, condenses 

into clouds… completing a continuous 

circulation that sustains Earth’s climate 

and ecosystems <img>.

Please explain the 

components and principles 

of a hydroelectric power 

station, and generate one 

schematic diagram 

showing its system layout.

A hydroelectric station includes a dam, 

reservoir…and transmission system <img>. 

Water stored at height flows through the 

penstock……turning

water’s potential energy 

into electricity via gravity 

and induction.

Figure 2: Overview of the FactVerse benchmark. The four corner panels illustrate the 4 major categories, which are
color-coded to align with the central sunburst chart. The chart visualizes the hierarchical distribution, branching into
24 subtasks and over 50 diverse domains (selectively visualized in the outer ring).

assess perceptual qualities like semantic relevance
and visual fluency, lacking explicit mechanisms to
verify objective truth(Liu et al., 2024b; Li et al.,
2023; Fu et al., 2025). Lack of Verifiable Ground
Truth. As many benchmarks are designed for open-
ended creative tasks (e.g., story generation) which
tolerate ambiguity and do not provide a factual
standard for rigorous verification. As illustrated in
Figure1, this deficiency leaves dangerous factual
errors undetected. Severe Evaluation Misalign-
ment. When metrics reward superficial plausibility,
models are incentivized to optimize for coherence
and aesthetic appeal, potentially at the expense of
factual accuracy(Ouyang et al., 2022; Gudibande
et al., 2023; Huang et al., 2024). This not only
masks model deficiencies but inadvertently encour-
ages the generation of misleading content(Chen
et al., 2024b; Zheng et al., 2023b)

To address the aforementioned challenges, we in-
troduce FactVerse, a benchmark dedicated to evalu-
ating factual consistency in multimodal interleaved
image-text generation. It comprises 3,000 high-
quality instances spanning four core categories.
Complementing this, we further design a syner-
gistic evaluation framework consisting of the Fac-
tJudge discriminator, semantics-anchored VQA

verification strategies, and rule-based constraints.
To validate the accuracy of our approach, we
compared our automated evaluation with human-
annotated judgments; Empirical results demon-
strate that our framework achieves strong align-
ment with human evaluators, outperforming exist-
ing evaluation methods in factual content assess-
ment. Based on FactVerse, we conduct a systematic
evaluation of 10 representative interleaved genera-
tion baselines. Experimental results reveal that ex-
isting models still exhibit substantial deficiencies in
ensuring multimodal factual consistency and cross-
modal alignment. The main contributions of this
paper are summarized as follows:
• FactVerse Benchmark. We release the Fact-

Verse, a benchmark dedicated to evaluating fac-
tual consistency in multimodal generation. As
shown in Table 1 and Figure 2, This bench-
mark comprises 3,000 human-verified, human-
verified instances spanning English and Chinese,
covering 24 fine-grained tasks and 50 real-world
application scenarios.

• Fact-Centric Evaluation Framework. We
propose a three-dimensional evaluation frame-
work that integrates a specialized discriminator-
FactJudge, semantics-anchored VQA verifica-
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Benchmark Dataset Statistics Evaluation Method Capabilities
#Sample #Topics GT Offline Judge Verifiable Factuality Acc Multilingual

OpenLeaf(An et al., 2023) 30 2 ✗ ✗ ✗ ✗ ✗

InterleavedBench(Liu et al., 2024a) 815 4 ✗ ✗ ✗ ✗ ✗

MMIE(Xia et al., 2024) 20,103 12 ✓ ✓ ✗ ✗ ✗

OpenING(Zhou et al., 2025) 5,400 23 ✓ ✓ ✗ ✗ ✗

ISG-BENCH(Chen et al., 2024a) 1,150 21 ✓ ✓ ✓ ✗ ✗

FactVerse (Ours) 3,000 24 ✓ ✓ ✓ ✓ EN+ZH

Table 1: Comparison with existing benchmarks. GT: Ground Truth. Acc: Accuracy. FactVerse (Ours) achieves
comprehensive coverage in factuality and multilingual support.

tion, and rule-based constraints. Experimen-
tal results indicate that this framework achieves
higher alignment with human judgments com-
pared to standard GPT-based evaluators.

• Comprehensive Analysis. Through extensive
experimental analysis, we conduct an evalua-
tion of current interleaved image-text generation
models, identifying specific performance limita-
tions and capability boundaries across different
factual dimensions.

2 Related Work

Interleaved Image-Text Generation. Inter-
leaved generation paradigms have primarily
evolved along three trajectories. The first approach
couples frozen LLMs with diffusion models
through feature alignment. Early efforts(Koh et al.,
2023; Zheng et al., 2023a; Gu et al., 2024) map text
embeddings to the diffusion conditioning space,
while successors like NExT-GPT(Wu et al., 2024a),
SEED-X(Ge et al., 2024) optimize projection
layers or employ multi-stage pipelines to enhance
modality conversion. The second paradigm adopts
unified autoregressive architectures. Models such
as Emu3(Wang et al., 2024b) and Show-o(Xie
et al., 2024) unify modalities without relying
on diffusion models, whereas Anole(Chern
et al., 2024) and VARGPT(Zhuang et al., 2025)
enable flexible image insertion via fine-tuning on
interleaved data. More recently, general-purpose
models like the GPT(OpenAI, 2025) and Gemini
series(Comanici et al., 2025) have integrated
multi-step planning and tool invocation to facilitate
complex multimodal content construction.

Evaluation of Interleaved Image-Text Genera-
tion. Traditional evaluations relied on unimodal
metrics(Papineni et al., 2002; Lin, 2004; Heusel
et al., 2017; Salimans et al., 2016) or alignment met-
rics like CLIPScore(Hessel et al., 2021) to quantify
image-text correlation. Recent benchmarks have
shifted towards an LLM-as-a-Judge” paradigm

for holistic assessment and use object-level prob-
ing to detect factual inconsistencies in VLM out-
puts(Mehrabi et al., 2023). OpenLEAF(An et al.,
2023) utilizes GPT-4V(Hurst et al., 2024) to as-
sess entity and style consistency, while Interleaved-
Bench(Liu et al., 2024a) evaluates perceptual fi-
delity and helpfulness via GPT-4o. To mitigate
scoring variance, OpenING(Zhou et al., 2025)
adopts Arena-style” pairwise comparisons, and
ISG(Chen et al., 2024a) incorporates scene-graph
annotations. However, these benchmarks largely
focus on perceptual quality rather than factual cor-
rectness.

3 FactVerse Bench

3.1 Task Definition

To rigorously evaluate the multi-faceted factuality
of Multimodal Large Language Models, we for-
malize the interleaved generation process. Given
an instruction I and a multimodal context C con-
sisting of interleaved text segments and images,
the model M generates an output sequence S =
{x1, x2, . . . , xN}, where each xi represents either
a textual token or a visual image. We formulate
this generation process as a mapping function F :

F : (I, C) → S (1)

Based on this formulation, we design four core
tasks rooted in Bloom’s Taxonomy (Anderson and
Krathwohl, 2001), each imposing specific con-
straints on S:
Task 1: Entity-grounded Factual Generation.
This task demands strict alignment with an authori-
tative knowledge base K. For a target entity e ∈ K,
the generated text T ⊂ S must logically entail the
ground truth facts Fe, and the visual output v ⊂ S
must accurately depict the entity’s fine-grained vi-
sual attributes A(e). This requires the generated
content to satisfy (T , v) ∼ (Fe,A(e)), ensuring
cross-modal factual adherence.
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Conceptualization

Entity Procedural Date

4 Task & 24 Topics

Mechanism

Dataset Collection
Curated & 100+ Sources

Curated Selection

Difficulty-Aware Prompt

Fact-Grounded

Multi-modal Consistency

Image-text Alignment

Quality Control

Data Annotation
Ground Truth Construction

Core Keywords

Suitable?

Experts

Yes

No
Review

VQA & Keyword

Ground

Prompt

QA pair

“The image shows an AED device. 

Please tell me the next three steps 

on how to use this AED to provide 
first aid to the patient.”

Evaluation Module

FactJudge Image Factual Consistency 

Rule Judgment

CLIP Score

Entity-Recall

Structural Inspection

VQA

IFC: Image Factual Consistency

TFQ: Text Factual Quality

ITS: Image-Text Synergy

CC: Command Compliance

Final Score

FactVerse Dataset Curation Pipeline

Three Dimensional Evaluation Approach

Step1: Undress the patient and attach 

two electrode pads to the right 

sternum below the clavicle and the left 

sternum outside the nipple<img>, 

respectively.

Step2: Insert the electrode pads and 

connect them to the AED<img>. Be 

careful not to touch the patient…

Step3:<img> Follow the voice 

prompts and press the flashing 

stun button.

“Let me think... I am verifying the AED pad placement 

instructions against standard medical protocols. The text 

correctly describes the key positions (below clavicle and 

outside nipple). The generated image <img1> …

SAS: Semantic Anchoring Score

Figure 3: The FactVerse framework architecture. Top: The Dataset Curation Pipeline covering collection, selection,
and annotation. Bottom: The Three-Dimensional Evaluation Approach combining FactJudge, Semantically
Anchored VQA, and Rule-based constraints.

Task 2: Mechanism-grounded System Explana-
tion. This task assesses the articulation of internal
structures and operational flows in scientific sys-
tems. We define the target mechanism as a directed
causal graph G = (V,Ecausal). The generated di-
agrams and textual logic in S must consistently
map to the functional components V and direc-
tional flows Ecausal, strictly adhering to the intrin-
sic mechanism.
Task 3: Temporal Procedural Generation. Fo-
cusing on high-stakes procedures defined by a state
sequence P = {s1, . . . , sT }, this task enforces
strict temporal monotonicity. For any generated
steps with timestamps T (si) and T (sj), if i < j,
the constraint T (si) < T (sj) must hold. Addition-
ally, the corresponding image vt must accurately
reflect the cumulative state changes ∆st at that
specific procedural step.
Task 4: Data-grounded Analysis. This task eval-
uates numerical reasoning based on input data D.
The generated analytical conclusion c ∈ S must
not contradict the mathematical trend ftrend(D)
derived from the source. Formally, we require
c ̸⊥ ftrend(D), ensuring that the visual explanation
and textual summary maintain semantic alignment
with the quantitative ground truth.

3.2 Data Collection

To construct FactVerse, we implemented a compre-
hensive curation pipeline comprising multi-source
acquisition, hybrid synthetic augmentation, and hu-
man verification (see Figure 3). These steps were
taken to guarantee the factual correctness and con-
sistency of the collected content. Comprehensive

details regarding data collection and source distri-
butions can be found in Appendix 6.
Multi-Source Acquisition. To guarantee the
benchmark’s scientific depth and reliability, we
assembled a team of 12 Master’s and Ph.D. re-
searchers in STEM disciplines who strictly adhered
to a standardized operation manual. These ex-
perts followed rigorous guidelines to ensure dif-
ficulty balance and modality constraints. We cu-
rated data from authoritative and publicly avail-
able sources tailored to four core tasks. For
Entity-grounded Generation, experts extracted
verifiable entries from established encyclopedias
(e.g., Wikipedia) and scientific repositories. For
Mechanism-grounded Explanation, content was cu-
rated from open-access academic literature and edu-
cational media to ensure rigorous causal logic. For
Procedural Generation, they utilized verified step-
by-step guides from community platforms (e.g.,
WikiHow) and official documentation. Finally, for
Data-grounded Analysis, statistical reports were
sourced from trusted international databases (e.g.,
Our World in Data, OECD) to provide an indis-
putable ground truth for quantitative reasoning.
Hybrid Strategy Augmentation. To address
data sparsity in specialized scientific domains,
we adopted a hybrid approach. For < 5%
of instances, we utilized gemini-2.5-flash-image-
preview(Comanici et al., 2025) to synthesize high-
fidelity diagrams under strict constraints. These
synthetic samples underwent an additional layer
of human review to guarantee scientific validity,
filling the gaps in long-tail error categories.
Quality Control. To ensure the absolute purity and
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safety of the collected content, we implemented a
rigorous multi-stage verification pipeline. Beyond
basic cross-checking for format consistency, we
enforced a Zero-Tolerance Ambiguity Resolution
through a "double-blind annotation + expert arbi-
tration" process. When two annotators disagree on
the image-text matching degree (i.e., Fleiss’ Kappa
< 0.6), it triggers the intervention of senior do-
main experts. If the expert review determines that
the image’s perspective or the textual expression
possesses truly irreconcilable ambiguity, the sam-
ple is directly discarded rather than retained as an
edge case, thereby guaranteeing the uniqueness
of the evaluation results. Furthermore, addressing
high-risk domains, we introduced a Safety Vetting
& Veto Mechanism in Task 3. Expert annotators
are tasked with identifying plausible but dangerous
hallucinations. If the model generates operational
steps that are explicitly contraindicated in medicine
or engineering physics, its Image Factual Correct-
ness (IFC) score is forcibly penalized to the lowest
possible value.

The final FactVerse benchmark comprises 3,000
instances (2,000 English and 1,000 Chinese) span-
ning 24 subtasks across 50 domains.

4 The FactVerse Evaluation Framework

To bridge the gap between current evaluation
paradigms and the demand for rigorous factual
consistency (Zheng et al., 2023b; Panickssery
et al., 2024), we propose the FactVerse frame-
work. Our approach integrates three synergistic
modules: a specialized fine-tuned discriminator
(FactJudge), semantics-anchored VQA strategies,
and rule-based metrics.

4.1 FactJudge: Adversarial Fact-Aware
Discriminator

To address the limitations of general-purpose mod-
els in detecting subtle visual-textual discrepancies,
we introduce FactJudge, fine-tuned on Qwen3-VL-
8B (Yang et al., 2025) for its robust visual reason-
ing capabilities.

We construct a high-quality scoring dataset com-
prising 8,000 manually verified entries, explicitly
targeting critical error patterns such as entity mis-
matches, causal chain reversals, and step inversions.
Each entry includes a detailed explanation of the
error, ensuring the reliability of the ground truth.
During fine-tuning, we formulate factuality assess-
ment as an instruction-following task enforcing a

Ground Truth
Please analyze the 

following dataset 

representing global 

annual ….

Model Response

Targeted Supplementation

Constructing negative 

samples by using 

Gemini to fill gaps in 

specific error categories.

Factuality 

Annotated Data
Eval LVLM

FactJudge

FactJudge

Scores

Human

Scores

Human Alignment Process

Data Source

Annotators Criteria

Feedback

&

Score

Factuality 

Annotated Data

Data Construction CoT-based Annotation Model Fine-tuning

Figure 4: The three-stage construction pipeline of Fact-
Judge.

“Reasoning-then-Scoring” paradigm. The model
is trained to first generate a logical rationale an-
alyzing specific discrepancies before assigning a
normalized score. This mechanism compels the
model to leverage its reasoning capabilities to iden-
tify plausible-looking but factually incorrect de-
tails, significantly improving alignment with hu-
man judgment compared to baselines. Detailed
specifications regarding the data construction and
fine-tuning process are provided in Section .4.

4.2 Semantically Anchored VQA

While TIFA(Hu et al., 2023) pioneered VQA-based
evaluation, a paradigm whose effectiveness has
been corroborated by subsequent studies(Cho et al.,
2023; Lu et al., 2023; Ghosh et al., 2023). But stan-
dard approaches often lack the precision required
for scientific verification. To address this, we ad-
vance the paradigm into a Semantically Anchored
VQA strategy. Instead of relying on open-ended vi-
sual interpretation, our approach strictly “anchors”
the evaluation in the verified Ground Truth. We
transform key factual constraints—spanning object
attributes, spatial relationships, and quantitative
data—into precise Question-Answer pairs. Dur-
ing evaluation, the VQA model functions as an
objective verifier, checking whether the generated
visual content strictly yields the standard answers
derived from the expert-curated ground truth. This
structured formulation converts subjective visual
assessments into quantifiable factual metrics, sig-
nificantly minimizing variance and enhancing eval-
uation reproducibility.

4.3 Semantic Anchoring with Rule-based
Metrics

In our evaluation system, rule-based judgments
are primarily responsible for checking quantifiable
components of the generated content. These com-
ponents do not rely on model reasoning capabilities
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nor are they subject to the subjective biases of mul-
timodal models. We use this approach to ensure
the stability of the evaluation process.
ContextEntityRecall. We extract key entities and
keywords from the gold answer and compare them
against the generated text. Entity recall reflects
whether the generated content covers important
information required by the task, thereby checking
the completeness of core entities in the text.
CLIPScore. Addressing the limitation of CLIP’s
text length (restricted to 77 tokens), we innova-
tively output only the core entity keywords of the
answer rather than the lengthy full text for image-
text matching calculations. This effectively re-
duces noise from background narration, focusing
the score on the semantic alignment between the
image and core concepts.
Structure Check. Beyond entity and image-text
consistency, we incorporated structural checks. As
the number of images is explicitly specified in each
prompt, we verify whether the model generates
the corresponding number of images as requested.
themselves are correct, we determine it as struc-
turally non-compliant. This check helps uncover
structural errors common in interleaved generation
models.

5 Experiment

5.1 Experiment Setup

Model Baselines. We selected 10 representative
baseline models and categorized them into three
groups:
(I) Unified Models: Including Anole(Chern et al.,
2024), Show-o(Xie et al., 2024), Emu3(Wang
et al., 2024b), Vila-U(Wu et al., 2024b) and
VARGPT(Zhuang et al., 2025).
(II) Composite Systems: These approaches gener-
ate outputs by connecting independent LLMs with
text-to-image models, including Qwen3-VL-30B +
SD3(Yang et al., 2025; Esser et al., 2024), GPT-4o
+ DALL·E 3(Hurst et al., 2024; Betker et al., 2023),
and Gemini + FLUX(Team et al., 2024; Black For-
est Labs, 2024).
(III) Tool-Augmented Agents: These models can in-
voke external tools . We evaluated GPT-5(OpenAI,
2025) and Gemini 2.5(Comanici et al., 2025) when
equipped with search and editing tools.
Evaluation Methodology. We adopt the following
metrics to evaluate the performance (For detailed
definitions and calculation protocols of all quanti-
tative metrics, please refer to Appendix .3):

Image Factual Consistency (IFC): Evaluates the
factual consistency of visual content with respect
to the precision of visual attributes, as assessed by
the FactJudge discriminator.
Text Factual Quality (TFQ): Measures textual ac-
curacy by aggregating semantic consistency and
key entity coverage, as quantified by a hybrid of
FactJudge assessments and Context-Entity Recall.
Semantic Anchoring Score (SAS): Assesses the ver-
ification pass rate of atomic visual facts, as deter-
mined by the Semantically Anchored VQA mod-
ule.
Image-Text Synergy (ITS): Quantifies cross-modal
coherence by combining feature-space similarity
and explicit logical consistency, as computed via
both CLIPScore and FactJudge adjudication.
Command Compliance (CC): Checks the strict
adherence to structural instructions and format-
ting constraints, as validated by deterministic rule-
based parsers.

5.2 Main Results

Table 2 reports the performance of 10 models,
we first discuss this performance hierarchy (Sec-
tion 5.2.1) before detailing specific capabilities
across the four core tasks (Section 5.2.2).

5.2.1 Overall Performance Stratification
Limitations of Unified Models. Unified Mod-
els exhibit significant disadvantages across all
factuality-sensitive metrics, with IFC scores rang-
ing only between 17.4 and 24.3, and SAS re-
maining below 30.0. This limitation likely stems
from the increased architectural complexity of
unified models, which introduces scalability and
computational bottlenecks when processing high-
dimensional cross-modal long sequences, thereby
constraining fine-grained factual alignment.
Effects of Decoupled Architectures. Composi-
tional pipeline-based composite systems demon-
strate a significant leap in Text Factual Quality,
ranging from 75.2 to 81.1, while simultaneously
achieving state-of-the-art CC. We attribute this pat-
tern to their decoupled architecture: while an LLM-
based controller ensures strong adherence to tex-
tual and structural constraints, information loss dur-
ing modality transfer prevents nuanced factual con-
straints from being faithfully preserved in the gen-
erated images, resulting in limited gains in ITS and
IFC, leading to semantic misalignment between the
text and the generated images.
Advantages of Agentic Workflows. Tool-
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Model Type Model IFC TFQ SAS ITS CC AVG

Unified Models

Anole 19.5 55.3 21.1 30.8 76.5 39.6
Emu3 24.3 60.6 25.1 32.4 85.7 44.6
Vila-U 19.6 55.1 23.9 34.7 80.3 41.7
Show-o 17.4 58.2 22.7 34.3 83.4 42.2

VARGPT 23.1 52.5 22.3 39.7 82.6 43.0

Composite Systems
Gemini + Flux 26.7 78.6 32.7 48.4 96.7 56.6

GPT-4o + DALL-E 27.2 81.1 35.6 47.5 97.5 57.8
Qwen3-VL-30B + SD3 24.4 75.2 30.2 45.5 95.4 54.1

Tool-Augmented Agents GPT-5 47.5 86.5 55.7 60.7 87.4 67.6
Gemini-2.5 45.2 87.4 52.7 58.5 90.3 66.8

Table 2: Main Results on FactVerse Benchmark. For a more intuitive comparison, we standardized all final metric
scores to a range of 0 to 100. The best performance in each category is highlighted in bold.

augmented agents achieve the best overall perfor-
mance. Notably, Gemini-2.5 achieved an IFC score
of 47.5 and a GVA of 55.7, nearly doubling the
performance of unified models. This indicates that
integrating external tools fundamentally enhances
the model’s ability to ground generation in real-
ity. Agent planners leverage tool-use capabilities to
overcome the limitations of a monolithic paradigm,
where traditional models are constrained by apply-
ing a uniform processing mode indiscriminately
across diverse tasks.

5.2.2 Fine-grained Task Analysis
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Task 4: Data-grounded Analysis
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Figure 5: Performance comparison of different model
architectures across four core tasks.

As illustrated in Figure 5, in Entity Generation
and Mechanism Explanation, agents consistently
outperform pipeline and unified models in Image

Factual Consistency. This advantage stems from
the retrieval-augmented prompt refinement capabil-
ity of agentic workflows; agents utilize web search
tools to retrieve precise visual attributes of entities
or mechanical structures prior to generation. They
then translate these retrieved facts into highly de-
tailed and explicit image generation prompts. This
tool-augmented paradigm ensures that the image
synthesis model receives factually accurate con-
ditioning signals, significantly reducing attribute
mismatches caused by knowledge ambiguity.

The benefits of the agent architecture are fur-
ther demonstrated in Temporal Procedural Gener-
ation, which demands rigorous logical planning.
In contrast to end-to-end models operating under
a single forward pass, agents introduce a "slow-
thinking" mechanism analogous to System 2 rea-
soning. Through chain-of-thought and hierarchical
planning, agents decompose complex sequences
prior to execution, thereby preserving logical con-
sistency across long-range causal chains.

In Data-grounded Analysis non-agent models
encounter significant challenges, highlighting the
inherent limitations of the probabilistic next-token
prediction paradigm in handling precise quantita-
tive data. In contrast, agents leverage a determin-
istic execution paradigm by utilizing code inter-
preters for data visualization and calculation. This
approach eliminates numerical hallucinations, en-
suring strict fidelity in data representation.

5.3 Correlation with Human Judgements

To validate the reliability of our evaluation frame-
work, we analyzed its alignment with human ex-
pert judgment using Kendall’s τ and Spearman ρ
correlation coefficients. Given that comparable
works(Liu et al., 2024a; An et al., 2023; Chen
et al., 2024a) predominantly rely on GPT-based
paradigms, we establish GPT-4o as a holistic base-
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Question
Please introduce the morphological 

features of a Fiddler Crab and 

generate an image of it.

Ground Truth
Fiddler crabs are small, semite

rrestrial crabs known for their

distinctive size difference be

tween their claws…

Model Output
Fiddler crabs are known for their 
sexually dimorphic claws…

Question
The image shows a seawater 

desalination plant. Generate a text 

description and create an 

annotated diagram.

Ground Truth
Seawater is extracted 

through an intake pipeline 

buried 15 meters under the 

seabed sediment…

Model Output
Here is the annotated diagram of the 
seawater desalination plant. The 
system consists of water intake 
pipes…

Textually accurate, 

visually flawed

Question
I am learning CPR first aid procedures. 

Please generate 3 images to guide me 

through the following steps and tell me 

some precautions at the end. Step 1, 

which I have already given: Assess the 

victim's consciousness.

Ground Truth

Model Output

The lack of 

visual 

consistency

Call for 

Help from 

those 

around 

them…

Place the 

injured 

person in 

a supine 

position

…

Begin chest 

compressions 

immediately…

The patient is placed in a supine position on the 

ground, with the head tilted back …

Question
Please perform the following analysis: 

Summarize the average labor market exit 

age; generate a bar chart comparing the 

effective exit ages of three “early” 

retirement countries with those of three 

“late” retirement countries.

Ground Truth
The average effective 
labor market exit age 
is 62 years.

Model Output

Data-Visual 

contradiction

The ‘Early’ retirement 
countries like France and 
Belgium are labeled with 
an average age of 68 …

Perception 

failure

(a) Visual Attribute Mismatch (b) Ignoring Structural Constraints

(c) Temporal Object Drift (d) The Dilemma of Perception and Generation

Generic Text 

and visual 

failure

Figure 6: Qualitative analysis of capability boundaries across four core dimensions.

line that directly assesses image–text pairs.

Evaluation Setting Kendall’s τ ↑ Spearman ρ ↑
GPT-4o (Holistic) 0.61 0.67

FactVerse 0.78 0.85
w/ GPT-4o as Judge 0.70 0.76
w/ Qwen3-VL-8B as Judge 0.64 0.71
−VQA 0.67 0.74
−Rule 0.72 0.77

Table 3: Ablation study on Evaluation Settings.

As shown in Table 3, the complete FactVerse
framework achieves the strongest correlation, out-
performing the GPT-4o (Holistic) baseline. This
substantial margin confirms that relying solely on
the generalized reasoning of LLMs is insufficient
for factual consistency in interleaved generation.
In contrast, our approach, which anchors evalua-
tion to decomposed ground truth, effectively elimi-
nates the hallucination blindness common in holis-
tic scoring.

Comparative analysis further underscores the ne-
cessity of our specialized architecture. Notably,
our fine-tuned FactJudge surpasses both the base
Qwen3-VL-8B and GPT-4o within the pipeline,
validating the critical role of domain-specific fine-
tuning. Furthermore, removing components like
Semantic Anchoring VQA or Rule Constraints
causes performance degradation, confirming that
robust evaluation demands a synergistic integra-
tion of discrimination, verification, and structural
constraints rather than relying on isolated signals.

To quantify the actual impact of each underly-
ing atomic module on the final ranking, we con-

ducted a Leave-One-Out Rank Ablation experi-
ment. As shown in Table 4, removing FactJudge
causes the most severe disruption to the ranking sys-
tem (Kendall’s τ drop of 0.36, and an average rank
shift of 4.2 positions). Simultaneously, traditional
scalar metrics (such as Entity Recall and CLIP Sim-
ilarity) and hard constraints (Structure Rule Check)
each contribute indispensable incremental value to
stabilizing the final scientific ranking.

5.4 Analysis

We conduct a qualitative analysis of representative
failures (Figure 6) to identify the root causes of
performance stratification. This reveals four sys-
tematic challenges limiting current models:
Deficiency in Cross-Modal Attribute Alignment.
As illustrated in Figure 6(a), we observe a signifi-
cant Modality Gap where valid textual knowledge
fails to guide visual synthesis. Despite correctly ar-
ticulating the Fiddler Crab’s asymmetry in the text,
the model renders a generic symmetric crab. This
disconnect indicates that current models rely on tex-
tual co-occurrence statistics rather than true physi-
cal grounding, revealing that semantic retrieval ca-
pabilities do not inherently translate to fine-grained
visual generation fidelity.
Deficiency in Spatial-Structural Comprehension.
In Figure 6(b), the model fails to respect the struc-
tural constraints of the input. Instead of a cross-
section, it generates a generic isometric view. This
behavior indicates a preference for producing safe
and generic visual representations, rather than en-
gaging in the complex spatial reasoning required
to accurately depict scientific mechanisms.
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Ablated Component Kendall’s τ vs Human ∆τ Drop Avg. Rank Shift (∆ Position)

Full FactVerse Framework (Baseline) 0.78 - -

w/o VQA Verification (SAS) 0.67 -0.11 2.2
w/o FactJudge (Only Recall+CLIP+VQA+Rule) 0.42 -0.36 4.2
w/o Entity Recall 0.69 -0.09 1.8
w/o CLIP Similarity 0.72 -0.06 1.2
w/o Structure Rule Check (CC) 0.75 -0.03 0.7

Table 4: Ablation Study of the FactVerse Framework Components.

Temporal Object Drift. As visualized in Fig-
ure 6(c), maintaining identity across multi-step
procedures remains a critical bottleneck. The per-
son’s appearance fluctuates randomly between CPR
steps, violating basic object permanence. This
demonstrates that current architectures lack effec-
tive state-tracking mechanisms, often treating each
step as an isolated generation event rather than a
coherent logical sequence.
Coupled Failures in Perception and Generation.
As visualized in Figure 6(d) exposes a double
dilemma in both perception and generation. On
the perception side, we find even the most power-
ful models encounter perception failures in data-
intensive images, misinterpreting spatial correspon-
dences. On the generation side, prediction-based
models suffer from severe numerical hallucinations,
producing charts in which visual elements contra-
dict the underlying textual or numerical data. These
coupled errors expose limitations in current models
when handling perception–generation interactions
in data-intensive scenarios.

6 Conclusion

In this paper, we introduce FactVerse, a benchmark
designed to evaluate factual consistency in inter-
leaved generation, alongside the three-dimensional
evaluation framework. We evaluate a range of ex-
isting interleaved image–text generation paradigms,
revealing their capability boundaries of factual con-
sistency. Beyond serving as a static metric, we
anticipate that FactJudge can serve as a component
in future reinforcement learning–based generation
frameworks, where it may be employed as a reward
signal to support the development of multimodal
generation models with improved factual reliabil-
ity.

Limitations

Despite the systematic design of FactVerse regard-
ing task coverage and rigor, several limitations re-
main. First, constrained by the high cost of human

verification, the current dataset of 3,000 instances
may not fully cover all specialized domains or com-
plex edge cases. Second, while the framework
prioritizes verifiable facts, its partial reliance on
fine-tuned models may limit generalization against
out-of-distribution errors or novel visual hallucina-
tions. Furthermore, this work focuses primarily on
evaluation, without directly exploring the closed-
loop integration of feedback into model training.
Future work will address dataset expansion, fine-
grained expert annotation, and the development of
self-correction or reinforcement learning mecha-
nisms based on FactVerse.
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Appendix

A. Details of FactVerse and Data Curation

.1 A.1 Statistics For Data

The FactVerse dataset comprises a total of 3,000
high-quality samples that have undergone rigorous
human verification, designed to comprehensively
evaluate the generation and reasoning capabilities
of Multimodal Large Language Models in the sci-
entific domain. To ensure the comprehensiveness
and statistical significance of the evaluation, we
distributed the data uniformly across four core task
categories (specific classifications and examples
are shown in Figure 2).

The specific statistical distribution is as follows:
each task category contains 750 independent sam-
ples, ensuring a balanced weight across different
disciplinary fields. Regarding linguistic distribu-
tion, to test the cross-lingual generalization capabil-
ities of the models, we implemented strict language
ratio controls within each category. Specifically,
each category consists of 500 English samples (ap-
proximately 66.7%) and 250 Chinese samples (ap-
proximately 33.3%).

.2 A.2 Detailed Tasks Explanation

Based on the six cognitive categories of Bloom’s
Taxonomy (Remember, Understand, Apply, Ana-
lyze, Evaluate, Create), FactVerse maps the core
dimensions of human cognition into four core eval-
uation tasks to systematically assess the cognitive
boundaries of Multimodal Large Language Models.
In the following sections, we provide a comprehen-
sive explanation and examples for each task.

Task 1: Entity-grounded Generation. Cor-
responding to the "Remember" and "Understand"
levels of Bloom’s Taxonomy, this task aims to ex-
amine the model’s precise knowledge retrieval re-
garding the objective world and its cross-modal
alignment capabilities. The model must not only
accurately invoke objective facts about specific
entities from parametric knowledge or external
tools but also translate these abstract texts into
concrete visual signals. The core lies in verify-
ing whether the model can maintain a strict corre-
spondence between visual attributes and real-world
entity features during generation, thereby avoiding
fine-grained hallucinations caused by knowledge
ambiguity.
Formal Definition: Let e ∈ K be the target entity
specified in the instruction, where K is the author-

itative knowledge base. The generated sequence
must satisfy two conditions: (1) Textual Factual-
ness: The generated text T must logically entail
the ground truth facts Fe associated with e. (2)
Visual Attribute Precision: Let A(e) be the set of
fine-grained visual attributes. The generated image
v must accurately depict these attributes. Formally:

(T , v) ∼ (Fe,A(e)) (2)

where ∼ denotes that the generated multimodal
content is factually and visually aligned with the
entity’s defined specifications.

Task 2: Mechanism-grounded Explanation.
Corresponding to the "Understand" and "Relate"
levels, this task transcends mere knowledge repro-
duction, focusing on evaluating the model’s struc-
tured causal reasoning capabilities regarding the
intrinsic mechanisms of scientific systems. The
model needs to deeply analyze the interactions be-
tween components within complex systems and
construct a logically self-consistent explanatory
system through "image-text interplay". The key
assessment criterion is whether the generated tex-
tual exposition and the physical structures or oper-
ational flows in the schematic diagrams maintain
high consistency in causal logic.
Formal Definition: We define the target mechanism
as a directed causal graph:

G = (V,Ecausal) (3)

where V represents functional components and
Ecausal denotes directional operational flows. The
generated content must reconstruct this topology,
ensuring that both diagrams and textual logic re-
main strictly consistent with the intrinsic scientific
mechanism.

Task 3: Temporal Procedural Generation.
Corresponding to the "Apply" and "Plan" levels,
this task focuses on examining the model’s tem-
poral logical planning and state tracking capabili-
ties when handling irreversible, high-stakes opera-
tions. The model must demonstrate long-horizon
planning abilities by decomposing complex tasks
into strictly linear sequences of steps and precisely
tracking the state changes of the operational object
at each stage. This requires the interleaved image-
text stream to strictly follow the causal monotonic-
ity of the physical world along the time axis, strictly
prohibiting step inversion or the omission of critical
segments.
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Model Type Model IFC TFQ GVA ITS CC AVG

Unified Models

Anole 26.0 60.0 22.0 36.0 78.0 44.4
Emu3 31.0 65.0 28.0 38.0 87.0 49.8
Vila-U 26.0 60.0 25.0 40.0 82.0 46.6
Show-o 24.0 62.0 24.0 40.0 85.0 47.0

VARGPT 30.0 58.0 24.0 45.0 84.0 48.2

Composite Systems
Gemini + Flux 33.0 82.0 40.0 54.0 97.0 61.2

GPT-4o + DALL-E 36.0 85.0 46.0 52.0 98.0 63.4
Qwen3-VL-30B + SD3 30.0 80.0 38.0 50.0 96.0 58.8

Tool-Augmented Agents GPT-5 48.0 89.0 58.0 66.8 90.0 70.4
Gemini-2.5 46.0 90.0 56.0 64.0 93.0 69.8

Table 5: Results on Task 1: Entity-grounded Generation. Best scores are bolded.

Model Type Model IFC TFQ GVA ITS CC AVG

Unified Models

Anole 13.0 48.0 10.0 26.0 74.0 34.2
Emu3 18.0 52.0 14.0 26.0 83.0 38.6
Vila-U 13.0 48.0 12.0 28.0 77.0 35.6
Show-o 11.0 50.0 11.0 28.0 80.0 36.0

VARGPT 16.0 44.0 11.0 32.0 80.0 36.6

Composite Systems
Gemini + Flux 20.0 72.0 24.0 42.0 96.0 50.8

GPT-4o + DALL-E 20.0 75.0 26.0 42.0 96.0 51.8
Qwen3-VL-30B + SD3 18.0 68.0 22.0 40.0 94.0 48.4

Tool-Augmented Agents GPT-5 28.0 83.0 40.0 52.0 85.0 57.6
Gemini-2.5 26.0 84.0 38.0 50.0 87.0 57.0

Table 6: Results on Task 2: Mechanism-grounded Explanation.

Model Type Model IFC TFQ GVA ITS CC AVG

Unified Models

Anole 29.0 58.2 24.4 46.2 80.0 47.6
Emu3 34.2 65.4 28.4 47.6 88.8 52.9
Vila-U 29.4 57.4 26.6 50.8 83.2 49.5
Show-o 25.6 60.8 25.8 51.2 86.6 50.0

VARGPT 32.4 53.0 24.2 56.8 85.4 50.4

Composite Systems
Gemini + Flux 33.8 76.4 33.8 51.6 96.8 58.5

GPT-4o + DALL-E 32.8 80.0 40.4 56.0 97.0 61.2
Qwen3-VL-30B + SD3 30.6 72.8 30.8 47.0 95.6 55.4

Tool-Augmented Agents GPT-5 34.0 85.0 48.0 55.0 88.0 62.0
Gemini-2.5 32.8 86.6 46.8 54.0 91.2 62.3

Table 7: Results on Task 3: Temporal Procedural Generation.

Model Type Model IFC TFQ GVA ITS CC AVG

Unified Models

Anole 10.0 55.0 8.0 15.0 74.0 32.4
Emu3 14.0 60.0 10.0 18.0 84.0 37.2
Vila-U 10.0 55.0 12.0 20.0 79.0 35.2
Show-o 9.0 60.0 10.0 18.0 82.0 35.8

VARGPT 14.0 55.0 10.0 25.0 81.0 37.0

Composite Systems
Gemini + Flux 20.0 84.0 33.0 46.0 97.0 56.0

GPT-4o + DALL-E 20.0 84.4 30.0 40.0 99.0 54.7
Qwen3-VL-30B + SD3 19.0 80.0 30.0 45.0 96.0 54.0

Tool-Augmented Agents GPT-5 80.0 89.0 76.8 69.0 86.6 80.3
Gemini-2.5 76.0 89.0 70.0 66.0 90.0 78.2

Table 8: Results on Task 4: Data-grounded Analysis.

Formal Definition: Let the procedure be a sequence
of states P = {s1, . . . , sT } in irreversible order.
Let T (s) denote the timestamp of segment s. The

generated sequence S must satisfy the temporal
monotonicity constraint:

∀i, j : i < j ⇒ T (si) < T (sj) (4)
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Additionally, the image vt generated at step t must
reflect the cumulative state changes ∆st.

Task 4: Data-grounded Analysis. Correspond-
ing to the "Analyze" and "Synthesize" levels, this
task comprehensively tests the model’s quanti-
tative reasoning capabilities through a complete
"Perception-Analysis-Generation" loop. First, in
the perception phase, the model must accurately
identify raw numerical values and contextual con-
text from input materials. Subsequently, it enters
the analysis phase to uncover statistical trends and
comparative relationships behind the data to estab-
lish logical conclusions. Finally, in the generation
phase, it translates analytical insights into new vi-
sual charts or reports, ensuring that the output vi-
sual elements maintain strict numerical consistency
with the underlying data to eliminate numerical
hallucinations.
Formal Definition: Let ftrend(D) be the mathemat-
ical trend derived from the source data D. The
generated conclusion c must not contradict this
trend:

c ∈ T =⇒ c ̸⊥ ftrend(D) (5)

where T denotes the logical hypothesis space. This
constraint ensures the generated conclusion seman-
tically aligns with the quantitative trend derived
from D.

.3 A.3 Details of Evaluation Metrics
Calculation

In this section, we provide the detailed calculation
protocols for the five quantitative metrics. To en-
sure comparability across all dimensions, all final
metric scores are normalized to a scale of 0 to 100.

1. Image Factual Consistency (IFC)
IFC evaluates the visual-logical alignment with sci-
entific facts using our fine-tuned FactJudge discrim-
inator. The discriminator outputs a raw consistency
score sraw ∈ [0, 10]. We normalize this score to the
standard 100-point scale:

IFC = sFactJudge(I, C)× 10 (6)

where sFactJudge represents the raw score from the
discriminator (range 0–10).

2. Text Factual Quality (TFQ)
TFQ measures textual accuracy via a weighted
hybrid of semantic scoring and entity retrieval.
Both components are rescaled to 100 and weighted

equally:

TFQ =0.5× (sFactJudge(T,C)× 20)︸ ︷︷ ︸
Semantic Score

+ 0.5× (CER(T,Egt)× 100)︸ ︷︷ ︸
Entity Recall

(7)

where Egt denotes the ground truth entities, and
CER calculates the recall rate.

3. Semantic Anchoring Score (SAS)
SAS assesses visual verification through a VQA-
based strategy. Given N anchored questions de-
rived from the prompt, the score is the percentage
of correct answers:

SAS =
1

N

N∑

i=1

⊮(VQA(I, qi) = a
(i)
gt )× 100 (8)

where ⊮(·) is the indicator function, and answers
are verified against scientific ground truth.

4. Image-Text Synergy (ITS)
ITS quantifies cross-modal coherence. It aggre-
gates the feature-space similarity (CLIPScore) and
the explicit coherence rating from FactJudge (raw
range [1, 5]). The final score is calculated as:

ITS =0.5× (CLIP(I, T )× 100)

+ 0.5× (sFactJudge(I, T )× 20)
(9)

where CLIP(I, T ) denotes the cosine similarity,
and the FactJudge score is scaled by a factor of 20
to align with the 100-point metric system.

5. Command Compliance (CC)
CC strictly evaluates adherence to structural con-
straints (e.g., format requirements, step counts).
Based on a set of M constraints, the score is the
percentage of satisfied rules:

CC =

∑M
j=1 Check(T, rj)

M
× 100 (10)

where Check is a binary function returning 1 for
compliance and 0 otherwise.

.4 A.4 Data Sources
Collection Strategy: Long-tail Distribution. To
ensure the benchmark reflects the complexity and
unpredictability of real-world information retrieval,
we adopted a “long-tail” data collection strategy.
Instead of relying heavily on a few dominant
datasets, our samples are aggregated from a highly
diverse array of distinct web domains. For many
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specialized sub-tasks, we restricted the number of
samples extracted from any single source to pre-
vent domain-specific overfitting and to maximize
the variance of visual styles and textual formats.
This approach ensures that FACTVERSE evaluates
a model’s generalizable factual reasoning capabil-
ities rather than its ability to memorize specific
website templates.

Licensing and Compliance. The majority of
image-text pairs were curated from publicly avail-
able internet resources under Creative Commons
licenses or applicable fair use guidelines for re-
search purposes. We performed a rigorous man-
ual audit to ensure no Personally Identifiable In-
formation or offensive content was included. A
small subset of visual content (< 5%), particularly
for abstract mechanism explanations where real-
world photos are scarce, was synthesized using
Gemini-2.5-flash-image-preview(Comanici et al.,
2025) and underwent strict human verification to
ensure scientific accuracy. We explicitly filter out
images with restrictive licenses where possible. If
any copyright holder requests the removal of their
content, we will provide a mechanism to remove
the corresponding images from our dataset imme-
diately.

Data Standardization. Given the heterogeneous
nature of our raw data sources, we implemented
a unified preprocessing pipeline. This process ini-
tially involved format normalization to convert di-
verse web formats into a standardized interleaved
JSON structure. Subsequently, we performed noise
removal by manually cropping images to eliminate
watermarks or irrelevant UI elements that could act
as “shortcuts” for the model. Finally, the pipeline
concluded with context refinement, where accom-
panying texts were rewritten to ensure they stand
alone as objective factual claims without relying
on external hyperlinks or missing previous context.

B. Overview of Baseline Models

B.1 Unified Autoregressive Models

This category of models tokenizes both visual and
textual inputs into a shared discrete space, utilizing
a single Transformer backbone to perform autore-
gressive “next-token prediction” for both modali-
ties. This architecture eliminates the dependency
on independent diffusion models, theoretically pro-
moting better cross-modal alignment.

• Anole(Chern et al., 2024): Anole is the
first open-source, autoregressive, and natively
trained large multimodal model. Relying on
Meta Chameleon, it facilitates image and mul-
timodal generation by fine-tuning only the out-
put head layer corresponding to image token
IDs.

• Show-o(Xie et al., 2024): Regardless of the
input data modality, Show-o performs unified
tokenization followed by formatting as an in-
put sequence. It processes text tokens autore-
gressively using causal attention and handles
image tokens via full attention within a dis-
crete denoising diffusion framework to gener-
ate the desired output.

• Emu3(Wang et al., 2024b): By tokenizing
images into discrete codes, Emu3 trains a sin-
gle Transformer from scratch on mixed mul-
timodal sequences. Without relying on CLIP
or pre-trained LLMs, it achieves high-fidelity
generation comparable to diffusion models
while maintaining the logical flow of a lan-
guage model.

• Vila-U(Wu et al., 2024b): Vila-U employs a
unified autoregressive next-token prediction
framework for both image understanding and
visual generation tasks, eliminating the need
for extra components like diffusion models.
Its success is attributed to a unified visual
tower that aligns discrete visual tokens with
text inputs during pre-training, thereby en-
hancing visual perception.

• VARGPT(Zhuang et al., 2025): VARGPT
adopts a dual prediction paradigm: it uses
standard next-token prediction for text and
visual understanding, while employing next-
scale prediction for visual generation.

B.2 Composed Systems
This category represents a loosely coupled
paradigm where state-of-the-art multimodal large
language models act as controllers responsible for
invoking independent, specialized text-to-image
models. The language model generates the primary
textual narrative; when visual content is required, it
produces specific captions or prompts to synthesize
images via the generative model.

Evaluated Combinations: We evaluated three
top-tier combinations:
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• GPT-4o + DALL-E 3(Hurst et al., 2024;
Betker et al., 2023): As a representative
of closed-source commercial models, we
adopted OpenAI’s official integration scheme.
For the inference core, GPT-4o, we specifi-
cally selected the 2024-08-06 snapshot ver-
sion to ensure experimental reproducibility
and stability in instruction following; image
generation was handled by DALL-E 3.

• Gemini 2.5 + FLUX(Comanici et al., 2025;
Black Forest Labs, 2024),: This is a high-
performance hybrid pipeline. We paired
Google’s Gemini 2.5 as the multimodal infer-
ence engine with the FLUX model. The latter
is a standout image generation model in the
current open-source community, known for its
high-fidelity detail restoration and excellent
understanding of complex prompts, compen-
sating for the deficiencies of generalist models
in specific artistic styles.

• Qwen3-VL-30B + SD3(Yang et al., 2025;
Esser et al., 2024): This is a powerful all-
open-source pipeline designed to assess the
upper limits of non-proprietary models. This
combination organically integrates the lead-
ing visual-language reasoning capabilities of
Qwen3-VL-30B with the mature performance
of Stable Diffusion 3 (SD3) in controlled
image generation, representing the advanced
level of current open-source multimodal gen-
eration.

B.3 Tool-Augmented Agent Configurations
We provide specific details on the tool availability
(Search, Python Interpreter) and permission config-
urations for the agents used:

• GPT-5(OpenAI, 2025): GPT-5 builds a
highly autonomous toolchain based on the Re-
sponse API architecture. In our experiments,
we enabled Web Search with Multi-step Rea-
soning capabilities, allowing the model to
automatically decompose complex scientific
questions to acquire in-depth information.
Simultaneously, it is equipped with a full-
function Python sandbox (Code Interpreter)
that supports processing user-uploaded data
and calling libraries such as Matplotlib for
complex chart plotting. We balanced the depth
of the model’s chain-of-thought and its self-
correction capabilities during tool invocation

by adjusting the reasoning_effort parame-
ter.

• Gemini 2.5(Comanici et al., 2025): Gemini
2.5 deeply integrates the Grounding mecha-
nism of the Google ecosystem. Its search tool
returns groundingMetadata containing pre-
cise URLs and citations, providing a critical
basis for factual tracing in FactVerse. The
model combines a lightweight Code Execu-
tion environment, explicitly interleaving code
logic and calculation results within the text
stream to enhance interpretability. Further-
more, it utilizes the auto mode of Dynamic
Routing to adaptively judge the necessity of
tool invocation based on prompt semantics,
achieving optimization of inference efficiency.

C. Human Annotation Details

To ensure the FactVerse dataset achieves a Gold
Standard in scientific factuality and multimodal
logical consistency, we implemented a rigorous
human annotation and quality control process.

C.1 Annotator Composition

Given the complex scientific concepts and chart
analysis involved in this benchmark, we assem-
bled an expert annotation team consisting of 12
researchers with relevant disciplinary backgrounds.
All annotators are Master’s or Ph.D. students in
STEM (Science, Technology, Engineering, and
Mathematics) fields, ensuring the team’s exper-
tise matches the data distribution of FactVerse, and
compensated them at an hourly rate exceeding the
local minimum wage, ensuring compliance with
fair labor standards and ethical guidelines.

C.2 Annotation Guidelines & Protocol

Data Sourcing and Prompt Engineering To
build a benchmark dataset that possesses both sci-
entific depth and evaluation breadth, we adopted an
“Expert-Guided” strategy to screen raw materials
from authoritative scientific websites and online ed-
ucational resources. Regarding prompt design, we
established strict “Difficulty Balance” and “Modal-
ity Constraints” criteria:

First, we precisely controlled the Cognitive Load
of questions at the “graduate textbook” level, prior-
itizing scientific problems that require multi-step
logical reasoning and must rely on visual aids for a
complete explanation. This effectively avoids the
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risk of models answering simple common sense
questions solely through parameter memory.

Second, we implanted Explicit Interleaved In-
structions in the prompts, forcing models to follow
the “Text-Image-Text” generation paradigm and
strictly stipulating the specific quantity of images
generated. This design aims to eliminate the possi-
bility of models evading complex visual reasoning
tasks by generating lengthy text, ensuring the tar-
geted nature of the evaluation.

Quality Control and Arbitration The annota-
tion team consists of 12 Master’s and Ph.D. stu-
dents with STEM backgrounds, all of whom passed
strict domain knowledge training before taking up
their posts. To maximize the elimination of subjec-
tive bias, we implemented a Double-Blind Overlap-
ping Annotation mechanism, where each sample
is randomly assigned to at least two experts with
different disciplinary backgrounds for independent
assessment.

To verify the reliability of annotation results, we
randomly selected 20% of the samples for overlap-
ping annotation and calculated Fleiss’ Kappa (κ)
and Krippendorff’s Alpha (α) coefficients to quan-
tify consistency. Statistical results show that the κ
values for all evaluation dimensions are distributed
between 0.72 and 0.84 (α > 0.75). For samples
with divergent annotation results, the system auto-
matically triggers an Expert Arbitration Process,
where senior researchers intervene to make the fi-
nal ruling. This process ensures that the dataset
maintains high scientific rigor and consistency even
when dealing with Corner Cases.

C.3 Data Filtering and Quality Control
To ensure the reliability and validity of the Fact-
Verse benchmark, we imposed strict length con-
straints on each instance to fit within standard con-
text windows. Instances exceeding a reasonable
sequence length were truncated or excluded. All
ground truth texts and reference images were rigor-
ously verified by human experts. We implemented
a set of exclusive protocols for filtering unqualified
data, which include:

1. Removing data with factual errors or hal-
lucinations: Ensuring the ground truth itself
is factually accurate and free from contradic-
tions.

2. Removing mismatched image-text pairs:
Discarding instances where the reference im-

ages do not align with the textual description
or the target entity.

3. Removing data involving safety concerns:
Filtering out content related to violence, of-
fensive material, and Personally Identifying
Information (PII).

4. Removing duplicated or highly similar sam-
ples: To ensure diversity across different task
categories.

5. Avoiding low-quality visual evidence: Ex-
cluding images that are blurry, watermarked,
or illegible (especially for Data-grounded
tasks).

6. Removing data that is inconsistent with log-
ical reasoning: Ensuring that the temporal
or causal logic in Mechanism-grounded and
Procedural tasks is sound.

7. Avoiding ambiguous queries: Removing in-
puts that lack sufficient context to form a
unique, objective ground truth.

We iteratively conducted the above collection
and filtering process for each task category until
the dataset volume met our target requirements.

D. Details for Fine-tuning

To construct a discriminator capable of keenly cap-
turing visual-textual factual inconsistencies, we
trained FactJudge. Unlike traditional binary clas-
sification models, FactJudge is designed to output
a continuous quantitative score to reflect the fine-
grained performance of generated content in terms
of scientific factuality and logical rigor.

D.1 Training Data Composition
We construct a high-quality scoring dataset contain-
ing 8,000 samples.

Data Sources & Negative Sample Construction
Our data is not purely synthetic but adopts a hy-
brid strategy of “real model generation + targeted
augmentation”:

• Real Model Error Mining: We collected gen-
eration results from frontier models such as
Anole (Chern et al., 2024), Show-o (Xie et al.,
2024), Emu3 (Wang et al., 2024b) on the Fact-
Verse training set. These samples naturally
contain realistic and deceptive “hallucination”
errors.
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• Targeted Supplementation: Addressing spe-
cific error types rarely produced by real
models, we utilized gemini-2.5-flash-image-
preview(Comanici et al., 2025) for targeted
generation and completion, ensuring coverage
of long-tail errors in the dataset.

• Human Annotation: All samples underwent
expert verification and are equipped with de-
tailed error explanations and quality scores.

Score Distribution To train the model to output
continuous scores, the distribution is as follows:

• Perfectly Consistent (Score 10): Accounts
for [20]%. The image-text logic matches per-
fectly.

• Minor Discrepancy (Score 5–9): Accounts for
[40]%. Contains attribute errors of non-core
entities or slight stylistic deviations.

• Severe Hallucination (Score 0–4): Accounts
for [40]%. Contains causal chain reversals,
core data tampering, or step order inversions.

D.2 Model & Hyperparameters

We select Qwen3-VL-8B as the base model. The
experiments were completed on a computing node
equipped with 4 NVIDIA A100 (80GB) GPUs, and
the entire fine-tuning process took approximately 4
hours.

Regarding training configuration, we used the
AdamW optimizer paired with a Cosine learn-
ing rate scheduling strategy, setting the maximum
learning rate to 2e−5. The model was trained for
3 epochs, with a Global Batch Size set to 128 and
a maximum sequence length of 2048 tokens. For
LoRA settings, we configured the rank (r) to 64 and
the Alpha (α) coefficient to 16. To optimize mem-
ory efficiency, all computations were performed in
BF16 precision.

D.3 Evaluator Generalization to Novel Error
Types

The generalization of FactJudge to novel error
types is indeed a critical question. While the train-
ing set covers specific error patterns, it is essential
to ensure that novel hallucination modes emerging
in future models can also be accurately detected.
We address this generalization challenge through
the following three strategies:

• Hybrid Data Curation: As detailed in Ap-
pendix D.1, we do not rely solely on the error
patterns of existing models. We employ a tar-
geted augmentation strategy to synthesize "long-
tail" and "counterfactual" error types that are
rarely generated by current models. This allows
FactJudge to be proactively exposed to a much
broader distribution of potential errors.

• Reasoning-before-Scoring: FactJudge is trained
to generate logical reasoning chains prior to as-
signing a final score. This forces the model to
rely on underlying logical consistency rather than
overfitting to specific surface-level error patterns.

• Adversarial Probing: To verify whether the
model possesses genuine verification capabili-
ties rather than relying on surface features, we
constructed an adversarial probe set comprising
50 samples based on the external ScienceQA
dataset. Specifically, we applied perturbations
to originally correct image-text pairs to generate
negative samples. We then compared the identifi-
cation accuracy of the non-fine-tuned base model
and FactJudge on this probe set.

Model Accuracy

GPT-4o 0.66
Qwen3-VL-8B (Base Model) 0.58
FactJudge (Ours) 0.72

Table 9: Performance comparison on the Adversarial
Probe Set (ScienceQA-based).

As shown in Table 9, the base model exhibits sig-
nificant vulnerability when facing such adversarial
samples, with an overall accuracy of only 58.0%,
while the accuracy utilizing FactJudge improves to
72.0%. This result demonstrates that the discrimi-
nator, after fine-tuning, does not overfit to a specific
distribution, maintaining robust verification logic
rather than distribution-specific memorization.

E. Evaluation Prompts

For the evaluation of factual aspects in image-text
generation, we observe that assessing image fac-
tual consistency, text factual quality, and image-
text synergy in isolation may introduce fragmented
judgments during annotation, which can weaken
the assessment of overall factual reliability. Such
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separated evaluations often fail to capture cross-
modal dependencies and may lead to inconsistent
or inaccurate model comparisons.

Therefore, as illustrated in the appendix, we
jointly evaluate IFC, TFQ, and ITS within a single
evaluation prompt. This unified prompt encourages
evaluators to simultaneously examine whether the
visual content aligns with objective facts, whether
the textual description is factually accurate, and
whether the image and text are mutually consistent
and supportive within the same context.

In addition, considering that different tasks vary
in their factual sources, reasoning complexity, and
cognitive demands, we design task-specific evalua-
tion prompts tailored to the characteristics of each
task. This task-aware prompt design ensures that
the evaluation criteria are precisely aligned with
the core factual requirements of each scenario.
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Prompt for evaluating Entity-grounded Generation

Role: You are a strict fact checker specializing in entity content. Verify if the Model Output captures the specific details from Ground Truth (GT) and conforms
to the real logic and truth of real-world scenarios. You must think from a fine-grained perspective, where the precision of visual attributes and the accuracy of
facts are crucial, with very low tolerance for errors.

## Input Data
• Query: User instructions covering key physical attributes, taxonomy, and historical scientific background.
• Ground Truth: {ground_truth}
• Model Output:

– Generated Text: {gen_text}
– Generated Image Description: {gen_image_desc}

## Evaluation Objectives Evaluate the output across three independent dimensions.

### 1. Image Factual Consistency (IFC) (0-10)
• Measure: Ground Truth vs. Generated Image
• Focus: Consistency between Ground Truth and generated images. For this scoring, you must start from a fine-grained perspective, examine key positions of

the image, and be very strict with scoring, with very low tolerance for errors, not pleasing the user.
• Criteria:

– Does the image accurately depict the target entity specified in the Ground Truth?
– Does the image contain key visual features described in the Ground Truth (e.g., specific color, pattern, body part, or architectural feature)?
– Is the image consistent with the scenario described in the Ground Truth?
– Are there any visual hallucinations in the image (features presented but factually inconsistent with the entity)?

• Score:
– 10: Perfect visual match with Ground Truth, features presented accurately.
– 8-9: Clearly correct, but with slight style/detail deviations.
– 6-7: Entity recognizable, but with significant anatomical deviations/individual fine-grained errors.
– 4-5: Correct category, but vague details/low matching degree.
– 2-3: Ambiguous match, entity only recognizable as a general entity of a major category or wrong category.
– 0-1: Wrong entity, generated content completely mismatched with requirements or irrelevant to Ground Truth.

### 2. Text Factual Quality (TFQ) (1-5)
• Measure: Ground Truth vs. Generated Text
• Focus: You need to score the accuracy and completeness of the model-generated text based on Ground Truth, using the real answer as full marks to score the

model output.
• Criteria:

– Does the text accurately contain all key entities provided in the Ground Truth?
– Does the text accurately reflect the basic attributes of the entity (e.g., name, type, properties)?
– Is the information effectively conveyed or accurately cited in the text response?

• Score:
– 5: All facts are accurate, comprehensive, and thoughtfully presented, with no hallucinations.
– 4: Main facts are correct, but only contain minor omissions or slight wording inconsistencies that do not affect historical accuracy.
– 3: Core facts are correct, but contain significant factual errors or hallucinations regarding specific details, e.g., correct genus but wrong species.
– 2: Contains obvious inconsistencies with Ground Truth, or multiple major hallucinations.
– 1: Completely incoherent, irrelevant to Ground Truth, or full of major errors.

### 3. Text-Image Synergy (ITS) (1-5)
• Measure: Generated Text vs. Generated Image
• Focus: Internal consistency between generated text and generated image. Whether the image and text are well combined, and whether the image and text are

contradictory or inconsistent.
• Criteria:

– Do the image descriptions match the visual features described in the generated text?
– Does the image visually support the specific details described in the text?
– Does the image clearly present the entities, features, background, or context mentioned in the text?
– Are the image and text contradictory or inconsistent?

• Score:
– 5: Perfect synchronization. Every visual detail mentioned in the text is clearly presented in the image.
– 4: Strong consistency. The image generally matches the text, visualizing most of the details described.
– 3: Basic consistency, but the image is generic and fails to visualize the specific details described in the text.
– 2: Weak or mixed match. The image contains some elements consistent with the text but lacks key details.
– 1: Noticeable inconsistency. The text and image describe completely different topics or contexts/significant contradictions between image and text.

## Output Format Strictly output JSON:

{
"IFC": { "score": <0-10>, "reasoning": "..." },
"TFQ": { "score": <1-5>, "reasoning": "..." },
"ITS": { "score": <1-5>, "reasoning": "..." }

}

Figure 7: Evaluation prompt used for Task 1: Entity-grounded Generation.
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Prompt for evaluating Mechanism-grounded Explanation

Role: You are a senior systems engineer and technical expert. Your task is to evaluate whether the generated content constitutes a correct explanation of the
mechanism or device in the image, which is consistent with Ground Truth in architecture and causality and scientifically accurate. You must determine whether
the generated content sufficiently and detailedly describes the system, components, or mechanism that the AI model must explain, with very low tolerance for
errors, not pleasing the user.

## Input Data
• Query: User instruction requesting explanation of system components or mechanisms.
• Ground Truth: {ground_truth}
• Model Output:

– Generated Text: {gen_text}
– Generated Image Description: {gen_image_desc}

## Evaluation Objectives Evaluate the output across three independent dimensions using mixed scoring scales.

### 1. Image Factual Consistency (IFC) (0-10)
• Focus: Whether the model’s drawing of the image conforms to the real mechanism.
• Criteria:

– Component Completeness: Are all key sub-components (e.g., valves, organs, gears) clearly identifiable?
– Topological Accuracy: Are components arranged in the correct spatial relationship?
– Directional Logic: Do arrows or flow indicators point in the scientifically correct direction (e.g., energy flows from source to receiver)?
– Physical Rationality: Does the image conform to basic physical laws?
– Explanation Correctness: Does the model’s explanation of the generated image conform to the real benchmark?

• Score:
– 8-10: Structure accurate, components arranged in accordance with scientific principles.
– 6-7: Overall structure correct, but one non-critical component missing or slightly misaligned in spatial arrangement.
– 4-5: Components identifiable, but with serious spatial errors (e.g., wrong logical connection ports), or ambiguous causality (e.g., impossible loops,

broken causal chains), very vague annotations for the image.
– 2-3: Logical inconsistency in the image, missing core mechanism components or causal steps, misunderstanding of image annotations.
– 0-1: Image is fictional, hallucinatory, or incomprehensible, completely unrelated to the real benchmark.

### 2. Text Factual Quality (TFQ) (1-5)
• Focus: Mechanism depth and explanation accuracy. You need to score the accuracy and completeness of the model-generated text based on Ground Truth,

using the real answer as full marks to score the model output.
• Criteria:

– Does the text describe the working principle of the mechanism ("why" and "how")?
– Is the sequence of events described in the correct temporal or causal order?
– Does the explanation contain necessary technical details?

• Score:
– 5: Complete, accurate, and logically rigorous explanation, with no hallucinations.
– 4: Main causal chain complete, no major errors, but missing some minor details.
– 3: Causal relationships generally correct, but with significant factual errors or hallucinations regarding specific component functions.
– 2: Contains obvious contradictions with Ground Truth.
– 1: Completely incoherent, irrelevant to the mechanism, or full of major errors.

### 3. Text-Image Synergy (ITS) (1-5)
• Focus: Alignment between generated text and generated image.
• Criteria:

– Label Synchronization: If the text mentions "Component X", is Component X clearly depicted in the image?
– Flow Mapping: Does the visual flow in the diagram match the narrative flow in the text?
– Contraction Check: Does the text describe a scale that contradicts the image?

• Score:
– 5: Perfect correspondence. The diagram serves as a perfect visualization of the text, with detailed complex details precisely presented.
– 4: Strong consistency. The diagram generally matches the text, with key elements clearly visible.
– 3: Basic consistency, but missing some non-critical visual details mentioned in the text.
– 2: Noticeable inconsistency. Significant contradictions between text and image (e.g., text says "A connects to B", diagram shows "A connects to C").
– 1: Severe incoherence. Text and image describe completely different systems.

## Output Format Strictly output JSON:

{
"IFC": { "score": <0-10>, "reasoning": "..." },
"TFQ": { "score": <1-5>, "reasoning": "..." },
"ITS": { "score": <1-5>, "reasoning": "..." }

}

Figure 8: Evaluation prompt used for Task 2: Mechanism-grounded Explanation.
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Prompt for evaluating Temporal Procedural Generation

Role: You are a senior procedural safety instructor and SOP expert. Your task is to evaluate the correctness, logical sequence, state consistency, and temporal
coherence of temporal procedural generation, with very low tolerance for errors, not pleasing the user.

## Input Data
• Query: User instruction requesting a step-by-step tutorial or procedure.
• Ground Truth: {ground_truth}
• Model Output:

– Generated Text: {gen_text}
– Generated Image Description: {gen_image_desc}

## Evaluation Objectives Evaluate the output across three independent dimensions using mixed scoring scales.

### 1. Image Factual Consistency (IFC) (0-10)
• Focus: Visual consistency of the generated image sequence.
• Criteria:

– State Change: Does the image accurately reflect the cumulative changes of each step? (e.g., Step 2 should show the result of Step 1).
– Target Consistency (Identity): Does the subject (person/object) maintain a consistent appearance?
– Object Sequence Consistency: Check "temporal object constancy" (e.g., you cannot carry a handbag in Step 1 and have it disappear in Step 2).
– Factual Consistency: Does the content drawn in the image conform to the facts of real operations, are there any dangerous operations?

• Score:
– 10: Perfect sequence evaluation and object consistency, images form a smooth visual tutorial.
– 8-9: Complete core steps and clear logic. Minor background/cropping changes do not affect the continuity of the procedure, no factual errors.
– 6-7: Correct operational step states, but obvious identity drift (e.g., facial changes) or minor object errors.
– 4-5: Vague state changes, difficult to clearly distinguish progress between steps, with minor factual errors.
– 2-3: Images do not form a coherent sequence or are completely irrelevant, fewer factual errors in images with low risk.
– 0-1: Severe inconsistency, images contradict the step sequence, major factual errors in images with very high risk.

### 2. Text Factual Quality (TFQ) (1-5)
• Focus: Accuracy and safety of the generated text. You need to score the accuracy and completeness of the model-generated text based on Ground Truth, using

the real answer as full marks to score the model output, with strict penalties for unsafe facts.
• Criteria:

– Are the text instructions factually correct, safe, and feasible?
– Is the step sequence consistent with Ground Truth?
– Does the text completely contain all key steps, expected states, and safety warnings?

• Score:
– 5: Steps are correct, safe, strictly in logical order, no omissions.
– 4: Complete and safe. Only missing non-critical hints.
– 3: Main steps exist, but with minor omissions or sequence deviations.
– 2: Sequence contains logical errors, or missing key safety steps.
– 1: Steps are dangerous, wrong, or irrelevant.

### 3. Text-Image Synergy (ITS) (1-5)
• Focus: Alignment between text instructions and representing images.
• Criteria:

– Does each image accurately depict the specific action described in its corresponding text step?
– Are tools, hand, or body positions correctly displayed in the image?
– Is any auxiliary information mentioned in the text clearly visible in the image?
– Does the image visually support the specific details described in the text?
– Does the image clearly present the entities, features, background, or context mentioned in the text?
– Are the image and text contradictory or inconsistent?

• Score:
– 5: Perfect correspondence. Every action is clearly visualized.
– 4: Strong consistency. The image generally matches the text, with key elements visible.
– 3: Basic consistency, but the image is generic and fails to visualize the specific details described in the text.
– 2: Significant inconsistency between image and text.
– 1: Complete incoherence. Images do not show the text content at all.

## Output Format Strictly output JSON:

{
"IFC": { "score": <0-10>, "reasoning": "..." },
"TFQ": { "score": <1-5>, "reasoning": "..." },
"ITS": { "score": <1-5>, "reasoning": "..." }

}

Figure 9: Evaluation prompt used for Task 3: Temporal Procedural Generation.
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Prompt for evaluating Data-grounded Analysis

Role: You are a senior data analyst and visualization expert. Your task is to evaluate the numerical accuracy, statistical accuracy, and faithful representation of
data in visualization of data-grounded analysis, with very low tolerance for errors, not pleasing the user.

## Input Data
• Query: User instruction requesting data analysis and visualization.
• Ground Truth: {ground_truth}
• Model Output:

– Generated Text: {gen_text}
– Generated Image Description: {gen_image_desc}

## Evaluation Objectives Evaluate the output across three independent dimensions.

### 1. Image Factual Consistency (IFC) (0-10)
• Focus: Accuracy of charts with reference data. Use the real answer as full marks to score the model output, with strict penalties for unsafe facts.
• Criteria:

– Do visual elements (bar heights, lines, pie chart slices) accurately represent the original data values provided in the Ground Truth?
– Are the chart’s scale, legend, and data labels consistent with Ground Truth?
– Does the visual data representation reflect the correct trend (percentage/density)?

• Score:
– 10: Chart accurate, legend and data labels completely correct and consistent with Ground Truth values.
– 8-9: Trend and values correct. Minor aesthetic issues (e.g., color, slight offset) do not affect data interpretation.
– 6-7: Trend correct, but specific values are visually inaccurate (e.g., bar heights slightly deviated but relatively consistent).
– 4-5: Visual presentation contradicts data (e.g., showing increase instead of decrease) or significant scaling issues.
– 2-3: Major data hallucinations (invented values or categories not present in Ground Truth).
– 0-1: Chart is incomprehensible, corrupted, or completely irrelevant.

### 2. Text Factual Quality (TFQ) (1-5)
• Focus: Analytical accuracy of the generated text.
• Criteria:

– Does the text correctly summarize data values and trends?
– Are insights logically derived based on Ground Truth?
– Do the numbers cited in the text match the original source?

• Score:
– 5: Accurate, insightful, and strictly data-based analysis. No hallucinations.
– 4: Highly consistent and correct, but contains minor deviations in non-critical data points that do not affect overall analysis.
– 3: Generally correct, but with slight misunderstandings of data or hallucinated statistics.
– 2: Major analytical errors (e.g., misinterpreting trends).
– 1: Completely wrong, irrelevant to data.

### 3. Image-Text Synergy (ITS) (1-5)
• Focus: Consistency between generated text and generated image.
• Criteria:

– Do the numbers cited in the text match the visual representation in the chart?
– Does the text explanation align with the visual trend? (e.g., text says "sales declined", chart shows declining trend)

• Score:
– 5: Perfect numerical consistency. Text and chart easily tell the same story.
– 4: Strong consistency. Well-matched, but the chart is too generic to verify specific numbers in the text.
– 3: Basic consistency, but with minor deviations (e.g., text says "increased by 25%", chart shows 27% increase).
– 2: Direction consistent, but with major numerical differences (e.g., text says "1 million", chart shows "2 million").
– 1: Complete incoherence. Text analysis completely mismatches the provided chart.

## Output Format Strictly output JSON:

{
"IFC": { "score": <0-10>, "reasoning": "..." },
"TFQ": { "score": <1-5>, "reasoning": "..." },
"ITS": { "score": <1-5>, "reasoning": "..." }

}

Figure 10: Evaluation prompt used for Task 4: Data-grounded Analysis.
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