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Question

In this task, the model is required to perform cross-panel duplication forensics. Each input consists of multiple
sub-figures (panels) that originate from the same scientific figure. The model must determine whether any panels
are duplicated, and if so, identify the specific type(s) of duplication.

Options

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, and color).
F) No Duplication: there is no convincing duplication across panels.

G) Not Sure: evidence is insufficient or ambiguous.

Issue

(GPT-5) Model Answer: B) Scaling & E) Parameter-modified x

1 Model Explanation

I The two panels share the same histologic landmarks (matching curved “Y”-shaped pale bands and clusters of
I small circular lumina) at the same relative arrangement, but the right panel appears slightly zoomed in and

I shows stronger exposure/contrast with a magenta shift. This indicates duplication with scaling and image-level
1 adjustments

Analysis

1 Error Analysis

1 The duplicated region marked by the yellow boxes occupies different proportions in the two panels, appearing
1 more compact in one image and more dispersed in the other. The model incorrectly attributed this change in

1 proportion to scaling rather than to differences in background tissue that had been cropped or obscured.

1 Seeking a more complex explanation, it inferred a geometric transformation because the duplicated fibers and
1 nuclear orientations remained consistent, thus mistakenly applying a “scaled” interpretation instead of the

1 simpler case of direct duplication with exposure adjustment.

1
1 The Lack of Five Core Reasoning Capabilities
| Visual Recognition, Spatial Reasoning, Comparative Reasoning

The Fourteenth International Conference on Learning Representations



Dataset Curation

Stage 1: Extraction and Parsing

Stage 2: Fraud Data Generation
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protein immunohistochemical...

Related Sentences

The localization and expression intensity of
Klotho and SIRT1 in kidney tissue were

detected by immunohistochemistry...

. Text-Image Inconsistency
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(B) Trend Inconsistency
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18.2% =+ 2.1%); stationary, 40.4%
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treatment reduced the increasing
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Task Design

Single-Mode Forgery Identification and Localization
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Task Design

Composite Manipulation Operations Identification
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Repeated content reused across panels; cues: identical or
near-identical regions, consistent textures/patterns,
matching structures possibly under geometric or

Determine whether the accompanying text is consistent
with the figure by identifying if contradictions arise in
numerical values or in described trends.

___________________________________________________________________

distributed the most evenly. = 0.85)...</SENTENCE> J




Task Design

Cross-Modal Inconsistency Identification and Localization
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Task Design

Balanced Robutness Index (BRI)
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Main Results

- Systemic Reasoning Gap: SOTA GPT-5 plateaus at 56.15% BRI.
- Localization Struggle: Sharp 55% drop in grounding accuracy for top models.
- Competitive open models: Qwen-2.5-VL rivals proprietary MLLMs in specialized tasks.

Compesite Cross-Modal
Single-Mode Forgery Single-Mode Forgery Manipulation I .
. s i " nconsistency
Identification Localization Operations Identification &

Model (Id Score) (Loc Score) Identification s BRI

Localization

(Id Score)
SPL. CM AIG e SPL. CM AIG . DUP TII (300)
(807) (242) (897) VB | (807) (242) (897) & (2,079)  |1d Score Loc Score
Proprietary MLLMs
GPT-5 4351 7273 4426 5350 | 16.67 3641 1933 24.14 33.32 60.67 27.44 56.15
OpenAl o4-mini-high 41.49 77.89 35.67 51.68 | 1044 29.78 19.79 20.00 30.34 66.33 3292 52.34
Qwen-VL-Max 30.37 87.40 3543 51.07 | 40.07 4834 3585 4142 23.33 56.00 15.36 49.83
Gemini 2.5 Flash 63.39 6756 3545 5547 | 56.72 4698 38.87 47.52 24.96 36.33 28.24 44.70
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 37.14
Doubao-Seed-1.6-vision | 20.84 61.78 27.54 36.72 | 31.42 2697 29.90 29.43 45.13 37.00 30.43 33.47
Gemini 2.5 Pro 30.60 47.46 1490 3099 | 46.65 46.61 47.20 46.82 21.49 44.67 37.31 31.97
GLM-4.5V 29.23 5843 5451 4739 | 854 2223 10.63 13.80 21.84 53.67 22.69 31.57
Claude Sonnet 4.5 29.71 75.66 3043 4527 | 1495 44.12 20.98 26.68 21.86 35.67 27.42 29.96
Open-Source MLLMs

Qwen2.5-VL-72B 36.40 77.27 51.06 5491 | 51.66 55.16 3557 47.46 16.75 61.33 12.32 47.16
InternVL3.5-8B 30.97 5842 67.00 52.13 | 43.38 40.24 33.19 3894 33.28 55.00 4.78 38.73
Llama 4 Maverick 23.37 5124 58.19 4427 | 17.97 2850 19.71 22.06 19.01 54.00 16.08 34.78
LLaVA-Interleave-7B 41.80 47.55 4693 4543 | 3597 2522 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
Qwen2.5-VL-32B 30.31 5748 3924 4234 | 591 1893 745 10.76 15.26 58.33 17.94 18.22
Gemma 3 27B 25.39 28.87 3423 2950 | 27.78 32.80 2644 29.01 12.20 31.67 21.41 9.59
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Real World Data Evaluation

- Fidelity: Synthetic data exerts comparable reasoning pressure to real cases.
- Complexity: Higher difficulty in Duplication via compounded transformations.
- Reliability: Synthetic performance highly correlates with real-world capability.

Model ‘ Data Type | Splicing ‘ Copy-Move ‘ Duplication
| Id Score Loc Score ’ Id Score Loc Score ‘ Id Score
Proprietary MLLMs

GPL5 Synthetic | 43.51 16.67 72.73 36.41 33.32
Real 2727 23.96 60.00 33.39 23.22

OpenAl o4-mini-high Synthetic | 41.49 10.44 77.89 20.78 30.34
Real 9.09 11.99 60.00 31.35 36.04

heti L3 40. A 48.34 23.

G VLN Synthetic | 30.3 0.07 87.40 8.3 3.33
Real 0.00 15.15 13.33 3.70 20.95

Gemini 2.5 Flash Synthetic | 63.39 56.72 67.56 46.98 24.96
Real 9.09 38.55 80.00 47.58 49.58

Open-Source MLLMs

Qwen2.5-VL-72B Synthetic | 36.40 51.66 77.27 55.16 16.75
Real 0.00 54.54 100.00 36.27 22.39

Ll A Blietick Synthetic | 23.37 17.97 51.24 28.50 19.01
Real 0.00 8.66 6.67 222 39.75

Gemma 3 27B Synthetic | 25.39 27.78 28.87 32.80 12.20
Real 0.00 15.25 40.00 17.04 42.18

e Synthetic | 37.70 31.62 66.14 39.71 22.84
B Real 6.49 24.01 51.43 2451 33.44
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Finegrained Results

| Post- SPL M AIG DUP
Mindel Processing
| | Id Score Loc Score ‘ Id Score Loc Score | Id Score Loc Score | Id Score
None 43.51 16.67 72.73 36.41 44.26 19.33 33.32
GPT5 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)
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)
Scaling | 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)
None 63.39 56.72 67.56 46.98 35.45 38.87 24.96
Gemini 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)
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)
Scaling | 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)
Model | Prompting | SPL \ M | AIG | bpup | TII
StFategy ‘ Id Score Loc Score ‘ Id Score Loc Score | Id Score Loc Score ‘ Id Score | Id Score Loc Score
None 4351 16.67 72.73 36.41 44.26 19.33 33.32 60.67 27.44
GPT-5 CoT 44.85 (+1.34) 25.16 (+8.49) | 74.46 (+1.73) 38.74 (+2.33) | 43.36 (-0.90) 30.10 (+10.77) | 33.95 (+0.63) | 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 (-1.00) 27.46 (+8.13) - - -
None 23.37 17.97 51.24 28.50 58.19 19.71 19.01 54.00 16.08
Llama 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 (+9.28) | 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) - - -

=§- None

Gaussian Blur

[ GPT-5 [0 Qwen-VL-Max

=&~ JPEG Compression Scaling [ OpenAl o4-mini-high [ Qwen2.5-VL-72B
§ 8o § 50 ;\3 40
e 70_ N ~
o o 407 o i
8 60 8 g *
3 8 201 3
o 50 y o = 20
5] S 204 2
Za0q g g
& 304 N 10 g 107
g N | g ]
£ 20 — 8 o g
g r r T + 3 T r r 3 o )
1 SPL CM AIG DUP SPL CM AIG = 2 3
(a) Impact of input perturbations on GPT-5 performance. on ]()b:;hn; l;:lif)tno;i?::ilt(iec‘: t?::]“;‘;:;z:::ice

70 ’B'g 80 g 40

604 A = S GPT-5
—_ i J o 0 - i
350 S 60 5 3 /\ ~ =~ Llama 4 Maverick
€ 4o b & -8 GPT (CoT)
o , £ 504 = 204
& 304 \ .g '8 =#= Llama (CoT)
& 20- g 407 g 104 _— - GPT (Few-Shot)

10 4 | 304 E =&~ Llama (Few-Shot)

o g 20 r T T S T T T

o = SPL CM AIG SPL CM AIG

QX © g
& &“'\9 & &
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on overall performance.

(d) Impact of few-shot prompting
on identification performance.
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(e) Impact of few-shot prompting
on localization performance.




Thank you for attention and
see you at the conference !
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