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Figure 1: Overview of THEMIS. (1) Real-world Scenarios & Complexity, comprising over 4,000
problems across 7 representative scenarios; (2) Task Diversity & Granularity, covering 5 challenging
tasks with 16 fine-grained manipulation operations; and (3) Multi-dimensional Capability Evalua-
tion, which establishes a principled mapping from fraud tasks to five core reasoning capabilities.

ABSTRACT

We present THEMIS, a novel multi-task benchmark designed to comprehensively
evaluate Multimodal Large Language Models (MLLMs) on visual fraud reason-
ing within real-world academic scenarios. Compared to existing benchmarks,
THEMIS introduces three major advancements. (1) Real-world Scenarios &
Complexity: Our benchmark comprises over 4K questions spanning seven sce-
narios, derived from authentic retracted-paper cases and carefully curated multi-
modal synthetic data. With 73.73% complex-texture images, THEMIS bridges the
critical gap between existing benchmarks and the complexity of real-world aca-
demic fraud. (2) Task Diversity & Granularity: THEMIS systematically covers
five challenging tasks and introduces 16 fine-grained manipulation operations. On
average, each sample undergoes multiple stacked manipulation operations, with
the diversity and difficulty of these manipulations demanding a high level of vi-
sual fraud reasoning from the models. (3) Multi-dimensional Capability Evalu-
ation: We establish a mapping from fraud tasks to five core visual fraud reason-
ing capabilities, thereby enabling an evaluation that reveals the distinct strengths
and specific weaknesses of different models across these core capabilities. Ex-
periments on 11 leading MLLMs show that even the best-performing model still
falls below the passing threshold, demonstrating that our benchmark presents a
stringent test. We expect THEMIS to advance the development of MLLMs for
complex, real-world fraud detection tasks. The data and code will be updated on
url: https://anonymous.4open.science/r/themis1638.
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1 INTRODUCTION

Multimodal large language models (MLLMs) have emerged as a powerful paradigm for unifying vi-
sion and language, driving rapid progress in multimodal understanding and reasoning. Early studies
have primarily validated MLLMs on simple visual capabilities, including fundamental perceptual
skills such as object recognition, grounding, and caption generation (Plummer et al., 2017; Chen
et al., 2015). Recent research has further demonstrated that MLLMs also exhibit Advanced abilities,
extending beyond basic perception to more complex benchmarks such as comprehensive multimodal
evaluation and fine-grained capability assessment (Liu et al., 2024; Zhang et al., 2025).

Despite the demonstrated progress on Simple and Advanced visual capabilities, Expert-level vi-
sual capabilities, the ability to perform robust and comprehensive reasoning in realistic, complex
scenarios, remain insufficiently explored and rigorously validated. To probe whether MLLMs truly
possess such competence in deep visual understanding and reasoning, we adopt scientific paper fraud
as the boundary scenario for evaluation, as such forensics demand not only pixel-level anomaly per-
ception but also an understanding of the underlying scientific context and logical consistency within
the image. This setting introduces unprecedented challenges, raising the demands on intrinsic visual
reasoning depth, precision, and robustness to a level unseen in existing benchmarks.

A major bottleneck in pursuing this agenda is the absence of appropriate benchmarks. Existing
benchmarks generally fall short of meeting the demands of expert-level visual reasoning in terms
of real-world scenario complexity, fine-grained task diversity, and multi-dimensional capabil-
ity evaluation. To fill this gap, we present THEMIS, a holistic multi-task benchmark of 4,054
questions derived from authentic retracted-paper cases and simulated synthetic data, designed to
systematically evaluate the fine-grained visual fraud reasoning abilities of MLLMs. By grounding
evaluation in realistic contexts, THEMIS provides the foundation for probing expert-level capability.
Specifically, THEMIS achieves this through three core design principles:

• Real-world Scenarios & Complexity. THEMIS spans 7 representative academic scenarios (e.g.,
medical imaging, micrographs), with problems derived from authentic retracted cases and care-
fully constructed synthetic data, ensuring both realism and controllability. Importantly, 73.73% of
the images contain complex textures, which substantially increases the difficulty of manipulation
detection.

• Task Diversity & Granularity. THEMIS systematically covers five challenging fraud tasks (e.g.,
AI-Generated, Duplication) and introduces 16 fine-grained manipulation operations (e.g., resize,
color temperature modification). On average, each sample involves 2.44 stacked operations, pro-
ducing highly diverse manipulations that require robust reasoning over compounded forgeries.

• Multi-dimensional Capability Evaluation. To dissect model performance on these expert-level
tasks, THEMIS establishes a principled mapping from fraud detection tasks to five core reasoning
capabilities that characterize expert-level visual forensics. Expert Knowledge Utilization eval-
uates whether models can incorporate prior domain knowledge to contextualize manipulations.
Visual Recognition tests their ability to accurately perceive and distinguish complex visual ele-
ments. Spatial Reasoning requires understanding positional and structural relationships among
manipulated components. Region Localization focuses on precisely identifying tampered areas at
the sub-figure level. Finally, Comparative Reasoning assesses the ability to contrast multimodal
evidence, such as cross-image or text–image consistency.

We evaluate 11 leading MLLMs on THEMIS, revealing three key findings: (1) a universal limita-
tion in expert-level reasoning, with the state-of-the-art GPT-5 achieving only 56.29% overall perfor-
mance; (2) a pronounced vulnerability to compound transformations, where GPT-5’s F1-score on the
Duplication task plummets from 38% to 17% as the number of stacked manipulations increases from
one to three; and (3) imbalanced “capability profiles” across all models, exemplified by GPT-5’s
disparate performance on Visual Recognition (53.5%) versus Region Localization (24.14%). These
findings collectively underscore the challenge of our benchmark and the critical reasoning gap in
current MLLMs.
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Table 1: Comparison of THEMIS and other benchmarks. RFC: Real Fraud Case; Mani.: Manip-
ulation Operations; Mod.: Modality; I: Image; I-T: Cross Image-Text; BC: Binary Classification;
IPLoc: Image Partial Localization; TPLoc: Text Partial Localization; Mani.Id: Manipulation Iden-
tification; The numbers in the task diversity mean: 1 Splicing, 2 Copy-Move, 3 AI-Generated,
4 Duplication and 5 Image-Text Inconsistency.

Benchmark # Sample RFC Task Diversity # Mani. Mod. Question Type

Forensics-Bench 63K ✔ 1 2 3 4 5 11 I/I-T BC/IPLoc
DiffuSyn Bench 2K 4 5 1 I BC
MFC-Bench 35K 4 5 7 I BC
SHIELD 1.5K ✔ 3 1 I Mani.Id
MMFakeBench 11K 3 5 3 I/I-T IPLoc
FakeBench 54K 3 1 I IPLoc
THEMIS (ours) 6.2K ✔ 1 2 3 4 5 16 I/I-T Mani.Id/IPLoc/TPLoc

2 RELATED WORK

2.1 VISION REASONING OF MLLMS

With the emergence of MLLMs, research has shifted from basic visual perception toward exploring
their visual reasoning capabilities. For instance, BLIP-2 (Li et al., 2023) bridged visual seman-
tics and LLM reasoning, enhancing multimodal performance. Building on this, The LLaVA series
(Li et al., 2024a; Liu et al., 2023) further advanced visual reasoning through instruction tuning.
Recently, the o1 family have confirmed that the combination of visual information and Chain-of-
Thought (CoT) can also enhance this capability (OpenAI). Additionally, some models have strength-
ened visual reasoning capabilities through multimodal continual training (Team, 2024a;b). While
MLLMs have demonstrated notable progress in visual domain-specific knowledge reasoning (Yue
et al., 2024; Lu et al., 2023; Wang et al., 2024b), this is largely due to the textual information in these
tasks that can be analyzed with heavy reliance on LLMs. Existing evaluations lack the dimension
of pure visual information capabilities, leading to ambiguous capability levels of MLLMs in this
regard and hindering targeted improvements.

2.2 VISUAL FRAUD REASONING BENCHMARK

In the field of visual fraud detection, several benchmarks have been proposed. Among them, bench-
marks designed for traditional image forensics methods, such as CIMD (Zhang et al., 2024) and
GIM (Chen et al., 2025) already provide a relatively comprehensive assessment of the expert-level
capabilities required for visual fraud reasoning. However, benchmarks targeting MLLMs remain
insufficient for systematically evaluating their expert-level visual reasoning capabilities.For exam-
ple, FakeBench (Li et al., 2024b), MMFakeBench (Liu et al., 2025), and MFC-Bench (Wang et al.,
2024a) offer only limited coverage of visual fraud types. DiffuSyn Bench (Zhou & Hong, 2024)
and SHIELD (Shi et al., 2025) lack fine-grained and multidimensional evaluation. Forensics-Bench
(Wang et al., 2025) misses authentic cases and tends to simplify tasks. In contrast, we propose
THEMIS, a benchmark specifically designed for MLLMs, which achieves significant advancements
in both scenario authenticity and task diversity. THEMIS ensures that task difficulty and evaluation
dimensions are aligned with the diagnostic needs of expert-level visual fraud reasoning. Moreover,
THEMIS establishes a principled mapping from fraud tasks to five core reasoning capabilities, en-
abling fine-grained diagnosis of MLLMs’ strengths and weaknesses in expert-level visual reasoning.
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Figure 2: Statistics of THEMIS. The left pie chart shows the distribution of fraud methods, while
the right bar chart details the sample counts for each of the 16 manipulation operations.

3 BENCHMARK

3.1 OVERVIEW OF THEMIS

As illustrated in Figure 2, THEMIS has a two-level forensics structure, containing a total of 6,250
samples. The data is sourced from academic publications and retracted papers, with manual detailed
annotation and Human–AI collaborative augmentation, covering five major fraud tasks. Some tasks
are further subdivided into secondary sub-tasks to support more fine-grained vision fraud reasoning
evaluation. Based on this, we designed three types of questions, ultimately generating 4,054 high-
quality question-answer pairs.

3.2 DATASET CURATION

The dataset construction work was divided into two phases: the first phase involved the extraction
and parsing of source data, and the second phase focused on the data generation and quality control
for the five major fraud tasks.

Extraction & Parsing. As shown in Table 4 and Table 5 in Appendix A.1, we utilized two data
sources. First, experts collected 40 retracted papers from PubPeer, extracting 269 authentic panels to
form a set of real data samples. More details and metrics are provided in Appendix A.2.Furthermore,
we gathered 5,253 research papers from the PubMed Central open-access literature repository. After
a rigorous selection process, 1,470 high-quality papers were identified as data sources. From these,
a total of 5,950 high-resolution panels (defined as subgraph units with independent semantics within
complete visual units in the articles) were extracted. Additionally, 150 (figure, caption,
sentence) triplets were curated, with one triplet selected from each of 150 chosen papers. More
details are provided in Appendix A.3.1.

Fraud Data Generation.

• Splicing. We collected high-similarity subgraph (panel) pairs as the basis and creates them by
recombining the foreground and background of the subgraphs; at the same time, it adopts the
methods of bidirectional splicing and boundary fusion to ensure that the spliced images are visu-
ally consistent and coherent.

• Copy-Move. We define Copy-Move as a forgery operation that involves copying and translating
specific objects within the same panel. During this stage, the Segment Anything Model (SAM)
(Kirillov et al., 2023) is utilized to realize automatic object extraction and mask optimization, and
the copy regions are generated via an adaptive grid positioning strategy.

• AI-Generated. We constructed two types of AI-generated images: (1) Image Inference Forgery,
which uses the Flux (Labs et al., 2025) model to realize full-image generative replacement; (2)
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Figure 3: Construction Pipeline of THEMIS. The dataset is built through two phases: Phase 1:
Extraction & Parsing, where figures, captions, and related sentences are parsed from scientific
PDFs and segmented into panels; Phase 2: Fraud Generation, where diverse fraud are applied to
construct challenging tasks.

Targeted Region Editing, which is based on text prompts or mask information and employs models
such as Stable Diffusion (Esser et al., 2024), SenseNova (SenseTime, 2025) and GPT-image-1
(OpenAI, 2025a) for local editing.

• Duplication. We implement two simulation strategies: (1) Global Duplication, where geometric
transformations or parameter modifications are applied to the entire image to generate a duplicated
version; (2) Local Duplication, where a specific region of a panel is cropped, transformed, and re-
spliced into the same panel.

• Text-Image Inconsistency. We constructed 150 inconsistent text–image pairs with two manipula-
tion types, numerical and trend, by altering captions or related text so that they no longer matched
the image content.

Quality Control. The operation involves more than 16 academic review experts, supported by
GPT 4o mini. The entire quality control process took approximately 200 hours, and about 20% of
low-quality or unreasonable samples were cleaned and removed from the original synthetic data. Af-
ter this rigorous filtering, a total of 5,358 positive samples were retained, together with 623 negative
samples without fraud. More details and metrics are provided in Appendix A.3.2.

3.3 DESIGN OF EVALUATION QUESTIONS

To evaluate the comprehensive perception and attribution capabilities of MLLMs across five fraud
types, we designed three categories of comprehensive question formats. More details are provided
in Appendix A.4.

Single-Mode Forgery Identification and Localization. This question format corresponds to three
fraud tasks: Splicing, Copy-Move, and AI-Generated. The model is required to determine whether
the input panel is real, uncertain, or one of three forgery types, and, if classified as forgery, to further
provide block-based localization of the manipulated region. We evaluate classification with accuracy
(Acc) and localization with Intersection over Union (IoU).

Composite Manipulation Operations Identification. This question format corresponds to the
Duplication fraud task. Model is given a pair of panels and need to discriminate the types of manip-
ulation operations involved. Multiple selections are allowed for the options, We use set-based F1 to
evaluate the multi-select task.
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identical or near-identical regions, consistent textures/patterns, matching 
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df/2010072808_G/panel/2010072808_G_4
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Question
Identify every duplication type that appears.
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tion/duplication_pdf/duplication_global_p
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Question
 Detect whether the figure caption and related sentences are inconsistent 
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A.Numerical Inconsistent
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Caption: Tissue penetration of Humabodies 
with and without albumin ... in the maximum 
signal (p = 0.85). *, p < 0.05.

Related Sentence: Given the importance of 
tissue penetration ... lowest molecular weight 
(~30 kDa) distributed the most evenly.

Figure 4: Design of THEMIS. A principled mapping from five fraud detection tasks (AI-Generated,
Splicing, Copy-Move, Duplication, and Inconsistency) to five core reasoning capabilities (Expert
Knowledge Utilization, Visual Recognition, Spatial Reasoning, Region Localization, and Compara-
tive Reasoning). The capability distribution bars on the right of each task box illustrate the reasoning
skills involved and their relative emphasis, with the darkest color highlighting the primary capability
being evaluated.

Cross-Modal Inconsistency Identification and Localization. This question format corresponds to
the Text-Image Inconsistency forgery task. It requires the model to judge whether there are numer-
ical or trend inconsistencies based on the input image and its corresponding text. If inconsistencies
exist, the model must localize the minimum sentence unit with inconsistency in the text and pro-
vide corrected content. We evaluate from two dimensions: identification with Acc, and segment
localization with L-F1.

Real Question Statistics. The 152 issues collected and annotated from PubPeer mainly involve
three major types of forgery: Splicing, Copy-Move, and Duplication.

4 EXPERIMENTS

4.1 EXPERIMENT SETTING

Model. We evaluate 6 proprietary models ((OpenAI, 2025b; OpenAI; Comanici et al., 2025; Bai
et al., 2023; Team, 2024a;b)) and 6 open-source models ((AI@Meta, 2025; Team, 2024c; 2025; Li
et al., 2024a; Liu et al., 2023)), covering mainstream industrial progress and diverse open-weight
architectures.

Metrics. For evaluation, We further introduce a Balanced Robustness Index (BRI), which ad-
justs mean performance by penalizing large variance across tasks. More details are provided in
Appendix B.

4.2 MAIN RESULT

Table 2 presents the evaluation results across all models. Our main findings are summarized as
follows:

Overall performance remains limited. None of the models achieved BRI above the 60% threshold
in any setting. Within MLLMs, even the SoTA GPT-5 reached only 52%. Notably, the open-weight
Qwen2.5 VL-72B achieved 43%, on par with proprietary leaders, and ahead of several closed-source
models.
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Table 2: Evaluation of various models on THEMIS. We report the Identification (Id) Score and Lo-
calization (Loc) Score of five types of fraud tasks including: Splicing (SPL), Copy-Move (CM),AI-
generated (AIG), DUP (Duplication), Text-Image Inconsistency (TII). Together with Balanced Ro-
bustness Index (BRI). The best and second best are highlighted for each task.

Model

Single-Mode Forgery
Identification

(Id Score)

Single-Mode Forgery
Localization
(Loc Score)

Composite
Manipulation

Operations
Identification

(Id Score)

Cross-Modal
Inconsistency
Identification

& Localization BRI

SPL CM AIG Avg SPL CM AIG Avg DUP TII (300)
(807) (242) (897) (807) (242) (897) (2079) Id Score Loc Score

Proprietary MLLMs

GPT-5 43.51 72.73 44.26 53.50 16.67 36.41 19.33 24.14 33.32 60.67 27.44 56.16
OpenAI o4-mini-high 41.49 77.89 35.67 51.68 10.44 29.78 19.79 20.00 30.34 66.33 32.22 52.35

Qwen VL Max 30.37 87.40 35.43 51.07 40.07 48.34 35.85 41.42 23.33 56.00 15.36 49.83

Gemini 2.5 Flash 63.39 67.56 35.45 55.47 56.72 46.98 38.87 47.52 24.96 36.33 28.24 44.70

Gemini 2.5 Pro 30.60 47.46 14.90 30.99 46.65 46.60 47.20 46.82 15.63 44.66 37.30 28.80
Claude 4.5 Sonnet 29.71 75.66 30.43 45.27 14.94 44.11 20.98 26.68 15.29 35.66 25.77 26.66
Doubao Seed 1.6 Vision 20.84 61.78 27.54 36.72 31.42 26.97 29.90 29.43 45.13 37.00 30.43 33.48
Doubao Seed 1.6 Thinking 35.67 74.17 36.57 48.80 12.09 13.58 15.19 13.62 20.22 60.00 31.71 37.41

Open-source MLLMs

Qwen2.5 VL-32B 30.31 57.48 39.24 31.23 5.90 18.93 7.44 10.76 14.28 58.33 17.94 9.14
Qwen2.5 VL-72B 36.40 77.27 51.06 54.91 51.66 55.16 35.57 47.46 16.75 61.33 12.32 47.16

Llama 4 Maverick 23.37 51.24 58.19 44.27 17.97 28.50 19.71 22.06 19.01 54.00 16.08 34.78
LLaVA Interleave 7B 41.80 47.55 46.93 45.43 35.97 25.22 32.06 31.08 8.01 50.00 12.57 23.59
LLaVA NeXt 34B 32.00 84.00 34.00 50.00 50.70 45.25 34.01 43.32 10.73 41.33 4.28 18.40
Gemma3 27B 25.39 28.87 34.23 29.50 27.78 32.80 26.44 29.01 12.20 31.67 21.41 9.59
InternVL3.5 30.97 58.42 67.00 52.13 43.37 40.24 33.19 38.93 10.34 55.00 4.77 26.35
GLM4.5V 29.23 58.43 54.51 47.39 8.50 22.22 10.63 13.78 15.72 53.66 22.69 28.25

Models exhibit pronounced specialization. Most MLLMs excel in one or two tasks but fall short in
others, revealing substantial imbalance. Such specialization highlights the lack of integrated visual
fraud reasoning capabilities in current models.

Localization is markedly harder than identification. Performance consistently declines across
all MLLMs when shifting from Single-Mode Forgery Identification to localization, with GPT-5
decreasing by 55% and o4-mini-high by 61%. By contrast, Gemini 2.5 Flash exhibits only minor
declines (14%), indicating relatively stronger spatial perceptual capacity.

Limitations in fine-grained cross-modal alignment. Although they demonstrate relatively high
judgment accuracy on text–image inconsistency tasks, they struggle to ground these judgments in
specific textual spans. This limitation may stem from an overreliance on global semantic associa-
tions while lacking sufficient modeling of local cross-modal mappings.

4.3 FINE-GRAINED ANALYSIS

Table 2, Table 3, and Figure 5 present the fine-grained results from our further analysis. More details
are provided in Appendix C The key findings are as follows:

Lack of transformation sensitivity. Models perform reasonably on direct duplication but degrade
markedly under geometric transformations or appearance adjustments. They often fail to detect
duplication and cannot determine the transformation type, underscoring the limited spatial reasoning
ability of current MLLMs and their insufficient robustness to transformations.

Current models lack robustness to input perturbations. To test MLLM sensitivity, we applied
Gaussian blur, JPEG compression, and scaling. Gaussian blur caused the steepest drops across tasks,
while JPEG compression and scaling also degraded performance.

Insufficient edge perception. Models perform better on copy-move than splicing, as the former can
exploit both edge anomalies and region similarity, while the latter depends mainly on boundary cues.
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Figure 5: Impact of different factors on benchmark performance. DUP: Duplication; TII-
Id: average score of Single-Mode Forgery Identification; TII-Loc: average score of Single-Mode
Forgery Localization; SMF-Id: identification score for text–image inconsistency; SMF-Loc: local-
ization score for text–image inconsistency; GPT: GPT-5; Llama: Llama 4 Maverick.

Table 3: Performance comparison of different models
on Duplication and Forgery in real cases.

Model Duplication Forgery
F1 Acc IoU

Gemini 2.5 Flash 49.58 50.00 43.76
Gemma3 27B 42.18 23.08 16.28
GPT-5 23.22 46.15 29.40
LLaMA 4 Maverick 39.75 3.85 4.95
OpenAI o4-mini-high 36.04 38.46 23.16
Qwen2.5 VL-72B 22.39 57.69 44.00
Qwen VL Max 20.95 7.69 8.55

This reveals that current models have
basic similarity-matching ability but re-
main weak in edge sensitivity.

Synthetic fraud data exhibit a level
of deceptiveness comparable to real
fraud data. In Duplication task,
the synthetic data impose even greater
identification pressure than real data;
in Forgery task, their difficulty is sim-
ilarly on par with real data. The main
exception lies in Splicing task, where
real data remain more challenging due
to the sophisticated and subtle of splic-
ing patterns in real-world manipulations.

4.4 ERROR ANALYSIS

We conducted an error analysis on the best-performing model, GPT-5. Specifically, we sampled 20
failure cases for each of the five core tasks, resulting in a total of 100 erroneous instances. These
errors are then mapped to the five core reasoning capabilities. Notably, a single case may involve
multiple deficiencies, leading to overlapping classifications. More details are provided in Appendix
E.

• Expert Knowledge Utilization (43/100): The model often fails to leverage prior domain knowl-
edge or recognize specific manipulation patterns, resulting in a lack of contextualized reasoning.

• Visual Recognition (37/100): When confronted with high texture complexity or fine-grained ma-
nipulations, the model exhibits insufficient perceptual capacity, leading to perception-level errors.

• Spatial Reasoning (19/100): The model struggles in cases requiring spatial reasoning, failing to
correctly infer positional and geometric relationships among components.

• Region Localization (25/100): Predicted fraud regions frequently appear blurred or spatially
misaligned, reflecting unreliable fraud localization performance.
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• Comparative Reasoning (21/100): The model often overlooks subtle differences or fails to es-
tablish effective cross-modal comparisons, thereby producing erroneous conclusions.

4.5 PROMPTING STRATEGIES

We evaluate two prompting strategies in our benchmark. Chain-of-Thought (CoT) (Wei et al., 2022)
consistently enhances reasoning performance, whereas few-shot (Wang et al., 2020) provides only
limited and inconsistent benefits. More details are provided in Appendix C.2.

Few-shot prompting yields mixed effects on forensic reasoning. While it brings moderate gains
in certain tasks, such as AIGC detection and copy-move classification, performance often declines
in other cases, and overall improvements are inconsistent. We hypothesize that few-shot examples
may constrain models to imitate local patterns in the demonstrations rather than generalize, limiting
their ability to adapt to diverse manipulation types.

CoT prompting proves effective for scientific image reasoning. In our benchmark, GPT-5 (the
strongest model) and LLaMA (a weaker baseline) both benefit from CoT, showing consistent im-
provements. By enforcing stepwise analysis of visual cues and decision options, CoT enables mod-
els to move beyond surface-level correlations in academic figure reasoning. Notably, LLaMA gains
more from CoT than GPT-5, suggesting that models with weaker native reasoning abilities benefit
disproportionately from stepwise prompting.

5 CONCLUSION

In this paper, we introduced THEMIS, a novel benchmark designed to evaluate the expert-level
visual reasoning capabilities of MLLMs. By integrating real-world forgery scenarios, diverse,
fine-grained tasks, and a multi-dimensional capability evaluation within a unified framework,
THEMIS systematically probes the performance of MLLMs on complex academic multimodal
fraud detection. Our extensive evaluation of 11 leading MLLMs reveals significant limitations in
their current abilities, with even state-of-the-art systems performing poorly on compound manipula-
tions and exhibiting highly imbalanced “capability profiles” across different reasoning dimensions.
We hope this work will inspire future research into more robust and diagnostic evaluation paradigms
for MLLMs.

We hope that THEMIS will not only serve as a rigorous testbed to inspire future research into
improving the robustness of MLLMs on purely visual, fine-grained reasoning, but also encourage
the development of more diagnostic evaluation paradigms that go beyond single accuracy metrics.

The experimental results demonstrate that even state-of-the-art models struggle to meet the chal-
lenges posed by our benchmark, with performance degrading sharply when faced with compound
manipulations involving multiple tampering operations. Furthermore, our multi-dimensional evalua-
tion framework successfully profiled each model, unveiling highly imbalanced “capability profiles”
and exposing disparate performance across different visual reasoning dimensions, such as Visual
Recognition and Region Localization. These findings highlight the value of THEMIS as a bench-
mark that is both broad in scope and deep in difficulty, effectively pushing the boundaries of model
capabilities. Ultimately, our work aims to lay a solid foundation for the exploration and construction
of more powerful and trustworthy multimodal AI systems.

6 ETHICS STATEMENT

This work adheres to the ICLR Code of Ethics. In this study, no human subjects or animal ex-
perimentation was involved. All datasets used, were sourced in compliance with relevant usage
guidelines, ensuring no violation of privacy. We have taken care to avoid any biases or discrimi-
natory outcomes in our research process. No personally identifiable information was used, and no
experiments were conducted that could raise privacy or security concerns. We are committed to
maintaining transparency and integrity throughout the research process.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

7 REPRODUCIBILITY STATEMENT

We have made every effort to ensure that the results presented in this paper are reproducible. All code
and datasets have been released in an anonymous repository to facilitate replication and verification.
The experimental setup, including model configurations, hardware specifications, and all source
code, is described in detail in the paper. We have also provided a comprehensive description of
THEMIS, to assist others in reproducing our experiments. We believe these measures will enable
other researchers to reproduce our work and further advance the field.
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Table 4: Basic statistics of THEMIS.

Statistics Number

Total Number of Papers Used 1,470
Total Number of Panels 5,950

Number of Papers without Issues 775
Number of Tampered Papers 655
Number of Papers with Real Issues 40
Number of Inter-Element Panels 5,234
Average Number of Manipulations per Image 2.44
Average Number of Panels per Category 850
Average Number of Segments per Mask 5.03

Table 5: Basic statistics of Retracted Papers.

Statistics Number

Number of Retracted Papers 40
Total Number of Panels in Retracted Papers 269

Number of Splicing Samples 11
Number of Copy-Move Samples 15
Number of Direct Samples 63
Number of Scaling Samples 5
Number of Rotated Samples 21
Number of Flipped Samples 9
Number of Parameter-Modified Samples 7

A DATASET ANNOTATION AND CONSTRUCTION

A.1 DATASET STATISTICS

A.1.1 DISTRIBUTION OF SCIENTIFIC PAPERS BY SOURCE

We first collected 1,432 retracted papers from the open-source repositories Retraction Watch and
PubPeer. To ensure the scientific validity of our fraud-related dataset, multiple annotators conducted
a rigorous manual auditing pipeline. Specifically: (1) we examined retraction notices and excluded
cases unrelated to research fraud (e.g., voluntary withdrawals, journal mergers, publisher-side is-
sues); (2) we carefully inspected image-related evidence and discarded cases that only involved
minor typographical or formatting errors; and (3) we adopted a cross-review mechanism, where
each retained paper was independently verified by at least two annotators. Following this process,
as shown in Table 6, only 40 papers were ultimately confirmed to strictly match our definition of the
Fraud Task Type.

Beyond the retracted papers, we also adopted a rigorous multi-stage screening process to curate the
broader source corpus for synthetic data construction. Concretely, we (1) excluded all non-open-
access or incomplete articles, (2) filtered out papers with missing figures, low-resolution images,
or ambiguous captions, and (3) performed manual inspection by multiple annotators to retain only
those satisfying the requirements of clarity, integrity, and domain relevance. After this multi-layered
filtering, as shown in Table 6, we selected 1,430 high-quality papers from an initial pool of 5,253,
forming the foundation of our synthetic dataset.

Table 6: Overview of paper collection and screening process.

Source Initial Collection Stage 1 Stage 2 Stage 3 Final Papers
Retraction Watch,

PubPeer 1432 1026 846 132 40

PubMed 5253 3933 3294 2368 1430

A.1.2 DISTRIBUTION AND VISUALIZATION OF SEVEN SCENARIOS

In order to ensure comprehensive coverage of visual contexts in scientific papers, we categorized
all figures into seven representative scenarios: Chart, Diagram, Micrograph, Stained Micrograph,
Physical Object, Medical Imaging, and Others. The Others category further includes equations, data
tables, covers, UI screenshots, legends, and multi-panel compositions, thereby complementing the
main categories to span the full spectrum of scientific visual elements. To obtain reliable annotations,
we adopted a semi-automatic pipeline in which the multimodal large model Doubao Seed 1.6 was
employed to provide preliminary classification, followed by careful refinement and verification by
more than three human experts. As shown in Fig 6, the final distribution of annotated samples
was obtained: Chart (660), Diagram (384), Micrograph (35), Stained Micrograph (4,499), Physical
Object (87), Medical Imaging (117), and Others (199).
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Figure 6: Distribution of Seven Scenarios

A.1.3 DISTRIBUTION OF FRAUD TASK TYPES

Table 7: Distribution of Fraud Tasks and Manipulation Operations.

Scope Fraud Task Manipulation Operation Num

Intra-Element
Copy-Move Copy-Move 92

AI-Generated Image Inference Forgery 74
AI-Generated Targeted Region Editing 74

Inter-Element

Duplication

Global Brightness 184
Global Color Temperature 171
Global Contrast 185
Global Direct Reused 104
Global Flip Horizontal 289
Global Flip Vertical 315
Global Hue 190
Global Rotate 180 283
Global Saturation 203
Local Brightness 726
Local Contrast 724
Local Direct Reused 206
Local Flip Horizontal 734
Local Rotate 180 674
Local Saturation 692
Local Scaling 336
Local Flip Vertical 676

Text-Image Inconsistency Numerical 60
Trend 90
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A.2 REAL DATA CONSTRUCTION

• Data Collection We constructed our real-data subset by systematically collecting 1,432 retracted
papers from the open-source repositories Retraction Watch and PubPeer. To ensure coverage
and diversity, we first aggregated metadata (title, authors, journal, retraction reason) and then
obtained the full-text PDFs where available. Since not all retracted cases involve visual fraud,
we applied preliminary filtering to remove non-open-access articles, incomplete manuscripts, and
papers without figures. Following this process, a total of 40 high-quality papers were retained
from an initial pool of candidates, providing the source corpus for subsequent annotation and
validation.

• Dataset Annotation To precisely capture fraudulent manipulations in retracted papers, we
adopted a multi-annotator collaborative annotation protocol. Each paper was reviewed indepen-
dently by at least three annotators with expertise in biomedical image forensics and scholarly
integrity. The annotation primarily focused on panel-level issues, such as copy–move forgeries
and splicing manipulations. Annotators marked problematic regions using bounding boxes and
masks, and additionally recorded the issue type, subtype, and supporting evidence in a structured
JSON schema. To facilitate fine-grained reasoning tasks, each annotation was further linked to
metadata such as caption text, page number, and the figure–panel hierarchy.

• Quality Control and Validation Ensuring the reliability of annotations was a critical step. We
implemented a multi-stage validation pipeline: (1) cross-validation among annotators, requiring
consensus between at least two annotators for an issue to be retained; (2) expert arbitration, where
disputed cases were resolved by senior domain experts; and (3) consistency checks, including
overlap verification between bounding boxes and masks, and completeness of metadata. In ad-
dition, a random sample of 10% of the annotated papers underwent blind re-annotation, yielding
an inter-annotator agreement score above 0.87, demonstrating the robustness and reproducibility
of the dataset. Ultimately, from the 1,432 retracted papers, only 40 papers were confirmed to
strictly match our definition of the Fraud Task Type, forming a curated gold-standard subset of
real fraudulent cases.
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A.3 SYNTHETIC DATA CONSTRUCTION

A.3.1 EXTRACTION & PARSING

Figure 7: Phase 1: Extraction & Parsing. The regions highlighted with red boxes correspond to
Figures, while those highlighted with blue boxes correspond to Panels. (Green boxes are used to
verify whether the visualization is effective.)

We collected approximately 5,253 papers from the PubMed Central (PMC) open-access repository
and performed a preliminary expert screening to remove samples with irregular layouts, poor image
quality, or lacking experimental visual content, ultimately retaining 1,470 high-quality papers as the
core data source. Based on the original PDF files, we designed a systematic extraction and parsing
pipeline to construct a standardized and traceable annotation framework. As shown in Fig 7, the
entire process consists of six steps:

• Figure and Textual Content Extraction: Each PDF was parsed page by page using the fitz
library to extract high-resolution figure composites. In parallel, GPT-4o mini was employed to
assist human experts in parsing and extracting figure-related captions and associated sentences,
which were then cross-checked and corrected by at least three human annotators.

• Panel Segmentation: We customized YOLOv7 (Wang et al., 2022) with task-specific modifica-
tions, including anchor adjustments, a confidence threshold of 0.5 (balancing quality and recall),
and an overlap threshold of 0.35 (suitable for multi-panel figures). The detector was trained on our
in-house annotations to generate dedicated weights for panel-level segmentation, thereby enabling
fine-grained subdivision of figure composites.

• Coordinate Mapping: A transformation function was applied to convert figure coordinates back
into page coordinates, and all results were consistently recorded as pixel-level bounding boxes
(bounding box page pixel) to preserve semantic layout consistency.

• Ordering and Renaming: All panels were systematically ordered and renamed following a top-
to-bottom and left-to-right reading logic to ensure interpretability.

• Visualization and Verification: For each paper, visualization files with bounding-box overlays
were generated and manually inspected to validate the accuracy of segmentation and coordinate
mapping.

• Structured Archiving: All parsing outputs were consolidated into a hierarchical structure span-
ning paper{page{figure{panel, which encapsulates file paths, coordinates, identifiers,
and potential issue flags to facilitate downstream analysis.
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A.3.2 FRAUD DATA GENERATION

Splicing

• Data Generation
The splicing pipeline is designed to generate panel-level synthetic forgeries that remain visually
plausible and covert. To ensure that the manipulation strategy is both reasonable and effective,
we systematically identify panel pairs exhibiting the highest degree of visual similarity across
multiple dimensions. All candidate panels are first resized to a standard resolution of 224×224
pixels and converted to grayscale, which reduces the influence of color bias and ensures consistent
feature extraction across the dataset.
To evaluate similarity, we adopt a multi-dimensional metric that integrates three complementary
features:
(1) Histogram Correlation (40%). We compute 256-bin grayscale histograms us-
ing cv2.calcHist() and measure correlation coefficients between histograms with
cv2.compareHist(). This captures distributional similarities in pixel intensities, reflecting
color and brightness patterns across images. A weight of 0.4 is assigned to emphasize the impor-
tance of distribution-level consistency.
(2) Structural Similarity Index (SSIM, 40%). Following the simplified SSIM formulation, we
compute the mean values (µ1, µ2), variances (σ2

1 , σ
2
2), and covariance (σ12) of paired images,

incorporating stability constants c1 = 0.012 and c2 = 0.032. SSIM quantifies structural fidelity
by comparing luminance, contrast, and structural information, thereby ensuring that the internal
organization of panels is aligned. With a weight of 0.4, this component plays a dominant role in
guiding similarity assessment.
(3) Size Similarity (20%). We measure geometric compatibility by comparing the relative differ-
ences in height and width between two panels. Specifically, similarity is defined as

Ssize =
(
1− |h1 − h2|

max(h1, h2)

)
×
(
1− |w1 − w2|

max(w1, w2)

)
, (1)

where h1, h2 denote heights and w1, w2 denote widths. This component, weighted at 0.2, prevents
severe scale mismatches while retaining moderate variability.
The overall similarity score is computed as a weighted sum of the three components:

Stotal = ω1 × Shist,norm + ω2 ×max(Sssim, 0) + ω3 × Ssize, (2)

where Shist,norm = Shist+1
2 normalizes histogram correlation into [0, 1], ω1 = 0.4, ω2 = 0.4,

and ω3 = 0.2. The final score Stotal ranges between 0 and 1, with values closer to 1 indicating
higher similarity between panels.
Through exhaustive search over all possible panel pairs, the method selects those with the highest
similarity scores as candidates for splicing. This multi-dimensional assessment guarantees that
paired panels share consistent distributional, structural, and geometric properties, thereby provid-
ing a strong basis for visually convincing splicing forgeries.
For each selected pair (Panel A, Panel B), foreground objects are extracted from the source
panel using a combination of thresholding, morphological refinement, and connected-component
analysis. To ensure accurate object segmentation, we adopt the following procedure. First,
Otsu’s thresholding algorithm is applied with the cv2.threshold() function using the
cv2.THRESH BINARY + cv2.THRESH OTSU flag, which automatically determines the
optimal threshold to convert the grayscale panel into a binary mask, effectively separat-
ing foreground objects from the background. Second, morphological operations are per-
formed with a 5 × 5 kernel via the cv2.morphologyEx() function: a closing operation
(cv2.MORPH CLOSE) is applied to fill internal holes within objects, followed by an open-
ing operation (cv2.MORPH OPEN) to suppress small noise points, thereby improving segmen-
tation quality and object regularity. Third, connected-component analysis is conducted using
cv2.connectedComponentsWithStats(), which labels all contiguous regions in the bi-
nary mask and computes statistics such as area via cv2.CC STAT AREA. The region with the
maximum area is selected as the primary object to ensure completeness of the extracted fore-
ground. Finally, the resulting object mask is post-processed (hole filling and removal of minor
components), resized, and geometrically aligned to match the dimensions of the target background
panel, providing a consistent and precise object mask for subsequent splicing synthesis.
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Pixel-level composition is performed via alpha blending to ensure that the extracted foreground
object can be seamlessly integrated into the background of the target panel. Specifically, the binary
object mask is first normalized to the range [0, 1] and then used as the alpha channel for weighted
pixel-wise fusion. The blending operation follows the equation:

Isyn(x, y) = Iobj(x, y)×Mnorm(x, y) + Ibg(x, y)×
(
1−Mnorm(x, y)

)
, (3)

where Isyn(x, y) denotes the synthesized image pixel at position (x, y), Iobj(x, y) is the fore-
ground object pixel, Ibg(x, y) is the background pixel, and Mnorm(x, y) is the normalized
mask value at (x, y), computed as Mnorm(x, y) = M(x, y)/max(M). The complement
(1 − Mnorm(x, y)) represents the background mask, ensuring that the blending weights always
sum to one, thereby preventing unnatural brightness artifacts at the splice boundary.
To guarantee dimensional consistency, all images and masks are resized to the same spatial resolu-
tion using cv2.resize() with the cv2.INTER NEAREST interpolation method to preserve
the discreteness of the binary mask. The single-channel mask is expanded into a three-channel
format via np.stack() to match the RGB image representation. This process ensures that both
the object and background are aligned at the pixel level, which facilitates precise and artifact-free
composition.
To increase data diversity, two variants are synthesized for each panel pair: (1) the object from
Panel A composited onto the background of Panel B, and (2) the object from Panel B composited
onto the background of Panel A. Each synthesis produces a structured triple {original source panel,
synthetic panel, object mask}, along with metadata including panel identifiers, similarity scores,
object-to-background area ratio, and transformation parameters.

• Quality Control and Validation To guarantee both the quality of the generated splicing data and
its practical utility for detection tasks, we adopted a rigorous quality control and filtering proto-
col. Specifically, we identified and removed visually meaningless manipulations, such as cases
where the inserted object is entirely incompatible with the target background or where the object-
to-background size ratio is severely distorted. In addition, we excluded samples exhibiting overly
obvious artifacts, including unnatural seams at the splice boundary, abrupt color transitions, or
visible traces of post-processing. The filtering process integrates multiple criteria, including sim-
ilarity score thresholds, object area ratio constraints, and post-composition quality evaluation,
thereby ensuring that the retained splicing samples are both visually plausible and sufficiently
challenging. This guarantees that the final dataset provides high-quality and well-structured train-
ing samples to support scientific integrity detection research. After these steps, a total of 534
high-quality splicing samples are retained for downstream analysis.
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Copy-Move

• Data Generation This pipeline focuses on generating copy-move type forgeries at the panel level,
simulating the common manipulation pattern of duplicating regions within scientific images. We
employ the Segment Anything Model (Kirillov et al., 2023) to perform automatic object segmen-
tation and mask generation. The raw masks are further refined through denoising, morphological
opening and closing operations using cv2.morphologyEx(), and contour smoothing, result-
ing in clean and well-defined binary masks. From these masks, valid objects are selected based
on an area ratio criterion, retaining only those whose area occupies between 10% and 60% of the
panel region.
For each valid object, we compute its centroid and adaptively define a grid based on the object’s
width and height, with the grid step size determined as step = max(20,min(objw, objh)//2).
The farthest grid position from the source centroid is chosen as the target location for object place-
ment. To avoid overly regular results, a random noise bias is added to the computed coordinates,
while enforcing strict boundary constraints to ensure that the duplicated object remains within the
valid image region. During this process, a corresponding binary mask of the tampered region is
generated and saved. Each operation ultimately yields a structured triple {original image, forged
image, tampering mask}, providing standardized data for copy-move forgery detection tasks.

• Quality Control and Validation To ensure the usability and realism of the synthesized data, a
multi-stage screening strategy is applied. First, objects that fall outside the designated area ratio
threshold (smaller than 10% or larger than 60%) are discarded, as these produce unrealistic manip-
ulations either too trivial or too dominant. Second, synthetic images with duplicated regions ex-
tending beyond valid panel boundaries or overlapping with semantically meaningless background
(e.g., blank margins, figure legends, or annotation text) are excluded. Third, samples are filtered
if the duplicated region introduces strong visual artifacts, such as unnatural seams, sharp edges,
or visible copy boundaries that would make detection trivial. Finally, a manual validation stage is
conducted by human annotators to review a subset of the generated data, discarding images that
fail to preserve visual plausibility. After these steps, a total of 92 high-quality copy-move samples
are retained for downstream analysis.

AI-Generated

• Data Generation To construct an AI-generated forgery dataset at the panel level, we design con-
trolled strategies to ensure both realism and diversity while retaining detailed fidelity to authentic
academic images. Two representative forgery types are considered. (i) Image Inference Forgery:
the entire panel is globally reconstructed to simulate complete replacement, primarily using the
high-performing Flux model. (ii) Targeted Region Editing: partial manipulations are performed
while preserving the majority of image content, where localized regions are replaced or edited
based on textual prompts or binary masks. This class of forgeries is implemented using main-
stream generative models including Stable Diffusion, SenseNova-v6-MiaoHua-v2,
and GPT-Image-1. During synthesis, we systematically record the original panel, the forged
panel, and the corresponding region masks (the latter only for targeted editing), thereby form-
ing structured triples {original image, forged image, mask/metadata}. In total, more than 5,000
AI-generated panels are produced as negative samples.

• Quality Control and Validation To guarantee the authenticity and research value of the synthetic
dataset, a rigorous multi-stage quality control pipeline is adopted. At the automated stage, rules
are applied to filter out invalid or failed generations, including samples with excessive blur, severe
distortions, corrupted text, or local edits that conflict with global semantics. At the manual stage,
human annotators further inspect and exclude low-quality cases that evade automated filtering but
still exhibit implausible details. Through iterative refinement combining automated screening and
human verification, a total of 74 high-quality entirely AI-generated and 550 partially AI-generated
images are retained, forming a reliable and challenging negative sample set for subsequent detec-
tion and localization tasks.

Duplication

• Data Generation This pipeline focuses on constructing image duplication forgeries at the panel
level, which are divided into two categories: global duplication and local duplication.
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Global duplication is performed by directly reusing the entire panel after apply-
ing a randomly selected geometric transformation, including horizontal flipping
(cv2.flip(image,1)), vertical flipping (cv2.flip(image,0)), or 180◦ rotation
(cv2.rotate(image,ROTATE 180)). In addition, up to two random photometric adjust-
ments are optionally applied, such as brightness modification, contrast adjustment, saturation
control, hue shifting, and color temperature variation. These operations are implemented via
OpenCV routines (cv2.cvtColor(), cv2.convertScaleAbs(), cv2.LUT(), etc.),
ensuring realistic duplication while preserving overall image integrity.
Local duplication specifically targets stained images, which typically exhibit highly self-similar
textures and repetitive structural units. Such properties make localized duplications visually subtle
and challenging to detect. To ensure sufficient detail, only panels with resolutions larger than
350× 350 pixels are considered. For each eligible image, an initial overlapping crop is performed
by randomly selecting one of three geometric modes: diagonal, vertical window, or horizontal
window, producing two sub-panels (denoted as Panel A and Panel B) with a clear overlapping
region.
Forgery generation then follows an innovative “crop-then-transform” strategy. Based on the ini-
tial crop, we adaptively perform a secondary cropping step to precisely extract blocks containing
the overlapping area. Panel A is preserved as reference, while Panel B undergoes random forgery
operations, including geometric transformations (flip, rotation, scaling) and photometric adjust-
ments (brightness, contrast, saturation, hue, color temperature). To maintain dimensional con-
sistency under scaling, we design a reverse cropping mechanism: given a random target scaling
factor, the required crop size is inversely computed so that, after scaling, Panel B’s block perfectly
matches Panel A in size.
All forgery operations are recorded in metadata, together with a key indicator, the duplication
ratio, defined as the proportion of the reused area within Panel A relative to its total block area.
Each forgery sample is stored as a structured triple {original panel, duplicated panel, metadata},
supporting downstream model training and evaluation.

• Quality Control and Validation To guarantee usability and prevent trivial cases, multiple filter-
ing mechanisms are applied. Panels that fail the minimum resolution requirement (350 × 350
pixels) are excluded, as they lack sufficient texture for meaningful duplication. For global dupli-
cation, samples producing strong distortions or obvious artifacts after geometric or photometric
operations are discarded. For local duplication, pairs with excessively small overlapping areas,
severe misalignment after transformations, or visible boundaries at splice seams are removed. A
manual inspection stage further eliminates unrealistic duplications, such as cases where dupli-
cated regions overlap with non-semantic areas (e.g., blank margins, legends, or annotation text).
This multi-stage process ensures that the retained duplication dataset exhibits both high visual
plausibility and adequate difficulty for forgery detection research. After these steps, a total of
917 high-quality global duplication samples and 1,062 high-quality local duplication samples are
retained.

Text-Image Inconsistency

• Data Generation To generate text–image inconsistency samples we create two controlled types of
caption/related-sentence manipulations at the panel level: numerical forgeries and trend forgeries.
For numerical forgeries, we randomly select between one and three numeric expressions appearing
in the figure caption and/or the set of related sentences, and replace each selected numeric token
with a different number (ensuring the replacement is not identical to the original). For trend
forgeries, we randomly select between one and three trend-describing keywords (e.g., increase,
rise, upward) and replace each with an appropriate antonym (e.g., decrease, fall, downward). The
generation process is constrained so that:

1. A candidate token for modification must not be located inside the same punctuation-delimited
substring (comma, period or semicolon). Concretely, we split caption/related-sentences by
the delimiters [.,;] and only allow substitutions on tokens belonging to different segments
so as to avoid altering multiple values/claims within a single tight clause.

2. A candidate keyword/number must not be directly present as OCR text within the image (i.e.,
it must require reasoning beyond raw visual OCR). We verify this by running OCR on the
panel and rejecting any candidate token that appears verbatim in the OCR output.
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3. For numerical replacements, we enforce syntactic and unit consistency (preserve units when
present, avoid inserting non-numeric characters), and ensure the replaced value differs mean-
ingfully (e.g., absolute or relative difference above a small threshold) to avoid near-identical
noise edits.

4. For trend replacements, substitutions are chosen from a curated antonym mapping and are
applied with part-of-speech checks to preserve grammaticality.

The pipeline draws candidate modifications automatically (via regex for numeric tokens and a
curated trend-keyword list for trend tokens), applies candidate substitutions, and records for each
generated sample the tuple {original text, modified text, modification type (numerical/trend), mod-
ified token indices, original token values, replacement values}.

• Quality Control and Validation All generated inconsistency samples undergo manual proof-
reading by human experts. Cases that introduce trivial errors or meaningless substitutions are
removed. Through this manual validation process, we guarantee that the final dataset retains 150
high-quality, reliable samples suitable for evaluating models’ ability to detect text–image incon-
sistencies.
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A.4 EVALUATION QUESTION DESIGN

A.4.1 SINGLE-MODE FORGERY IDENTIFICATION AND LOCALIZATION

This question format corresponds to three forgery tasks: Splicing, Copy-Move, and AI-Generated.
It requires the model to judge whether the input academic subgraph (panel) is forged and select the
fraud type from five options (Splicing, Copy-move, AI-generated, No Forgery, Not Sure). If forgery
exists, the model must further complete block-based localization of the forged region.

Single-Mode Forgery Identification and Localization

Single-choice task (pick EXACTLY one):
A) splicing — different sources of content combined in one image; cues: unnatural seams,
boundary mismatches, inconsistent lighting/textures. Note: splicing NEVER involves
duplicated regions.
B) copy-move — a region copied and pasted within the SAME image; cues: duplicated
patterns/objects with same noise/texture but shifted/rotated/scaled. Reminder: if any part of
the image is duplicated, it MUST be classified as copy-move, not splicing.
C) aigc — image wholly or partially AI-generated/modified; cues: synthetic textures,
implausible details, inconsistent semantics.
D) no forgery — the image appears genuine; no strong evidence of manipulation.
E) not sure — insufficient evidence to decide.

Input:
- ONE image (a panel/subfigure).
- A textual description of how the image is partitioned into numbered regions
(mask caption).

Mask rules:
- If mask IS REQUIRED and your choice is A/B/C → output indices of forged regions
(comma-separated).
- If mask is NOT required (e.g., whole-image forgery) → <MASK> must be EMPTY, even
if you chose A/B/C.
- If choice is D/E → always leave <MASK> EMPTY.

STRICT OUTPUT (exact format, no extra text):
<CHOICE>A/B/C/D/E</CHOICE>
<MASK>comma-separated region numbers; EMPTY when not required or when choice is
D/E</MASK>
<EXPLANATION>Brief reasoning: state what visual cues led to your choice; if A/B/C with
mask, mention where forgery cues were observed.</EXPLANATION>

User:
Single-panel image for forensics.
MASK IS REQUIRED if you choose A/B/C; output indices from mask caption.
mask caption: {mask caption or [no caption]}
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A.4.2 COMPOSITE MANIPULATION OPERATIONS IDENTIFICATION

This question format corresponds to the Duplication forgery task. The input is a pair of subgraphs
(panels), and the model is required to identify whether a duplication relationship exists and the types
of tampering transformations involved (including direct duplication, scaling, rotation, flipping, and
parameter modification). Multiple selections are allowed for the options, covering positive and
negative samples as well as uncertain cases.

Multi-Select Cross-Panel Duplication Identification

This question format corresponds to duplication detection across multiple panels. The
task requires the model to examine several subfigures from the same figure and determine
whether duplications exist, and if so, what types of duplication are present. Multiple
duplication types may co-exist (e.g., scaling + rotated).

Multi-select task (choose ALL that apply):
A) direct — near-identical content across panels without geometric transform; many
keypoints align at similar scale/position.
B) scaling — content in one panel appears in another after zoom-in/zoom-out.
C) rotated — one panel is a rotated version of another (e.g., 90°/180°).
D) flipped — one panel is a mirrored (horizontal/vertical) version of another.
E) parameter-modified — duplication exists but with image-level adjustments (e.g.,
brightness, contrast, color).
F) no duplication — there is no convincing duplication across panels.
G) not sure — evidence is insufficient or ambiguous.

Rules:
- Pick A/B/C/D/E for every duplication type that appears. Multiple types may co-exist (e.g.,
scaling + rotated ⇒ choose B,C).
- If none of A–E apply, choose F (no duplication).
- If uncertain, choose G (not sure).
- Do NOT mix F or G with A–E.

Input:
- You will receive MULTIPLE panels (subfigures) from the same figure.
- A short text may describe panel numbering, but you do not need to output indices.

STRICT OUTPUT (exact format):
<CHOICES>comma-separated letters from {A,B,C,D,E,F,G}; uppercase
only</CHOICES>
<EXPLANATION>Brief reasoning: which panels appear duplicated and why; mention cues
like keypoint matches, geometric transforms, or parameter changes.</EXPLANATION>

User:
Multiple panels for cross-panel duplication forensics.
panel note: {mask caption or [no caption]}
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A.4.3 CROSS-MODAL INCONSISTENCY IDENTIFICATION AND LOCALIZATION

This question format corresponds to the Text-Image Inconsistency forgery task. It requires the model
to judge whether there are numerical or trend inconsistencies based on the input image and its
corresponding text. If inconsistencies exist, the model must localize the minimum sentence unit
with inconsistency in the text and provide corrected content. Finally, a quantitative evaluation is
conducted from two dimensions: type identification and segment localization.

Multi-Select Cross-Panel Duplication Identification

This question format corresponds to duplication detection across multiple panels. The
task requires the model to examine several subfigures from the same figure and determine
whether duplications exist, and if so, what types of duplication are present. Multiple
duplication types may co-exist (e.g., scaling + rotated).

Multi-select task (choose ALL that apply):
A) direct — near-identical content across panels without geometric transform; many
keypoints align at similar scale/position.
B) scaling — content in one panel appears in another after zoom-in/zoom-out.
C) rotated — one panel is a rotated version of another (e.g., 90°/180°).
D) flipped — one panel is a mirrored (horizontal/vertical) version of another.
E) parameter-modified — duplication exists but with image-level adjustments (e.g.,
brightness, contrast, color, filtering).
F) no duplication — there is no convincing duplication across panels.
G) not sure — evidence is insufficient or ambiguous.

Rules:
- Pick A/B/C/D/E for every duplication type that appears. Multiple types may co-exist (e.g.,
scaling + rotated ⇒ choose B,C).
- If none of A–E apply, choose F (no duplication).
- If uncertain, choose G (not sure).
- Do NOT mix F or G with A–E.

Input:
- You will receive MULTIPLE panels (subfigures) from the same figure.
- A short text may describe panel numbering, but you do not need to output indices.

STRICT OUTPUT (exact format):
<CHOICES>comma-separated letters from {A,B,C,D,E,F,G}; uppercase
only</CHOICES>
<EXPLANATION>Brief reasoning: which panels appear duplicated and why; mention cues
like keypoint matches, geometric transforms, or parameter changes.</EXPLANATION>

User:
Multiple panels for cross-panel duplication forensics.
panel note: {mask caption or [no caption]}
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B EXPERIMENT DETAILS

B.1 EXPERIMENT ENVIRONMENT

For evaluation experiments involving two input settings, most model inferences were conducted via
the OpenRouter API. Exceptions include several open-source models executed locally, as well as the
Doubao and Qwen series, which were accessed through the Volcano Engine APIs and Qwen APIs,
respectively.

The system configuration is summarized below:

• CPU: Dual-socket Intel Xeon Gold 6148 (2.40 GHz), 40 cores per socket, 80 threads total

• GPU: 8× NVIDIA A40, each with 48 GB VRAM

• GPU driver: 525.125.06, CUDA: 11.8

• cuDNN: 8.x (compiled with CUDA 11.8)

• Operating System: Ubuntu 20.04.6 LTS

B.2 EXPERIMENT MODELS

We evaluate 11 MLLMs in total, including 6 proprietary and 5 open-source models. The proprietary
models come from OpenAI (OpenAI, 2025b; OpenAI), Google (Comanici et al., 2025), Alibaba
(Bai et al., 2023) and ByteDance (Team, 2024a;b), representing the mainstream industrial progress.
The open-source models are released by Meta (AI@Meta, 2025), Alibaba (Team, 2024c), Google
(Team, 2025) and the LLaVA community (Li et al., 2024a; Liu et al., 2023), covering different scales
and architectures of open-source MLLMs. The following list details these models.

Model Family Model Version Parameters Links

Proprietary, API

Openai GPT-5 N/A https://openrouter.ai/openai/gpt-5

Openai OpenAI o4-mini-high N/A https://openrouter.ai/openai/o4-mini-high

Google Gemini 2.5 Flash N/A https://openrouter.ai/google/gemini-2.5-flash

Qwen Qwen VL Max N/A https://openrouter.ai/qwen/qwen-vl-max

Doubao Doubao Seed 1.6 Thinking N/A https://console.volcengine.com/ark/region:ark+
cn-beijing/model/detail?Id=doubao-seed-1-6-thi
nking

Doubao Doubao Seed 1.6 Vision N/A https://console.volcengine.com/ark/region:ark+
cn-beijing/model/detail?Id=doubao-seed-1-6-vis
ion

Open-source

Google Gemma3 27B 27B https://openrouter.ai/google/gemma-3-27b-it

LLaMA Llama 4 Maverick 17B https://openrouter.ai/meta-llama/llama-4-maver
ick

Qwen Qwen2.5 VL-72B 72B https://openrouter.ai/qwen/qwen2.5-vl-72b-ins
truct

LLaVA LLaVA Interleave 7B 7B https://huggingface.co/llava-hf/llava-interle
ave-qwen-7b-dpo-hf

LLaVA LLaVA Next 34B 34B https://huggingface.co/llava-hf/llava-v1.6-34b
-hf

Table 8: Detailed Information on Experiment Models.

B.3 EXPERIMENT METRICS

To comprehensively assess model performance across different dimensions, we design four tasks
with six core metrics.
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Single-Mode Forgery Identification (ACC). This task is a single-choice question, where the
model selects the correct answer among candidate options. We use average accuracy (ACC) as
the primary metric:

ACC =
1

N

N∑
i=1

1(ŷi = yi) (4)

where N is the number of samples, ŷi denotes the model prediction, and yi is the ground-truth label.

Single-Mode Forgery Localization (IoU). This task requires the model to localize tampered re-
gions within an image by outputting a set of predicted masks. We compare the predicted mask set
M̂ with the ground-truth set M using the Intersection-over-Union (IoU):

IoU =
|M ∩ M̂ |
|M ∪ M̂ |

(5)

mIoU =
1

N

N∑
i=1

IoUi (6)

Composite Manipulation Operations Identification (F1). This is a multi-choice task, where the
model must identify all manipulation operations present. We adopt the set-based F1 score as the
primary metric:

Precision =
|Ŝ ∩ S|
|Ŝ|

(7)

Recall =
|Ŝ ∩ S|
|S|

(8)

F1 =
2 · Precision · Recall
Precision + Recall

(9)

where S is the ground-truth set and Ŝ is the predicted set.

Cross-Modal Inconsistency Identification and Localization. This task involves two complemen-
tary metrics:

(a) Inconsistency Classification (ACC). The model must determine whether text–image inconsis-
tency exists and specify its type:

ACCcm =
1

N

N∑
i=1

1(ŷi = yi) (10)

(b) Inconsistency Localization (Textual F1). The model must identify text spans inconsistent with
the image. We compute the F1 score between the predicted set T̂ and the ground-truth set T :

F1loc =
2 · |T̂ ∩ T |
|T̂ |+ |T |

(11)

This metric evaluates the model’s ability to localize inconsistencies at the textual level.

Balanced Robustness Index (BRI). Beyond task-specific metrics, we define a composite score to
holistically measure both overall accuracy and robustness across tasks. For each model, we first
collect its normalized performance across the five task dimensions:

si = {si,1, si,2, si,3, si,4, si,5},
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where each si,j is min–max normalized into [0, 1] across models.

We then compute the mean score and the stability penalty:

µi =
1

5

5∑
j=1

si,j (12)

∆i = max
j

(si,j)−min
j

(si,j) (13)

Finally, the Balanced Robustness Index is defined as:

BRIi = µi − λ ·∆i (14)

where λ is a tunable penalty weight (set to 0.25 by default). A higher BRI indicates that a model
not only achieves strong average performance across all tasks, but also avoids over-specialization or
instability.

Sensitivity Analysis of λ. To examine the robustness of BRI with respect to λ, we report Balanced
Robustness Index (BRI) scores under different λ values in Table 9.

Model λ = 0.1 λ = 0.25 λ = 0.3 λ = 0.4

GPT-5 0.6550 0.5629 0.5322 0.4709
o4-mini-high 0.6476 0.5258 0.4852 0.4040
qwen-vl-max 0.5890 0.5239 0.5022 0.4588
qwen2.5-vl-72b-instruct 0.5948 0.4804 0.4423 0.3660
gemini-2.5-flash 0.6032 0.4733 0.4301 0.3435
Doubao-seed-1-6-vision 0.4822 0.3553 0.3130 0.2283
llama-4-maverick 0.3966 0.3373 0.3175 0.2780
Doubao-seed-1-6-thinking 0.4761 0.3288 0.2797 0.1815
llava-7b-dpo 0.3295 0.2375 0.2068 0.1454
llava-34b-hf 0.3159 0.1845 0.1407 0.0530
gemma-3-27b 0.1747 0.0827 0.0521 -0.0092

Table 9: Sensitivity of the Balanced Robustness Index (BRI scores) under different values of λ.

Overall, the relative ranking of top-performing models (e.g., GPT-5, o4-mini-high, qwen-vl-max)
remains stable across different penalty weights. As λ increases, absolute BRI values decrease,
reflecting a stronger emphasis on stability over peak task performance.

B.4 EVALUATION PROTOCOL

We use high-resolution PNG images whenever possible. If an input exceeds a model’s limit, a two-
stage adaptive compression is applied: (i) scale the long edge to each model’s maximum input size
while keeping aspect ratio; (ii) further reduce total pixels to satisfy model constraints, with iterative
10% reduction if necessary. Prompts are kept minimal, containing only task definitions and direct
instructions, to avoid noise and highlight models’ intrinsic capability.
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C MORE EXPERIMENTAL RESULTS AND DISCUSSIONS

C.1 EVALUATION ON REAL-WORLD DATA

Table 10: Performance comparison of different MLLMs under authentic real data. We report the
Identification (Id) Score and Localization (Loc) Score in three fraud tasks.

Model real data Splicing Copy-Move Duplication

Id Score Loc Score Id Score Loc Score Id Score

Proprietary MLLMs

GPT-5 - 43.51 16.67 72.73 36.41 33.32
✔ 27.27 23.95 60.00 33.39 23.22

OpenAI o4-mini-high - 41.49 10.44 77.89 29.78 30.34
✔ 9.09 11.99 60.00 31.35 36.04

Gemini 2.5 Flash - 63.39 56.72 67.56 46.98 24.96
✔ 9.09 38.55 80.00 47.59 49.58

Qwen VL Max - 30.37 40.07 87.40 48.34 23.33
✔ 0.00 15.15 13.33 3.70 20.95

Llama 4 Maverick - 23.37 17.97 51.24 28.50 19.01
✔ 0.00 8.66 6.67 2.22 39.75

Open-source MLLMs

Qwen2.5 VL-72B - 36.40 51.66 77.27 55.16 16.73
✔ 0.00 54.55 100.00 36.30 22.39

Gemma3 27B - 25.39 27.78 28.87 32.80 12.20
✔ 0.00 15.25 40.00 17.05 42.18

Avg - 37.70 31.62 66.14 39.71 22.84
✔ 6.49 24.01 51.43 24.51 33.44

As shown in Table 10, Synthetic data surpass real data in difficulty for the Duplication task be-
cause they incorporate multiple compounded manipulations. These include geometric transforma-
tions (horizontal flipping, vertical flipping, and 180° rotation) and parameter-modified operations
(brightness modification, contrast adjustment, saturation control, hue shifting, and color tempera-
ture variation), which are generally more complex than the direct or scaling duplication commonly
observed in real cases.

For the Forgery task, our synthetic data exert comparable detection pressure to real data, as they
fully reflect diverse real-world fraud behaviors and cover the known fraudulent operations reported
in retracted publications.

The primary exception lies in the Splicing task, where real samples remain more challenging due to
their inherently more sophisticated merging patterns.

Model performance on synthetic and real data is closely aligned for Copy-Move task. For instance,
GPT-5 achieves a 36.41% localization score on synthetic data, compared to 33.39% on real data.
In Duplication task, synthetic data impose even greater difficulty; for example, Gemini 2.5 Flash
reaches a 49.58% identification score on real cases, yet drops to only 24.96% on synthetic data.

The convergence of performance between synthetic and real data demonstrates that our fraud data
generation pipeline can continuously produce high-quality and scalable fraud samples despite the
scarcity and prohibitively high annotation cost of real-world cases. This enables robust evaluation of
five key capabilities Expert Knowledge Utilization, Visual Recognition, Spatial Reasoning, Region
Localization, and Comparative Reasoning) within an extensible testbed for multimodal scientific
forgery assessment.

Moreover, model performance on synthetic data serves as a reliable indicator of real-world capabil-
ity. For example, GPT-5, the strongest model on synthetic detection tasks, also exhibits relatively
stable performance on real samples. Thus, synthetic data not only provide comprehensive testing of
reasoning capabilities but also function as a predictive signal for real scientific review scenarios.
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We further observe that real splicing cases are more challenging than synthetic ones because real-
world fraud operations often employ more complex and subtle splicing strategies, such as localized
contrast/brightness adjustment or texture smoothing at the merged boundaries. An improved splicing
synthesis method will be incorporated in future work to better mimic these nuanced operations and
more effectively expose current models’ limitations in boundary perception.
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C.2 IMPACT OF PROMPTING STRATEGIES

Table 11: Performance comparison of different MLLMs under various prompting strategies. We re-
port the Identification (Id) Score and Localization (Loc) Score of five fraud tasks including: Splicing
(SPL), Copy-Move (CM),AI-generated (AIG), DUP (Duplication) and Text-Image Inconsistency
(TII). Llama means Llama 4 Maverick

Model Prompt
Strategy

SPL CM AIG DUP TII

Id Score Loc Score Id Score Loc Score Id Score Loc Score Id Score Id Score Loc Score

GPT-5
- 43.51 16.67 72.73 36.41 44.26 19.33 33.32 60.67 27.44

CoT 44.85 (+1.34) 25.16 (+8.49) 74.46 (+1.73) 38.74 (+2.33) 43.36 (-0.09) 30.10 (+10.77) 33.95 (+6.30) 66.00 (+5.33) 25.16 (-2.28)
Few-shot 46.47 (+2.96) 18.80 (+2.13) 71.97 (-0.76) 31.47 (-4.94) 43.26 (-0.10) 27.46 (+8.13) - - -

Llama
- 23.37 17.97 51.24 28.50 58.19 19.71 19.01 54.00 16.08

CoT 28.24 (+4.87) 49.34 (+31.37) 60.21 (+8.97) 28.47(-0.03) 59.08 (+0.89) 34.06 (+14.35) 28.29 (+0.28) 61.66 (+7.66) 13.64(-2.44)
Few-shot 31.97 (+8.60) 9.25 (-8.72) 62.03 (+10.79) 14.93 (-13.57) 40.80 (-17.39) 13.06 (-6.65) - - -

We further compare two prompting methods, Chain-of-Thought (CoT) and few-shot examples,
across different forgery detection tasks. The results in Table 11 indicate that CoT generally pro-
vides consistent gains, but the magnitude varies with model strength. For GPT-5, the improvements
are modest (e.g., +1.34 on SPL-Id, +1.73 on CM-Id), suggesting that a model with strong intrin-
sic reasoning ability benefits only marginally. By contrast, LLaMA shows large boosts with CoT
(e.g., +4.87 on SPL-Id, +8.97 on CM-Id, +7.66 on TII-Id), demonstrating that stepwise prompting
disproportionately enhances weaker models by guiding them toward structured reasoning steps.

Few-shot prompting, however, yields mixed and unstable effects. While it improves certain scores
such as SPL-Id (+8.60) and CM-Id (+10.79) for LLaMA, it simultaneously causes severe drops in
other tasks, including AIGC-Id (−17.39) and AIGC-Loc (−6.65). GPT-5 exhibits a similar trend:
slight improvements in some subtasks (e.g., SPL-Id +2.96, AIGC-Loc +8.13) but declines in oth-
ers (e.g., CM-Loc −4.94, TII-Loc −2.28). These inconsistencies suggest that few-shot examples
may bias models toward local demonstration patterns rather than enabling generalizable reasoning,
leading to degradation when facing diverse manipulation types.

Overall, the evidence indicates that CoT is a more reliable prompting strategy for scientific im-
age forensics, providing stable and interpretable improvements, whereas few-shot prompting lacks
robustness and exhibits limited practical value in our setting.

We provide the enhanced prompting templates used in our benchmark, including Chain-of-Thought
(CoT) and few-shot strategies.
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Chain-of-Thought Single-Mode Forgery Identification and Localization

Role:
You are an image forensics expert.
Task:
Detect the image forgery type and localize if needed.
Single-choice (pick EXACTLY one):
A) splicing: different sources of content combined in one image; cues include unnatural
seams, boundary mismatches, and inconsistent lighting or textures. Note: splicing never
involves duplicated regions.
B) copy-move: a region copied and pasted within the same image; cues include duplicated
patterns or objects with the same noise or texture but shifted, rotated, or scaled. Reminder:
if any part of the image is duplicated, classify as copy-move, not splicing.
C) aigc: the image is wholly or partially AI-generated or modified; cues include synthetic
textures, implausible details, repetitive patterns, and inconsistent semantics.
D) no forgery: the image appears genuine; no strong evidence of manipulation.
E) not sure: insufficient evidence to decide.
Input:
- One image (a panel or subfigure).
- A textual description of how the image is partitioned into numbered regions
(mask caption).
Mask rules:
- If a mask is required and your choice is A, B, or C, output the indices of forged regions as
comma-separated numbers.
- If your choice is D or E, always leave <MASK> empty.
Reasoning requirement (Chain-of-Thought):
- First, carefully observe the image and list suspicious visual cues such as textures, bound-
aries, lighting, duplication, and semantic plausibility.
- Next, compare against all five options (A to E) and explicitly explain why each is ruled in
or ruled out.
- Then, narrow down to the most plausible choice.
- If A, B, or C is chosen, explain where the forgery appears and why the mask is required or
not.
- Keep the reasoning concise but clearly step by step.
STRICT OUTPUT (exact format, no extra text):
<CHOICE> A/B/C/D/E </CHOICE>
<MASK> comma-separated forged region numbers; EMPTY if D or E is chosen </MASK>
<EXPLANATION> Provide the step-by-step reasoning process as described above, ending
with justification for the final choice. </EXPLANATION>

32



1728
1729
1730
1731
1732
1733
1734
1735
1736
1737
1738
1739
1740
1741
1742
1743
1744
1745
1746
1747
1748
1749
1750
1751
1752
1753
1754
1755
1756
1757
1758
1759
1760
1761
1762
1763
1764
1765
1766
1767
1768
1769
1770
1771
1772
1773
1774
1775
1776
1777
1778
1779
1780
1781

Under review as a conference paper at ICLR 2026

Chain-of-Thought Composite Manipulation Operations Identification

Role:
You are an image forensics expert specializing in cross-panel duplication.
Multi-select task (choose ALL that apply):
A) direct: near-identical content across panels without geometric transform; many keypoints
align at similar scale/position.
B) scaling: content in one panel appears in another after zoom-in/zoom-out.
C) rotated: one panel is a rotated version of another (e.g., 90°/180°).
D) flipped: one panel is a mirrored (horizontal/vertical) version of another.
E) parameter-modified: duplication exists but with image-level adjustments (e.g., brightness,
contrast, color, filtering).
F) no duplication: there is no convincing duplication across panels.
G) not sure: evidence is insufficient or ambiguous.
Rules:
- Pick A/B/C/D/E for every duplication type that appears. Multiple types may co-exist (e.g.,
scaling + rotated: choose B,C).
- If none of A–E apply, choose F (no duplication).
- If uncertain, choose G (not sure).
- Do NOT mix F or G with A–E.
Input:
- You will receive MULTIPLE panels (subfigures) from the same figure. A short text may
describe panel numbering, but you do not need to output indices.
Reasoning requirement (Chain-of-Thought):
- First, systematically compare all panels to check for visual similarities.
- Next, analyze the nature of the similarity: decide whether it is a direct match, scaling,
rotation, flipping, or parameter modification.
- Then, evaluate each option A–E one by one, ruling them in or out.
- If none of A–E apply, consider F (no duplication).
- If evidence is weak or ambiguous, consider G (not sure).
- In <EXPLANATION>, provide step-by-step reasoning: what similarities were found,
which transformations are involved, and why the final choice(s) were made.
STRICT OUTPUT (must follow exactly):
<CHOICES> comma-separated letters from A,B,C,D,E,F,G; uppercase only </CHOICES>
<EXPLANATION> Step-by-step reasoning: explain which panels appear duplicated, what
transformations or adjustments are observed, and why the final choices are selected.
</EXPLANATION>
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Chain-of-Thought Cross-Modal Inconsistency Identification and Localization

Role:
You are an image forensics expert for text–image consistency.
Task:
Identify whether the accompanying text is inconsistent with the image, and localize the
problematic text if any.
Single-choice (pick EXACTLY one):
A) Numerical inconsistent: numeric values, scales, or labeled quantities in text contradict
the figure.
B) Trend inconsistent: trends or qualitative claims in text (increase, decrease, ordering, peak)
contradict the figure.
C) Consistent: text matches the figure.
D) Not sure: evidence is insufficient or unreadable.
Input:
- One figure panel (image).
- Two texts: a figure caption and a short related context.
Localization rules:
- If A or B is chosen, output where the inconsistency appears using caption and/or related,
and list all minimal inconsistent sentences.
- If C or D is chosen, leave both <PARTS> and <SENTENCES> empty.
Reasoning requirement (Chain-of-Thought): - First, read the caption and related text,
then extract all numeric claims and trend statements.
- Next, verify these claims against the figure: check numbers, axes, scales, units, and visual
trends or orderings.
- Then, evaluate options A, B, C, and D, ruling them in or out with clear evidence.
- If A or B is selected, specify which text parts are inconsistent and quote all minimal incon-
sistent sentences.
- Keep the reasoning concise but step by step.
STRICT OUTPUT (exact format, no extra text):
<CHOICE> A/B/C/D </CHOICE>
<PARTS> comma-separated from {caption,related}; EMPTY if C or D </PARTS>
<SENTENCES> all minimal inconsistent sentences; EMPTY if C or D </SENTENCES>
<EXPLANATION> step-by-step reasoning as described above, ending with the justification
for the final choice </EXPLANATION>
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Few-shot Single-Mode Forgery Identification and Localization

Role:
You are an image forensics expert.
Task:
Detect the image forgery type and localize if needed.
Single-choice (pick EXACTLY one):
A) splicing — different sources of content combined in one image; cues: unnatural seams,
boundary mismatches, inconsistent lighting/textures. (No duplicated regions.)
B) copy-move — a region copied and pasted within the same image; cues: duplicated pat-
terns/objects with the same noise/texture, possibly shifted/rotated/scaled. (If any part is
duplicated, classify as copy-move.)
C) aigc — the image is wholly or partially AI-generated or modified; cues: synthetic tex-
tures, implausible details, repetitive patterns, inconsistent semantics.
D) no forgery — the image appears genuine; no strong evidence of manipulation.
E) not sure — insufficient evidence to decide.
Input:
- One image (a panel or subfigure). - A textual description of how the image is partitioned
into numbered regions (mask caption).
Mask rules:
- If a mask is required and your choice is A, B, or C, output the indices of forged regions
as comma-separated numbers. - If a mask is not required (e.g., whole-image forgery), then
<MASK>must be EMPTY, even if A/B/C is chosen. - If choice is D/E, always leave <MASK>
empty.
Few-shot demonstrations (k=3):
Demo 1 — AIGC
<CHOICE> C </CHOICE>
<MASK> </MASK>
<EXPLANATION> Synthetic/global artifacts and implausible micro-textures suggest AIGC.
</EXPLANATION>
Demo 2 — Copy-move
<CHOICE> B </CHOICE>
<MASK> </MASK>
<EXPLANATION> Duplicated patch with the same noise/texture implies copy-move.
</EXPLANATION>
Demo 3 — Splicing
<CHOICE> A </CHOICE>
<MASK> </MASK>
<EXPLANATION> Boundary inconsistencies and lighting mismatch without duplication in-
dicate splicing. </EXPLANATION>
STRICT OUTPUT for the test case (exact format, no extra text):
<CHOICE> A/B/C/D/E </CHOICE>
<MASK> comma-separated forged region numbers; EMPTY if not required or if D/E is
chosen </MASK>
<EXPLANATION> Provide a brief justification for the final choice and, if A/B/C, indicate
where the forgery appears. </EXPLANATION>

35



1890
1891
1892
1893
1894
1895
1896
1897
1898
1899
1900
1901
1902
1903
1904
1905
1906
1907
1908
1909
1910
1911
1912
1913
1914
1915
1916
1917
1918
1919
1920
1921
1922
1923
1924
1925
1926
1927
1928
1929
1930
1931
1932
1933
1934
1935
1936
1937
1938
1939
1940
1941
1942
1943

Under review as a conference paper at ICLR 2026

C.3 ANALYSIS OF POST-PROCESSING RESULTS

Table 12: Performance comparison of different MLLMs under various post-processing. We report
the Identification (Id) Score and Localization (Loc) Score of four fraud tasks including: Splicing
(SPL), Copy-Move (CM),AI-generated (AIG), DUP (Duplication). Llama4 means Llama 4 Maver-
ick

Model Prompt
Strategy

SPL CM AIG DUP

Id Score Loc Score Id Score Loc Score Id Score Loc Score Id Score

GPT-5

- 43.51 16.67 72.73 36.41 44.26 19.33 33.32
scale 36.63 (-6.88) 14.05 (-2.62) 48.48 (-24.25) 42.37 (+5.96) 41.11 (-3.15) 16.67 (-2.66) 25.08 (-8.24)
jpeg 33.59 (-9.92) 12.74 (-3.93) 48.86 (-23.87) 32.19 (-4.22) 43.89 (-0.37) 14.32 (-5.01) 23.56 (-9.76)

gauss 23.37 (-20.14) 3.43 (-13.24) 34.85 (-37.88) 12.81 (-23.60) 37.22 (-7.04) 7.73 (-11.60) 20.84 (-12.48)

Gemini

- 63.39 56.72 67.56 46.98 35.45 38.87 24.96
scale 61.37 (-2.02) 57.46 (+0.74) 46.97 (-20.59) 43.86 (-3.12) 34.44 (-1.01) 40.75 (+1.88) 25.31 (+0.35)
jpeg 64.82 (+1.43) 60.01 (+3.29) 54.93 (-12.63) 42.46 (-4.52) 33.90 (-1.55) 39.93 (+1.06) 25.56 (+0.60)

gauss 48.13 (-15.26) 33.63 (-23.09) 50.38 (-17.18) 39.74 (-7.24) 31.11 (-4.34) 23.20 (-15.67) 25.84 (+0.88)

We further introduce three common image perturbations (Gaussian blur, JPEG compression, and
scaling) to systematically evaluate model robustness under input distortions. Gaussian blur directly
disrupts fine-grained textures and boundary information, and the results show that it has the most
severe impact, causing substantial performance drops across nearly all tasks. By contrast, JPEG
compression primarily introduces quantization noise and artifacts, while scaling alters image res-
olution and aspect ratios; both operations also lead to degradation but to a lesser degree, with the
effects varying across models and tasks. For example, in copy-move identification, GPT-5 suffers a
drop of more than twenty points under Gaussian blur, whereas Gemini shows pronounced declines
in splicing and AIGC localization when blurred. These findings highlight that current MLLMs are
highly vulnerable even to mild perturbations, as they rely excessively on delicate low-level features.
The lack of robust representations makes them susceptible to common distortions and preprocessing
operations, thereby limiting their reliability in practical forensic applications.
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D BREAKDOWN RESULTS ON DIFFERENT FRAUD TASK TYPE

D.1 SPLICING

Table 13: Experimental Results of THEMIS on Splicing. We report the ACC, IoU, F1. The best
and second best are highlighted for each task.

Model Splicing

ACC IoU F1

Proprietary MLLMs

GPT-5 43.51 16.67 20.27

OpenAI o4 Mini High 41.49 10.44 12.81
Gemini 2.5 Flash 63.39 56.72 65.08
Doubao Seed 1.6 Vision 20.84 31.42 42.49
Doubao Seed 1.6 Thinking 35.67 12.09 16.24
Qwen VL Max 30.37 40.07 52.84

Open-source MLLMs

Qwen2.5 VL 72B Instruct 36.40 51.66 57.60

LLaMA 4 Maverick 23.37 17.97 20.51
LLaVA Interleave Qwen 7B DPO HF 41.80 35.97 47.50
LLaVA v1.6 34B HF 32.00 50.70 52.82
Gemma3 27B 25.39 27.78 34.62

As shown in Table 13, the performance of different MLLMs on the splicing task reveals a clear diver-
gence between proprietary and open-source models. Among proprietary systems, Gemini 2.5 Flash
achieves the highest overall performance, with notable gains across all three metrics (ACC 63.39,
IoU 56.72, F1 65.08), indicating its strong capacity for both forgery identification and fine-grained
localization. In contrast, GPT-5 reaches the second-best accuracy (43.51) but lags significantly in
IoU and F1, suggesting that while it can often detect the existence of splicing, it struggles to precisely
delineate tampered regions. Interestingly, Qwen VL Max exhibits the opposite trend, with relatively
low accuracy (30.37) yet competitive localization performance (IoU 40.07, F1 52.84), reflecting an
imbalance between Visual Recognition and Region Localization.

On the open-source side, Qwen2.5 VL 72B Instruct and LLaVA v1.6 34B HF deliver competitive lo-
calization scores (IoU 51.66/50.70, F1 57.60/52.82), in some cases rivaling or surpassing proprietary
counterparts. However, their classification accuracy remains modest (36.40 and 32.00, respectively),
highlighting a persistent gap in holistic decision-making. These results collectively indicate that
while proprietary models currently dominate in balanced performance, open-source models have
made notable progress in localization. A key takeaway is that splicing forensics challenges models
differently at the identification and localization levels, with many systems excelling at one but not
both. Bridging this discrepancy represents a critical direction for advancing visual fraud reasoning.
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D.2 COPY-MOVE

Table 14: Experimental Results of THEMIS on Copy-Move. We report the ACC, IoU, F1. The best
and second best are highlighted for each task.

Model Copy-Move

ACC IoU F1

Proprietary MLLMs

GPT-5 72.73 36.41 46.11
OpenAI o4 Mini High 77.89 29.78 39.32
Gemini 2.5 Flash 67.56 46.98 57.90
Doubao Seed 1.6 Vision 61.78 26.97 36.65
Doubao Seed 1.6 Thinking 74.17 13.58 18.47
Qwen VL Max 87.40 48.34 60.94

Open-source MLLMs

Qwen2.5 VL 72B Instruct 77.27 55.16 64.58
LLaMA 4 Maverick 51.24 28.50 35.47
LLaVA Interleave Qwen 7B DPO HF 47.55 25.22 36.99
LLaVA v1.6 34B HF 84.00 45.25 53.35

Gemma3 27B 28.87 32.80 41.58

Table 14 presents the results of THEMIS on the copy-move task, revealing distinct trends compared
to splicing. Among proprietary models, Qwen VL Max achieves the highest classification accuracy
(87.40), demonstrating strong capability in determining whether copy-move forgeries exist. How-
ever, its localization performance is moderate (IoU 48.34, F1 60.94), indicating that while detection
is reliable, precise delineation of duplicated regions remains challenging. Interestingly, Gemini 2.5
Flash attains a competitive balance with relatively strong localization (IoU 46.98, F1 57.90), al-
beit at lower accuracy (67.56), suggesting better sensitivity to duplicated textures even when overall
classification is less stable.

On the open-source side, Qwen2.5 VL 72B Instruct shows the strongest localization capability (IoU
55.16, F1 64.58), outperforming most proprietary counterparts. This highlights the potential of
scaling open-source vision–language models to large capacities for improving spatial reasoning in
duplication forensics. Additionally, LLaVA v1.6 34B HF achieves competitive performance (ACC
84.00, IoU 45.25, F1 53.35), positioning it as one of the few open-source systems capable of ap-
proaching proprietary models in overall effectiveness.
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D.3 AI-GENERATED

Table 15: Experimental Results of THEMIS on AI-Generated. We report the ACC, IoU, F1. The
best and second best are highlighted for each task.

Model AI-Generated

ACC IoU F1

Proprietary MLLMs

GPT-5 44.26 19.33 22.21
OpenAI o4 Mini High 35.67 19.79 22.86
Gemini 2.5 Flash 35.45 38.87 44.76
Doubao Seed 1.6 Vision 27.54 29.90 35.11
Doubao Seed 1.6 Thinking 36.57 15.19 18.09
Qwen VL Max 35.43 35.85 43.87

Open-source MLLMs

Qwen2.5 VL 72B Instruct 51.06 35.57 41.58

LLaMA 4 Maverick 58.19 19.71 23.46
LLaVA Interleave Qwen 7B DPO HF 46.93 32.06 41.56
LLaVA v1.6 34B HF 34.00 34.01 40.13
Gemma3 27B 34.23 26.44 32.92

The results in Table 15 indicate that AI-generated forgery detection remains highly challenging
for current MLLMs. Proprietary models struggle to provide consistent performance, with Gemini
2.5 Flash achieving the highest localization scores (IoU 38.87, F1 44.76) but exhibiting very low
accuracy (35.45). Qwen VL Max shows a similar trend, reaching competitive localization (IoU
35.85, F1 43.87) while maintaining only moderate accuracy (35.43). These findings suggest that
proprietary models can sometimes identify forged regions but lack robust discrimination between
authentic and AI-generated panels.

In contrast, open-source models demonstrate relatively stronger classification ability. LLaMA 4
Maverick attains the best accuracy overall (58.19), significantly outperforming all proprietary coun-
terparts, though its localization quality remains weak (IoU 19.71, F1 23.46). Qwen2.5 VL 72B In-
struct strikes a more balanced profile, combining strong classification (ACC 51.06) with reasonable
localization (IoU 35.57, F1 41.58), highlighting the benefits of scaling open-source architectures for
AI-generated forgery detection.

Overall, the results reveal a notable discrepancy between classification and localization performance.
Proprietary models excel marginally at spatial consistency checks but fail to reliably separate authen-
tic versus AI-generated panels, whereas large open-source models achieve stronger binary discrimi-
nation but weak spatial grounding.
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D.4 DUPLICATION

Table 16: Experimental Results of THEMIS on Duplication. We report the ACC, Exact Match,
Partial Credit. Exact Match (EM): The prediction must exactly match the gold standard; full credit is
awarded only for complete correctness, otherwise zero. Partial Credit (PC): The prediction receives
partial credit if it overlaps with the gold standard, but any incorrect element results in no credit. The
best and second best are highlighted for each task.

Model Duplication

ACC Exact Match Partial Credit

Proprietary MLLMs

GPT-5 33.32 19.05 22.72
OpenAI o4 Mini High 30.34 17.12 21.35

Gemini 2.5 Flash 24.96 15.78 17.41
Doubao Seed 1.6 Vision 45.13 17.99 19.95

Doubao Seed 1.6 Thinking 20.22 14.24 17.08
Qwen VL Max 23.33 12.13 15.29

Open-source MLLMs

Qwen2.5 VL 72B Instruct 16.75 11.54 14.35
LLaMA 4 Maverick 19.01 13.90 16.07
LLaVA Interleave Qwen 7B DPO HF 8.01 0.33 0.33
LLaVA v1.6 34B HF 10.73 0.11 0.11
Gemma3 27B 12.20 9.57 10.35

Table 16 reports results on the duplication task, evaluated by ACC, Exact Match (EM), and Partial
Credit (PC). Overall, performance across all models is markedly weaker compared to other forgery
types, underscoring the intrinsic difficulty of duplication forensics. Among proprietary models,
Doubao Seed 1.6 Vision achieves the highest accuracy (45.13), suggesting relatively stronger dis-
criminative ability, but its EM (17.99) and PC (19.95) remain low, indicating limited capability in
producing strictly correct multi-label predictions. GPT-5 attains the second-best accuracy (33.32)
and leads in PC (22.72), while also yielding the best EM (19.05), showing a modest advantage in
producing fully correct predictions. Nevertheless, even these leading scores are far from satisfactory,
reflecting the challenge of simultaneously identifying multiple duplication types with high precision.

In contrast, open-source models exhibit consistently poor performance. Qwen2.5 VL 72B Instruct
and LLaMA 4 Maverick achieve slightly higher EM (11.54/13.90) and PC (14.35/16.07) compared
to other open-source systems, but remain substantially behind proprietary models. Smaller open-
source variants such as LLaVA Interleave and LLaVA v1.6 34B HF fail almost entirely, with EM
and PC close to zero, suggesting a lack of multi-type duplication reasoning capability.

Taken together, these results highlight duplication as the hardest subtask within THEMIS, where
neither proprietary nor open-source models show satisfactory performance. The stark contrast with
other forgery types reveals that detecting subtle transformations and parameter modifications across
panels requires fine-grained relational reasoning and robust representation of geometric and pho-
tometric variations. Addressing duplication thus remains a critical bottleneck for advancing multi-
modal fraud reasoning with MLLMs.
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D.5 TEXT-IMAGE INCONSISTENCY

Table 17: Experimental Results of THEMIS on Text-Image Inconsistency. We report the ACC,
Macro-F1, Localization-F1. The best and second best are highlighted for each task.

Model Text-Image Inconsistency

ACC Macro-F1 Localization-
F1

Proprietary MLLMs

GPT-5 60.67 44.95 27.44

OpenAI o4 Mini High 66.33 48.58 32.22
Gemini 2.5 Flash 36.33 25.30 28.24
Doubao Seed 1.6 Vision 37.00 27.98 30.43
Doubao Seed 1.6 Thinking 60.00 44.56 31.71

Qwen VL Max 56.00 33.74 15.36

Open-source MLLMs

Qwen2.5 VL 72B Instruct 61.33 36.51 12.32

LLaMA 4 Maverick 54.00 33.95 16.08
LLaVA Interleave Qwen 7B DPO HF 50.00 16.78 12.57
LLaVA v1.6 34B HF 41.33 24.74 4.28
Gemma3 27B 31.67 16.91 21.41

Table 17 summarizes the results on text-image inconsistency, evaluated with ACC, Macro-F1, and
Localization-F1. Compared to other forgery types, this task poses unique challenges as it requires
models to integrate textual semantics with fine-grained visual reasoning. Proprietary models show
stronger overall performance, with OpenAI o4 Mini High achieving the highest accuracy (66.33)
and Macro-F1 (48.58), suggesting robust alignment between textual cues and image content. GPT-5
follows closely, ranking second in Macro-F1 (44.95) while also maintaining competitive accuracy
(60.67). Notably, Doubao Seed 1.6 Thinking achieves the best Localization-F1 (31.71), indicating a
relative advantage in grounding inconsistencies to specific regions, although its overall ACC (60.00)
lags slightly behind leading models.

On the open-source side, Qwen2.5 VL 72B Instruct performs competitively in terms of accuracy
(61.33), nearly matching proprietary leaders, but its Macro-F1 (36.51) and Localization-F1 (12.32)
are substantially weaker. This discrepancy highlights a gap between classification accuracy and bal-
anced, fine-grained reasoning across categories. Other open-source systems such as LLaMA 4 Mav-
erick and LLaVA variants exhibit consistently low performance, with Macro-F1 and Localization-F1
dropping below 35 and 20, respectively, reflecting their limited capacity for multimodal semantic
consistency evaluation.

Overall, the results reveal that while certain proprietary MLLMs (e.g., o4 Mini High, GPT-5) demon-
strate promising capability in detecting text-image inconsistency, the task remains far from solved.
The relatively low Localization-F1 scores across all models indicate that fine-grained grounding of
inconsistencies is especially challenging, underscoring the need for future models to better integrate
visual fraud reasoning with spatial localization.
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E CASE STUDY

Appendix E of the Supplementary Material provides 22 representative cases that comprehensively
cover the full scope of THEMIS. These cases span all seven academic scenarios (Chart, Diagram,
Physical Object, Medical Imaging, Micrograph, Stained Micrograph, and Others) and are system-
atically organized across the five fraud tasks: Splicing, Copy-Move, AI-Generated forgeries (Image
Inference Forgery / Targeted Region Editing), Duplication (Global / Local), and Text–Image In-
consistency (Numerical / Trend). Each task include three error patterns (Identified/Mislocalized,
Misidentified/Localized, and both wrong) alongside correct case for comparison. Furthermore, The
Duplication task covers various operation modes (rotated, flipped, parameter-modified).
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F USE OF LLMS

Large Language Models (LLMs) were employed solely as auxiliary tools during the preparation of
this paper. Their role was limited to assisting in language refinement (e.g., improving fluency, read-
ability, and stylistic consistency) and facilitating retrieval and discovery (e.g., identifying potentially
relevant related work). All substantive tasks, including dataset construction, experimental design,
implementation, analysis, and writing of core content, were conducted by the authors. Thus, LLMs
served only as supportive instruments, while the intellectual contributions and critical judgments
were made by humans.
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