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Abstract
Large vision-language models (LVLMs) have
made substantial advances in reasoning tasks
at the Olympiad level. Nevertheless, current
Olympiad-level multimodal reasoning bench-
marks for these models often emphasize single-
image analysis and fail to exploit contextual in-
formation across multiple images. We present
OMIBench, a benchmark designed to evaluate
Olympiad-level reasoning when the required
evidence is distributed over multiple images.
It contains problems from biology, chemistry,
mathematics, and physics Olympiads, together
with manually annotated rationales and eval-
uation protocols for both exact and seman-
tic answer matching. Across extensive ex-
periments on OMIBench, we observe mean-
ingful performance gaps in existing models.
Even the strongest LVLMs, such as Gemini-
3-Pro, attain only about 50% on the benchmark.
These results position OMIBench as a focused
resources for studying and improving multi-
image reasoning in LVLMs.

1 Introduction

Recent advances in large vision–language mod-
els (LVLMs) have enabled strong performance on
demanding reasoning tasks, from elementary arith-
metic to Olympiad-level problems that require deep
domain knowledge and multi-step inference (Lu
et al., 2022, 2024; Chen et al., 2024b; Wang et al.,
2025d; Liu et al., 2025; He et al., 2024). A central
driver of this progress is chain-of-thought (CoT)
prompting (Wei et al., 2022), which elicits ex-
plicit intermediate reasoning steps in natural lan-
guage (Wang et al., 2025d; Chen et al., 2024a,
2025a). In multimodal settings, these techniques
enable LVLMs to fuse visual cues with textual
information, yielding substantial gains on single-
image Olympiad-level benchmarks (Zhang et al.,
2024b; Cheng et al., 2025a).

*Equal contribution.
†Corresponding authors.

If 𝑆! = 𝑆", what is the relationship between 𝑆! and 𝑆#?
A. 𝑆! = 1.5 𝑆#; B. 𝑆! = 2 𝑆#; C. 𝑆! = 3 𝑆#; D. 𝑆! = 3.5 𝑆#

Rationale: As shown in Figure (2), draw a perpendicular line from 
point 𝐹 to 𝐵𝐷, … Figure (3)… Therefore, the answer is: B.
Answer: B

Question: As shown in the figure, in right triangle
∆𝐴𝐵𝐶, C𝐷 is the altitude on the hypotenuse 𝐴𝐵.
The ∆𝐴𝐶𝐷 and ∆𝐵𝐶𝐷 are arranged … shaded
regions in these three figures be 𝑆!, 𝑆" and 𝑆# …

Figure (1) Figure (2) Figure (3) 

Rationale: Join 𝐵𝑌. Since 𝐵𝐶 is a diameter, then ∠𝐵𝑌𝐶 = 90°.
Since e 𝐴𝐵 = 𝐵𝐶, ∆𝐴𝐵𝐶 is isosceles and 𝐵𝑌 … Therefore, XY=15.
Answer: 15

Question: In ∆𝐴𝐵𝐶 , 𝐴𝐵 = 𝐵𝐶 = 2
and 𝐴𝐶 = 30 . The circle with
diameter 𝐵𝐶 intersects 𝐴𝐵 at 𝑋 and
𝐴𝐶 at 𝑌. Determine the length of 𝑋𝑌.
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(a) Olympiad-level single image benchmark.

(b) Multi-image Olympiad-level benchmark.

Figure 1: Comparison between existing single-image
reasoning benchmarks (OlympiadBench) and our pro-
posed Olympiad-level Multi-Image Reasoning Bench-
mark (OMIBench).

However, as illustrated in Figure 1 (a), existing
multimodal Olympiad benchmarks largely remain
restricted to single-image question settings (Zhao
et al., 2024; Cheng et al., 2025c; Du et al., 2025).
In real scientific and technical settings, however,
problems often rely on multiple interdependent
figures, diagrams, and experimental setups (Fig-
ure 1(b)) (Alampara et al., 2025; Chen et al., 2025b;
Roberts et al., 2024; Liu et al., 2024a; Ji et al.,
2025). Effective multi-image reasoning therefore
requires not only interpreting each image, but also
(1) maintaining a coherent information flow
across images, and (2) performing cross-image,
cross-modal reasoning that supports Olympiad-
level problem solving. However, existing bench-
marks (Zhang et al., 2024a; Lu et al., 2024; Małk-
iński and Mańdziuk, 2025; Cheng et al., 2025c)
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Benchmark Multi-Image Maths Physics Chemistry Biology Difficulty Rationale Answer type Question type

ScienceQA (Lu et al., 2022) ✘ ✔ ✔ ✔ ✔ H ∼ 90% Text, Num MC
MME-CoT (Jiang et al., 2025) ✘ ✔ ✔ ✔ ✔ H ✔ Text, Num MC, OE
M3CoT (Chen et al., 2024b) ✘ ✔ ✔ ✔ ✔ COL ✔ Exp, Text, Num MC
MMReason (Yao et al., 2025) ✘ ✔ ✔ ✘ ✘ COL ✔ Exp, Text, Num OE
MathVista (Lu et al., 2024) ✘ ✔ ✘ ✘ ✘ COL ✘ Num MC, OE
MathVerse (Zhang et al., 2024a) ✘ ✔ ✘ ✘ ✘ COL ✘ Num MC, OE
MMMU (Yue et al., 2024) <10% ✔ ✔ ✔ ✔ COL < 18% Image, Text, Num MC, OE
OlympiadBench (He et al., 2024) <5% ✔ ✔ ✘ ✘ COMP ✔ ALL ALL

MuirBench (Wang et al., 2025a) ✔ ✘ ✘ ✘ ✘ H ✘ Text MC
MMIU (Meng et al., 2024) ✔ ✘ ✘ ✘ ✘ H ✘ Text MC
Blink (Fu et al., 2024) ✔ ✘ ✘ ✘ ✘ H ✘ Image, Text, Num MC
ReMI (Kazemi et al., 2024) ✔ ✔ ✔ ✘ ✘ H, COL ✘ Image, Text, Num MC, OE

OMIBench ✔ ✔ ✔ ✔ ✔ COMP ✔ ALL ALL

Table 1: Comparison of representative multimodal benchmarks by image setting, subject coverage, difficulty,
rationale, answer types and question types. For difficulty, H: high, COL: college, COMP: competition; For answer
or choice type, Num: numeric value, Text: text expression answer or choice, Image: image choices; For question
type, MC: multiple-choice, J: judgement, OE: open-ended.

only partially capture this multi-image context:
they emphasize perception and cross-image refer-
ence resolution, but give limited attention to strong
semantic and quantitative links across images and
modalities in Olympiad-level reasoning. Hence,
they offer an incomplete evaluation of multi-image
Olympiad-level reasoning, especially in tasks re-
quiring precise interpretation across visuals (Alam-
para et al., 2025; Cheng et al., 2025a).

To address this gap, as shown in Table 1, we
introduce the Olympiad-level Multi-Image Bench-
mark (OMIBench), a large-scale suite for evaluat-
ing LVLMs’ multi-image information integration
and reasoning. OMIBench includes over 1,000
Olympiad-level problems in biology, chemistry,
mathematics, and physics, with manually anno-
tated rationales and answers. Each problem con-
tains multiple images that jointly provide the evi-
dence needed for multi-step reasoning and the final
solution. OMIBench also offers reasoning-path
annotations, enabling fine-grained analyses.

We benchmark representative LVLMs on
OMIBench. The results reveal clear limitations,
with accuracy below 51% and drops of up to
15% relative to single-image settings. Model out-
puts show recurring failures in visual perception,
cross-image association, and cross-modal logical
integration; compared with existing multi-image
benchmarks, OMIBench produces performance de-
creases exceeding 20%. We also examine several
strategies for improving performance, including
long chain-of-thought, test-time scaling, ICL, and
think-with-image approaches. Long CoT, paral-
lel/sequential scaling, and ICL bring consistent but
limited gains, while parameter scaling and think-
with-image methods offer little benefit and some-
times reduce performance. These results suggest

that progress will likely require more fundamental
advances in model architecture and training.

In summary, our contributions are threefold:
• We identify a critical gap in existing litera-

ture on evaluating multi-image Olympiad-level
reasoning in LVLMs, a setting that requires
autonomous cross-image alignment, selection,
and integrative reasoning.

• We introduce OMIBench, a novel benchmark
with over 1,000 Olympiad-level multi-image
reasoning tasks spanning chemistry, physics,
mathematics, and experimental design. We es-
tablish comprehensive baselines by evaluating
state-of-the-art LVLMs, exposing major gaps
in Olympiad-level multi-image reasoning.

• We provide diagnostic analyses and assess di-
verse enhancement techniques, including long
CoT, test-time scaling, in-context learning,
and think-with-image methods, to improve
LVLM performance on OMIBench and identify
promising directions.

The dataset and resources are available at
https://github.com/LightChen233/OMIBench.

2 Task Definition

Unlike single-image multimodal CoT, multi-
image CoT considers a set of images I =
{I1, I2, . . . , In|n ≥ 2}, a question Q, and a context
C. The task is to answer Q by integrating evidence
across multiple images, where different images
may provide complementary information needed
for the final answer. Specifically, OMIBench con-
sists of the following two tasks:

Multiple-Choice Reasoning Task Given close
set O = {o1, . . . , on} with n options, we first con-
struct a textual prompt T = Prompt(Q,C,O).
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Biology
l Anatomy
l Physiology
l Microbiology
l Plant Biology
l Developmental Biology
l Molecular and Biochemistry
l Cellular & Molecular Biology
l Zoology and Animal Behavior
l Ecology & Environment
l Virology and Immunology
l Genetics and Genomics
l Medicine
l Disease & Pharmacology
l Cell Biology

Mathematics
l Circle Geometry
l Area, Perimeter, Ratios
l Transformations & Symmetry
l Tessellations / Tilings and Partitions
l Spirals, and Other Special Configurations

l Kinetics
l Biochemistry 
l Organic Chemistry 
l Chemistry Reactions
l Coordination Chemistry
l Mechanistic & Force Chemistry
l Molecular Inorganic Chemistry 
l Chemical Molecular Geometry
l Physical Chemistry
l Chemical Polymer
l Materials Chemistry
l Analytical Chemistry
l Solution Chemistry 
l Acid–Base & Redox Chemistry

Chemistry Statistic Number

Total Samples 1,322

Sample with Rationale 100%

Open-Ended Samples 748 (56.6%)

Multiple Choices Samples 574 (44.4%)

Biology size 251

Chemistry size 217

Mathematics size 430

Physics size 424

Average Image Number 3.07

* Avg. Biology Image 3.07

* Avg. Chemistry Image 4.00

* Avg. Mathematics Image 2.35

* Avg. Physics Image 3.34

Average question length 210.12

Average rationale length 420.18

Physics
l Optics
l Circuits
l Relativity
l Fluid Mechanics
l Electromagnetism
l Solid-State Physics
l Classical Mechanics
l Rigid Body Rotation
l Waves and Acoustics
l Engineering & Applied Physics
l Thermology & Thermodynamics
l Celestial/Orbital Mechanics
l Quantum Mechanics & Nuclear 

Physics

l Plane Geometry & Axiomatic Geometry
l Origami / Folding geometry / Unfolding
l Trigonometric Functions and Applications
l Applied Mathematics in Real-world Contexts
l Analytic Geometry / Coordinate Geometry / Graphs
l Angle Bisection, Trisection, and Related Constructions
l Angles, Parallel lines, and Related Theorems

Figure 2: Key statistics of OMIBench, encompassing diverse problem types across Biology, Chemistry, Mathematics,
and Physics (over 1.3K samples; average 3.07 images per sample). Images are excluded from token counts.

The model then generates a stepwise rationale
Rm={s1, . . . , sm}, with each step si defined by:

si = argmaxsi∈Rm
P (si|I, T ). (1)

Finally, the model selects the final answer Y from
close option set O, which is denoted as:

Y = argmaxo∈O P (o|Rm). (2)

Open-Ended Reasoning Task For open-ended
problems, we first form an instruction prompt
T = Prompt(Q,C), where Prompt(·) from the
question and context, where Prompt(·) denotes
the prompting procedure used to format the textual
input. Conditioned on I and T , the model produces
a step-by-step rationale Rm = {s1, . . . , sm}, with
each step generated as:

si = argmaxsi∈Rm
P (si|I, T ). (3)

Finally, the model arrives at the final answer Y
from open answer space A, which is denoted as:

Y = argmaxA P (A|Rm), (4)

where Y derives from information in the images
and question, requiring the model to integrate vi-
sual and textual cues for a coherent answer.

3 Olympiad-Level Multi-Image
Reasoning Benchmark (OMIBench)

We build OMIBench to assess whether LVLMs can
solve competition-grade scientific problems whose
evidence is distributed across multiple images, with
coverage across biology, chemistry, mathematics,
and physics. Summary statistics are provided in
Figure 2 and Table 3. Data construction details can
be seen in Appendix A.

3.1 Design Principle
OMIBench targets the upper bound of Olympiad-
level problem solving and supports research on
LVLMs for multi-image reasoning in biology,
mathematics, chemistry, and physics. Follow-
ing He et al. (2024), it reflects the rigor of top
competitions. Specifically, OMIBench includes:
Olympiad-level problems: Biology, mathemat-
ics, chemistry, and physics questions from interna-
tional and national Olympiads for top students, in
multiple-choice and open-ended formats, to assess
advanced reasoning and intermediate steps.
Expert solutions and rationales: Each problem
includes an expert solution with explicit reason-
ing. This lowers annotation and evaluation cost,
strengthens correctness judgments, and provides
supervision for analyzing model reasoning.
Multi-Image reasoning: Problems that require
linking multiple images and their relations, testing
cross-image and cross-modal reasoning and inte-
gration of visual evidence.

3.2 Data Annotation
The data annotation pipeline comprises four phases:
data collection & selection, rationale annotation,
quality control, and classification labeling.
Step 1: Data Collection & Selection. OMI-
Bench comprises Olympiad-level problems in bi-
ology, chemistry, mathematics, and physics, with
source distributions summarized in Table 3. The
corpus integrates international Olympiads, na-
tional and regional contests, and mixed-complexity
benchmarks, providing broad Olympiad-level cov-
erage across subfields in these disciplines.
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After collecting all PDF files, we use Mathpix
OCR to convert problems into Markdown format,
and team members manually verify each item to
ensure accuracy. The Markdown texts are then
normalized into a structured “Question–Rationale
(if available)–Answer” format. For samples from
mixed-complexity benchmarks, expert competitors
further select and curate the items. Multilingual
questions are translated with Google Translate and
subsequently verified by human experts.

Step 2: Rationale Annotations. Most compe-
tition datasets omit solution rationales, which are
essential for analyzing problem-solving. We there-
fore build expert-verified rationales via a two-
stage pipeline combining LLM-assisted generation
(Gemini-2.5-pro-thinking) and human verification.

Specifically, we use two-stage annotation: (1)
LLM generates up to 16 candidate solutions per
problem given the reference, retaining those with
the correct final answer. If none succeed, we pro-
vide the ground-truth answer and regenerate a cor-
rect solution, reducing human effort by ∼20%. (2)
Experienced annotators verify and refine the re-
tained rationales by correcting errors, adding miss-
ing steps, removing redundancy, and standardizing
notation. If a rationale is fundamentally flawed,
annotators rewrite it while preserving valid core
ideas. A final review ensures correctness, with
dataset statistics in Figure 2.

Step 3: Quality Control To ensure dataset qual-
ity, we employ a dual-review protocol in which
every problem receives at least one independent
audit, complemented by weekly random sampling
of 5% of examples for regression testing on key
metrics, error rate, text-image alignment, and solu-
tion accuracy. Further, audit feedback is introduced
to drive iterative updates to annotation guidelines
and targeted retraining, forming a closed-loop qual-
ity assurance process that maintains a high-fidelity
multimodal competition problem corpus.

Step 4: Classification Labeling. OMIBench
problems in biology, chemistry, mathematics, and
physics fall into two categories: open-ended and
multi-choices. The combined Olympiad and high-
stakes examination corpus covers a wide range of
subfields, as shown in Figure 2. We first use GPT-
4o to generate preliminary topic labels, and then
manually assign final topic to ensure consistency
and correctness across the corpus.

4 Main Experiments
4.1 Experiments Setup
We evaluate advanced open-source and closed-
source LVLMs (see Appendix B for additional
evaluation details). Each model generates an-
swers using boxed-format (“\boxed{·}”) prompts,
and open-source models are deployed on NVIDIA
A800 or A100 GPUs. Temperatures are selected
from [0, 1]. Model outputs are evaluated using
exact-match accuracy and GPTScore, which as-
sesses semantic equivalence under multimodal con-
textual constraints for open-ended answers (see
Appendix C and Appendix J for more details on
the metrics and their reliability). We report micro-
averaged accuracy as the overall metric.

4.2 Main Results
Table 2 presents the overall experimental results,
yielding two key findings:
OMIBench provides a more challenging eval-
uation framework than existing benchmarks.
The highest-performing model (Gemini-3-Pro)
achieves only 50.53% on OMIBench, substantially
lower than on current benchmarks. This increased
difficulty amplifies performance differences be-
tween models, enabling more precise capability
comparisons.
Substantial gaps persist between leading closed-
and open-source models, though model scale
alone is insufficient. Gemini-3-Pro-Preview
achieves about 15% higher accuracy than the best
open-source models. However, GPT-4o, despite
being closed-source and competitive on complex
tasks, achieves accuracy only marginally above
open-source models, suggesting that architecture
and training strategies beyond parameter count de-
termine performance on challenging benchmarks.

5 What’s essential in OMIBench?
We analyze OMIBench in the context of existing
multi-image benchmarks and isolate what makes
its Olympiad-style multi-image reasoning distinct.
More details are shown in Appendix D & E & F.
OMIBench needs deeper Olympiad-level cross-
modal reasoning. To gauge Olympiad-level rea-
soning demands, we compare OMIBench with
single-image OlympiadBench using the same
LVLMs. Figure 3(a) shows only moderate Spear-
man correlation across models (ρ = 0.614 <
0.7), suggesting that multi-image inputs shift rel-
ative rankings even on similar Olympiad prob-
lems. Accordingly, Gemini-3.0-Pro drops from
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Model Biology Chemistry Mathematics Physics Total

ACC Score ACC Score ACC Score ACC Score ACC Score

Instruction LVLMs

InternVL3-1B (Zhu et al., 2025) 27.41 7.97 6.54 1.84 13.39 3.26 14.86 1.42 15.40 3.33
InternVL3-2B (Zhu et al., 2025) 31.47 20.72 12.35 11.98 17.88 7.67 14.81 9.43 18.57 11.42
Qwen2.5-VL-3B-Instruct (Bai et al., 2025b) 27.89 21.12 17.05 9.68 17.91 11.16 15.57 8.25 18.91 11.87
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 37.85 31.87 20.28 15.67 13.72 8.37 11.56 14.39 18.69 15.96
InternVL3-8B (Zhu et al., 2025) 43.57 33.07 15.80 16.13 23.30 9.30 19.53 12.74 24.71 16.04
InternVL3-14B (Zhu et al., 2025) 47.94 38.25 22.66 20.74 24.28 11.92 21.89 16.35 27.74 19.79
InternVL3-38B (Zhu et al., 2025) 50.92 43.03 13.36 17.97 24.35 15.81 24.81 16.75 27.74 21.63
InternVL3-78B (Zhu et al., 2025) 47.41 46.61 17.16 20.74 27.30 17.21 22.95 18.63 28.06 23.83
Qwen2.5-VL-32B-Instruct (Bai et al., 2025b) 48.21 48.61 22.93 19.82 24.01 21.40 23.54 19.81 28.28 25.80
Qwen2.5-VL-72B-Instruct (Bai et al., 2025b) 51.79 53.39 23.45 19.82 24.19 27.67 22.47 17.45 28.76 27.99

Long CoT LVLMs

InternVL3.5-1B (Wang et al., 2025c) 32.46 17.93 14.29 6.91 15.12 4.65 23.58 8.02 21.56 8.62
Qwen3-VL-2B-Instruct (Bai et al., 2025a) 27.44 19.92 12.33 5.07 11.53 6.99 12.50 8.75 14.99 9.69
InternVL3.5-2B (Wang et al., 2025c) 34.66 25.10 16.13 13.82 20.00 11.86 22.64 12.74 23.00 14.98
InternVL3.5-30B-A3B (Wang et al., 2025c) 43.03 43.43 19.35 20.28 24.42 14.19 18.87 13.21 25.34 20.43
Qwen3-VL-4B-Instruct (Bai et al., 2025a) 43.03 36.65 17.05 11.06 27.91 23.72 18.40 13.92 25.95 20.95
InternVL3.5-14B (Wang et al., 2025c) 51.00 40.24 19.80 21.20 27.44 19.30 18.63 20.75 27.84 24.05
InternVL3.5-241B-A28B (Wang et al., 2025c) 52.58 45.42 21.58 25.35 31.16 20.47 19.58 21.23 29.94 26.25
InternVL3.5-8B (Wang et al., 2025c) 47.41 37.05 17.97 18.43 27.91 32.33 17.92 17.69 26.78 26.25
Qwen3-VL-8B-Instruct (Bai et al., 2025a) 46.61 43.43 16.13 17.05 27.44 29.30 20.05 18.63 26.85 26.55
InternVL3.5-38B (Wang et al., 2025c) 49.40 41.83 20.28 22.12 22.33 25.12 24.53 23.58 27.84 27.31
Qwen3-VL-30B-A3B-Instruct (Bai et al., 2025a) 48.51 48.61 13.29 12.90 31.42 32.33 20.02 20.99 28.03 28.59
Qwen3-VL-235B-A22B-Instruct (Bai et al., 2025a) 60.41 63.20 17.23 22.58 37.48 34.19 23.77 23.58 34.11 34.39
Qwen3-VL-32B-Instruct (Bai et al., 2025a) 57.62 58.57 14.09 20.74 44.40 40.70 25.48 25.00 35.87 35.78

Close-sourced LVLMs

GPT-4o-mini (Hurst et al., 2024) 56.57 40.24 10.81 21.66 27.49 11.86 18.25 17.22 27.31 20.58
GPT-4o (Hurst et al., 2024) 60.96 53.00 15.67 22.58 29.69 15.49 17.10 18.92 24.05 24.88
Gemini-2.5-Flash (Comanici et al., 2025) 58.13 64.54 22.42 18.43 41.16 38.37 21.21 23.35 34.91 35.25
Gemini-2.5-Pro (Comanici et al., 2025) 59.53 66.14 22.88 23.96 42.28 53.49 22.90 31.84 36.16 44.10
OpenAI-o4-mini (OpenAI, 2025c) 51.41 57.37 23.67 32.41 41.28 56.61 19.03 35.38 33.19 45.97
GPT-5-mini (OpenAI, 2025b) 58.96 59.36 22.12 24.42 37.44 56.74 24.39 43.63 34.83 47.73
GPT-5 (OpenAI, 2025b) 68.13 62.55 23.96 29.03 39.30 56.51 20.52 40.80 36.23 48.11
Gemini-3-Pro-Preview (Google DeepMind, 2025) 64.51 71.31 25.52 25.35 55.77 62.56 25.59 38.92 42.79 50.53

Table 2: Main results on OMIBench, where the bold content denotes the best performance. Here, “ ”: best
performance, “ ”: second performance, “ ”: third performance. Rows are ordered by total average GPT-Score.

75.67% accuracy on OlympiadBench to 50.53% on
OMIBench (>25% absolute), indicating the added
difficulty of multi-image Olympiad reasoning. To
further probe these demands, we sample 100 prob-
lems and rate rationales from o4-mini and Gemini-
3.0-Pro. The human review finds logical errors in
46% of key steps, exposing a gap between fluent
rationales and correct reasoning. This gap calls for
stronger rationale generation to reach Olympiad-
level reasoning depth.

OMIBench needs stronger awareness of the
information flow across images. Generally,
MMIU (Meng et al., 2024) targets basic multi-
image understanding, whereas OMIBench de-
mands complex reasoning across images. To con-
firm this, we compare model performance. As
shown in Figure 3 (a), OMIBench shows moder-
ate Spearman correlation with MMIU (< 0.7): it
links to multi-image tasks but Olympiad-level diffi-
culty alters model rankings. Beyond this, we fur-
ther examine multi-image information integration.
As shown in Figure 3 (b), single-image accuracy
reaches 40%, dropping below 15% for inputs with

≥ 6 images. Restricting instances to one image
(Figure 3 (c)) causes at least a 10% absolute per-
formance drop versus using all images, revealing
LVLMs’ struggles with cross-image integration.

OMIBench needs combined Olympiad-level
cross-image and cross-modal reasoning. As
shown in Figure 3 (a), MMIU and OlympiadBench
yield poorly aligned model rankings, whereas
OMIBench is more consistent with both, suggest-
ing that it more faithfully captures the joint de-
mands of multi-image and Olympiad-style prob-
lems. The performance comparison in Figure 3 (d)
further illustrates this distinction: MMIU primar-
ily evaluates basic visual understanding (even the
weakest models achieve >40% accuracy), whereas
OMIBench requires substantially deeper reason-
ing (the best model reaches only around 40%).
This pronounced performance gap highlights the
increased difficulty of OMIBench and its value for
stress-testing LVLMs on both multi-image integra-
tion and Olympiad-level reasoning.

Mistake Analysis. We further analyze
GPTScore-annotated incorrect samples to

45104



(a) The spearman correlation matrix of OMIBench,
OlympiadBench, and MMIU benchmarks.
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Figure 4: Performance analysis on Long CoT Strategies. More details can be seen in Appendix G.

identify common failure modes, grouping them
into three categories. As shown in Figure 7, visual
perception failures account for 13% of errors,
cross-image association failures for 29%, and
logical reasoning fallacies for 41%. These distribu-
tions reveal persistent challenges in complex visual
interpretation, multi-image integration, and logical
consistency, highlighting the need for targeted
advances to improve LVLM performance.

Cross-image reasoning remains the main bot-
tleneck. To disentangle cross-image reasoning
from confounders such as increased visual infor-
mation, longer inputs, or OCR noise, we construct
an information-equivalent single-image control by
concatenating all images for each problem into a
single composite image while keeping the ques-
tion text and answer choices unchanged. This pre-
serves the total visual and textual information, log-
ical difficulty, input length, and OCR-related noise.
Detailed results are provided in Appendix L. The
information-equivalent single-image setting consis-
tently outperforms the original multi-image setting,
indicating that the multi-image organization itself,
which requires models to autonomously align, fil-
ter, and integrate evidence across images, is the

primary source of the observed performance gap
rather than visual volume or OCR noise.

Human-expert baselines confirm the difficulty
of OMIBench. To calibrate the absolute diffi-
culty of OMIBench against human performance,
we conduct an initial human-baseline study on a 52-
problem subset. Human experts achieve above 80%
accuracy, and trained non-experts exceed 57%,
while the strongest current model (Gemini-3-Pro)
reaches only 48.08%, leaving a gap of more than
30 points to experts and around 10 points even
to trained non-experts. Additional results are pro-
vided in Appendix K.

6 How to improve on OMIBench?

6.1 Can Long CoT Strategies Help?

Prompting methods that usually work do not sig-
nificantly improve performance on OMIBench.
Prior work has found that chain-of-thought (CoT)
prompting can improve model performance on
Olympiad-level reasoning tasks (Chen et al., 2025a;
Li et al., 2025). We test whether these gains trans-
fer to OMIBench by comparing widely used CoT
prompting strategies, asking whether prompt en-
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gineering can narrow the gap or whether improve-
ments remain marginal. As shown in Figure 4 (a),
we observe no statistically significant differences
across prompts, indicating that current CoT prompt-
ing yields only limited gains on OMIBench.

Long CoT thinking model variants significantly
improve performance on OMIBench compared
with prior benchmarks. We further evaluate
a “no-thinking” prompting setting and find that
both reasoning-oriented and non-reasoning LVLMs
still struggle on OMIBench. As shown in Fig-
ure 4 (b), enabling or disabling explicit “think-
ing” yields little performance change. We then
compare the “thinking” and “instruct” variants of
Qwen3-VL to assess whether more advanced Long
CoT paradigms improve multimodal reasoning. As
shown in Figure 4 (c), the thinking variant outper-
forms the instruct variant on OMIBench by about
10%, substantially improving Olympiad-level per-
formance. This gain is notably larger than that on
earlier single-image reasoning benchmarks such as
MathVista (<5%) (Bai et al., 2025a).

6.2 Can Test-Time Scaling Help?
To assess test-time scaling on OMIBench, we vary
three orthogonal axes (parallel sampling, sequential
reasoning depth, and model size), and obtain the

following observations:

Sequential scaling remains effective in
OMIBench. We test whether longer test-time
reasoning improves performance by varying
the maximum reasoning length. The resulting
accuracy–reasoning-length curve characterizes the
marginal returns (and potential saturation) of addi-
tional sequential inference computation. As shown
in Figure 5(a), increasing the token budget from
512 to 16,384 yields a near-monotonic accuracy
gain, indicating that such scaling remains effective
on OMIBench, where MMIU and OlympiadBench
performance becomes comparable.

Parameter scaling limits on OMIBench neces-
sitate increased activated rather than total ac-
tivable parameters. We evaluate test-time scal-
ing versus parameter count using models from 1B
to 235B parameters under identical inference. Un-
like OlympiadBench and MMIU (Figure 5(b)), In-
ternVL and QwenVL plateau on OMIBench at
∼25% and ∼35% GPTScore, respectively. This
plateau is mainly associated with Mixture-of-
Experts (MoE) models, where added capacity may
not be activated at inference. In contrast, perfor-
mance plotted against activated parameters shows
a positive, near-linear trend, implying that multi-
image Olympiad tasks require more concurrently
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active parameters rather than a larger inactive pool.
Parallel scaling still works in OMIBench. With
temperature set to 0.6 and self-consistency applied,
accuracy in Figure 5(c) improves monotonically as
k increases and exhibits approximately log-linear
scaling in the number of samples. These results
indicate that parallel scaling remains effective on
OMIBench.

6.3 Can In-Context Learning Help?
Inspired by Multimodal In-Context Learning (MM-
ICL) (Qin et al., 2024), we ask whether curated
in-context examples can improve multimodal rea-
soning without parameter updates.
MM-ICL offers a limited logical connection
of multi-image context. Figure 6(a) shows that
multi-image ICL exceeds single-image ICL, yet
both underperform No-Image-ICL, indicating that
current LVLMs benefit more from textual context
than from multi-image visual context for cross-
image reasoning.
Multiple visual logical connections remain in-
ferior to textual connections. This differs from
prior single-image findings (Chen et al., 2024b; Qin
et al., 2024), suggesting that MM-ICL can link mul-
timodal context to some extent but remains weaker
than text-based connection.

6.3.1 Can Thinking with Images Help?
Further, we examine whether models can effec-
tively think with images (TwI) by generating or
manipulating intermediate visual artifacts during
reasoning, rather than producing only textual ra-
tionales (Cheng et al., 2025b,a; Su et al., 2025).
Additional details are provided in Appendix I.
Current tool-based TwI works in single image
domain but fails in OMIBench. Tool-based TwI
with GPT-4o and VisualSketchpad still suffers sub-
stantial performance degradation on OMIBench
in Figure 6 (b), indicating limited transfer from
single-image tasks.
Current internal TwI works in single image do-
main but fails in OMIBench. Internal TwI with
Emu-3.5-34B likewise incurs large performance
degradation in Figure 6 (c) and even falls below
Qwen-2.5-32B-VL, further underscoring its limited
transfer from single-image tasks.

6.4 Can SFT or Tools Close the Gap?
Beyond prompting and test-time strategies, we ask
whether (1) supervised fine-tuning (SFT) on exist-
ing multi-image data, or (2) integration of external

visual tools, can substantially narrow the gap on
OMIBench. Detailed numbers are reported in Ap-
pendix M (Tables 9 and 10).

SFT on existing multi-image data yields only
limited gains. We fine-tune InternVL3.5-8B
and Qwen3-VL-8B-Instruct on two representative
multi-image SFT datasets: CMMCoT (Zhang
et al., 2026) and MMDU (Liu et al., 2024b).
Naive SFT on the simpler MMDU even slightly de-
grades performance (∼0.5–1%), while SFT on the
more reasoning-intensive CMMCoT consistently
improves both backbones, but with average gains
still below ∼1.5–2%. This shows that the field
currently lacks training data tailored to Olympiad-
level multi-image reasoning, and that closing the
gap on OMIBench likely requires fundamentally
new training resources.

External visual tools help only when paired with
strong base models. We evaluate three external-
tool integration frameworks, Visual Sketchpad (Hu
et al., 2024), SlowPerception (Wei et al., 2024),
and CogFlow (Chen et al., 2026b), on top of GPT-
4o and GPT-5. When the base model is weaker
(GPT-4o), tool augmentation generally degrades
performance, as the model frequently fails to in-
voke visual tools correctly in multi-image scenarios.
With a stronger backbone (GPT-5), tool augmen-
tation yields modest additional gains in some sub-
jects, but the overall improvement remains limited,
indicating that reliably solving OMIBench requires
stronger underlying intelligence to orchestrate tool
use, rather than tools alone.

7 Related work

Competition Benchmarks. Several benchmarks
assess LLM reasoning using competition-style
questions. MATH (Hendrycks et al., 2021) and
OlymMATH (Sun et al., 2025) collect high-school
mathematics contest problems across diverse topics
and require multi-step reasoning. AGIEval (Zhong
et al., 2024) covers multiple subjects, includ-
ing mathematics and physics, with questions
drawn from competitive examinations. Olympiad-
Bench (He et al., 2024) targets Olympiad-level
mathematics and physics and provides per-problem
rationales to enable deeper analysis of model rea-
soning. In addition, AIME (AIME, 2024, 2025)
and AMC (AMC, 2023) use authentic contest prob-
lems that probe a broad range of mathematical
skills and concepts.
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Multimodal Benchmarks. To evaluate multi-
modal geometric reasoning, datasets such as Ge-
ometry3K (Lu et al., 2021), GeoQA (Chen et al.,
2021), GeoQA+ (Cao and Xiao, 2022), and Uni-
Geo (Chen et al., 2022) pair natural-language
problems with diagrams (Ji et al., 2025). Math-
Vista (Lu et al., 2024) and MathVerse (Zhang
et al., 2024a) assess broader multimodal mathe-
matical reasoning in vision-language models. Sci-
enceQA (Lu et al., 2022), MMMU (Yue et al.,
2024), and M3CoT (Chen et al., 2024b) extend
evaluation across multiple disciplines (Jiang et al.,
2025). OlympiadBench (He et al., 2024) targets ad-
vanced scientific reasoning through Olympiad prob-
lems in mathematics and physics, while Physics
Big (Timur et al., 2024) provides a large-scale col-
lection of physics competition problems for evalu-
ating quantitative problem solving.

Recent work has also examined multi-image un-
derstanding in LVLMs. Mementos (Wang et al.,
2024) studies narrative and temporal reasoning
over image sequences; MC-Bench (Xu et al.,
2025) evaluates multi-context visual grounding;
and MANTIS (Jiang et al., 2024) offers interleaved
vision–language instruction-tuning data with broad,
general-domain difficulty. Although these bench-
marks effectively test cross-image reference, align-
ment, and commonsense composition, they mainly
emphasize narrative or perceptual integration rather
than the tight semantic and quantitative coupling
required by competition-level scientific problems.

Overall, existing benchmarks have advanced
the evaluation of multimodal reasoning, but they
still focus largely on single-image settings or rel-
atively shallow multi-image perception, and sel-
dom capture Olympiad-level multi-step reason-
ing. OMIBench addresses this gap by combining
Olympiad-level scientific reasoning with evidence
distributed across multiple interdependent images,
requiring coherent image–image and image–text
reasoning to derive the final answer.

8 Conclusion
This work introduced OMIBench, a large-scale
multi-image Olympiad-level benchmark for evalu-
ating LVLMs on complex multi-image reasoning.
Experiments show substantial performance drops
relative to single-image tasks, driven by failures in
multi-image integration and grounded cross-modal
reasoning. These findings establish multi-image
reasoning as a central challenge and motivate ad-
vances beyond prompting.

Ethical Considerations

In this paper, we introduce OMIBench, a demand-
ing multimodal benchmark for assessing mathemat-
ical and physical reasoning in current large models
and future AGI systems. We outline the dataset
construction pipeline, encompassing data collec-
tion from official sources only, OCR processing,
cleaning, deduplication, and expert annotations.

Each problem includes rigorous annotations,
with an evaluation script provided for reproducible
model assessment. OMIBench thus supports ad-
vances in AI scientific reasoning. To ensure re-
producibility and curb carbon-intensive redundant
computation, we will release the dataset and scripts
publicly. All experiments adhere to relevant model
and data licenses.

Limitations

OMIBench still has several limitations in evalu-
ation. First, some questions require open-ended
textual reasoning, such as multi-part solutions
or responses containing multiple valid scientific
statements, and therefore cannot yet be evaluated
fully reliably using symbolic tools such as SymPy.
These cases still require model-based or human
review. Second, even by GPTScore evaluation, it
may still under-credit creative solutions or partially
correct answers in open-ended settings. A further
limitation concerns dataset construction. Due to the
complexity and resource requirements of building
a multimodal scientific reasoning benchmark, al-
though OMIBench covers multiple disciplines and
problem formats, it does not yet cover the full range
of multi-image Olympiad-style reasoning found in
real educational and scientific settings.
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Appendix
A Data Construction Details

OMIBench was constructed via a rigorous
multi-stage pipeline that aggregates high-quality,
reasoning-intensive problems from diverse global
sources. Key steps are outlined below.

A.1 Details of Data Collection
Our collection strategy prioritized three criteria:
(1) difficulty, requiring multi-step chain-of-thought
reasoning (Chen et al., 2026a); (2) diversity, span-
ning text-only and multimodal contexts; and (3)
authority, drawing on established competitions and
vetted academic benchmarks.

The data acquisition process followed two pri-
mary streams: (1) Original contest archival. We
manually collected official problem sets from in-
ternational and national Olympiad archives (e.g.,
ICHO, IMO, CPHO) and regional tournaments
(e.g., ASO, CUPT). For sources available only as
PDFs, we used optical character recognition (OCR)
tools specialized for scientific notation (e.g., Math-
pix) to extract textual content and LATEX equations,
while high-resolution figures were cropped and pre-
served for multimodal evaluation. (2) Integration
of existing benchmarks. To broaden coverage,
we adapted images and questions from recent open-
source benchmarks, including OlympiadBench (He
et al., 2024), Mv-MATH (Wang et al., 2025b), and
EMMA (Hao et al., 2025). For these sources, we
standardized the data format to unify the repre-
sentation of questions, images, and ground-truth
answers across disciplines.

Table 3 lists the sources for each discipline and
the rationale for their inclusion.

Biology: Data were sourced from the Australian
Science Olympiads (ASO) and the Indian National
Biology Olympiad (INBO). These contests fea-
ture long-context problem statements that require
synthesizing facts with experimental data, testing
LLMs’ capacity for evidence-based reasoning.

Chemistry: This subset combines classical an-
alytical problems from the International Chem-
istry Olympiad (ICHO) with interdisciplinary chal-
lenges. We include questions from the British
Biology Olympiad (BBO) that overlap with bio-
chemistry, alongside the Chemistry Race and modi-
fied EMMA instances, to diversify problem formats
from organic synthesis planning to physical chem-
istry calculations.

Suject Source

Biology Australian Science Olympiads (ASO) *

Indian National Biology Olympiad (INBO) †

Chemistry

British Biology Olympiad (BBO) ‡

International Chemistry Olympiad (ICHO) §

Chemistry Race (Hrubes et al., 2021)
EMMA (Hao et al., 2025)

Mathematics

International Mathematical Olympiad (IMO) ¶

Chinese Mathematical Olympiad (CMO) ||

European Girls’ Mathematical Olympiad (EGMO) **

OlympiadBench (He et al., 2024)
Mv-MATH (Wang et al., 2025b)

Physics

China Undergraduate Physics Tournament (CUPT) ††

Chinese Physics Olympiad (CPHO) ‡‡

OlympiadBench (He et al., 2024)
Physics-Big (Timur et al., 2024)

Table 3: Source statistics of the constructed OMIBench
dataset.

Mathematics: To capture high-level symbolic
reasoning, we aggregate problems from the IMO,
CMO, and EGMO. Supplemented by Mv-MATH
and OlympiadBench, this component is heavily
multimodal, with plane geometry diagrams and
function graphs that require aligning visual percep-
tion with symbolic deduction.
Physics: We incorporate problems from the
China Undergraduate Physics Tournament (CUPT)
and the Chinese Physics Olympiad (CPHO), se-
lected for their emphasis on physical intuition and
complex modeling of real-world phenomena. Data
from Physics-Big provide additional coverage of
mechanics and electromagnetism.

A.2 Details of Format Conversion and Data
Selection.

To further ensure dataset quality, we apply addi-
tional filtering and translation checks beyond the
main pipeline described in the paper.
Format Conversion. First, we convert all PDF
files to Markdown using Mathpix OCR and nor-
malize them to a “Question–Rationale (if avail-
able)–Answer” schema.
Format Filtering. Team members review each
item to confirm that (i) the problem statement is
complete and legible, and (ii) the answer is well de-
fined and unambiguous. Items with severe OCR er-
rors, missing essential information (e.g., truncated
questions or missing answers), duplicated content,
or unresolved formatting issues (such as unread-
able formulas or diagrams) are removed from the
final set.
Difficulty Curation. For benchmarks spanning
multiple difficulty levels, experienced competition
participants further curate the pool by excluding
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trivial, overly domain-specific, or stylistically in-
consistent problems, so that the remaining items
better align with the intended reasoning skills and
difficulty.

Multilingual Translation and Verification. For
multilingual components, all non-English ques-
tions are first translated into English using Google
Translate. Human annotators fluent in English then
verify and, when necessary, correct the translations
to preserve the original semantics, mathematical
notation, and any subtle constraints or assumptions.
During this process, annotators flag and resolve am-
biguities (e.g., multiple plausible interpretations of
a term or condition), and any items whose meaning
cannot be reliably disambiguated are discarded.

A.3 Details of Rationale Annotations

Most existing competition-style datasets provide
only final answers or brief solution sketches, which
are insufficient for analysing model reasoning be-
haviours. To address this limitation, we construct
expert-verified, step-by-step rationales for each
problem using a two-stage pipeline that combines
LLM generation with careful human verification.

A.3.1 LLM-Assisted Rationale Generation

We first use Gemini-2.5-pro-thinking to generate
multiple candidate solutions for each problem.

Model Prompting: For every problem, the input
to the model includes: the problem statement; all
auxiliary information required to solve the prob-
lem (e.g., provided figures, tables, or input–output
formats), when available. Concretely, we use a
prompt template that instructs the model to “Let’s
think step-by-step!” and enforces a standardised
answer format. Each candidate must include both
an explicit reasoning trace and an explicit final an-
swer. Specifically, the model prompt is structured
as follows:

LLM Rationale Generation Prompt-P1

You are an expert problem solver. Given
the following problem statement and any
auxiliary information, provide a clear step-
by-step solution that leads to a final answer.
Explain each step of your reasoning, and
format your response as: {Reasoning: ...
Final Answer: ...}.

LLM Rationale Generation Prompt-P2

Problem Statement: [Insert
problem statement here]
Auxiliary Information: [Insert
figures, tables, or other
relevant data here]

For each problem, Gemini-2.5-pro-thinking sam-
ples up to 16 candidate solutions at moderate tem-
perature (0.6) to balance diversity and coherence.

Rationale Filtering: After generation, we au-
tomatically filter candidates, retaining only those
whose final answer matches the known correct an-
swer under the official evaluation protocol. If at
least one such candidate exists, all matching can-
didates are kept as potential rationales. If none
of the 16 candidates is correct, we append the
corresponding reference solution sketch or offi-
cial final answer to the prompt as “Reference
Solution: [Insert reference solution
here]” to trigger generation of a correct ratio-
nale. To avoid trivial rationales that merely restate
the answer, we apply simple automatic heuristics
to discard degenerate candidates, such as explana-
tions shorter than 50 tokens or responses that only
paraphrase the question or the reference answer
without intermediate steps.

Overall, this LLM-assisted stage reduces human
annotation effort by about 60% relative to fully
manual authoring, while still providing a rich pool
of candidate rationales for each problem.
A.3.2 Human Verification and Refinement
Based on the filtered candidate rationales, expe-
rienced annotators are required to verify and re-
fine all LLM-generated rationales. Annotators
are graduate-level students or domain experts with
strong backgrounds in mathematics, computer sci-
ence, or related fields, and receive detailed written
guidelines and training examples before starting
annotation.

Annotator Recruitment and Training. Annota-
tors were selected from graduate students with prior
experience in machine learning or related quanti-
tative fields. Before using the annotation platform,
they completed a written tutorial on task definitions,
edge cases, and examples of acceptable and unac-
ceptable annotations; passed a 30-item calibration
test spanning diverse problem types and difficulty
levels with at least 80% agreement with an expert
gold standard; and signed a code-of-conduct and
confidentiality agreement on responsible data han-
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dling. We require all annotation experts to have at
least one professional competition experience and
be trained to at least a bronze medal level.

Annotation Guidelines. Each annotator uses an
interface that displays the problem, the ground-
truth final answer, the official or reference solution
(when available), and one or more LLM-generated
candidate rationales. When no rationale is correct,
the interface instead shows three candidate incor-
rect rationales. The detailed guidelines to instruct
annotators are as follows:

Annotator Guidelines-P1
These guidelines define how annotators
should evaluate and edit solution rationales
for reasoning tasks (e.g., mathematical or
logical problems). The goal is to ensure that
all accepted rationales are correct, complete,
and stylistically consistent.

For every candidate rationale, annotators
should perform the following checks:

1. Conceptual correctness.

• Verify that all major inference steps
are logically valid.

• Check that all problem constraints
are correctly interpreted.

• Ensure that the rationale does not
introduce unwarranted assumptions
or ignore conditions.

2. Computational correctness.

• Check all algebraic manipulations,
arithmetic calculations, and case
analyses for errors.

• Confirm that intermediate results are
correct and consistent across steps.

3. Completeness of reasoning.

• Ensure that the solution does not
skip non-trivial steps.

• Include necessary intermediate re-
sults (e.g., key substitutions, simpli-
fications, or case splits).

• Check that each step is connected to
the previous one and that the overall
argument is coherent.

Annotator Guidelines-P1
4. Consistency with the final answer.

• Confirm that the reasoning actually
leads to the stated final answer.

• Ensure that there is no mismatch be-
tween intermediate conclusions and
the final result.

• Verify that the final answer is stated
explicitly, unambiguously, and in
the required format.

5. Clarity and style.

• Assess whether the rationale is easy
to follow for a competent reader.

• Avoid unnecessary repetition, irrele-
vant digressions, and overly verbose
explanations.

• Check adherence to the agreed no-
tation, terminology, and formatting
conventions.

After applying the evaluation criteria above,
annotators should choose exactly one of the
following actions for each candidate ratio-
nale:
1. Accept with minor edits. Use this op-

tion when the rationale is fundamentally
correct and complete, but has small is-
sues such as:

• Minor wording problems (e.g., awk-
ward phrasing, ambiguous pro-
nouns).

• Slightly unclear transitions between
steps.

• Cosmetic inconsistencies in nota-
tion, symbols, or formatting.

In this case, annotators should directly
edit the text to correct these minor issues
without changing the core reasoning.

2. Substantive revision. Use this option
when the rationale contains the correct
core ideas but has more serious local
problems, such as:

• Missing but recoverable intermedi-
ate steps.

• Redundant detours, digressions, or
unnecessary case splits.

• Local mistakes (e.g., a computation
error in one step, a minor mislabel-
ing) that can be fixed without chang-
ing the overall solution strategy.
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Annotator Guidelines-P3
In this case, annotators should:

• Fix computational and logical er-
rors.

• Fill in missing, non-trivial steps.
• Reorganize the structure for better

flow, and remove superfluous parts.

3. Complete rewrite. Use this option
when the rationale is not salvageable as
a whole, for example:

• The overall reasoning is conceptu-
ally flawed or contradicts the prob-
lem statement.

• The logical structure is inconsistent
or self-contradictory.

• The explanation is so unclear, disor-
ganized, or confusing that repairing
it would be harder than rewriting.

In this case, annotators should:

• Discard the rationale as the primary
solution.

• Write a new rationale from scratch
that is correct, complete, and clear.

• Optionally reuse any locally correct
insights from the original rationale
(e.g., a correct formula, an accurate
sub-case analysis), but only if they
fit naturally into the new solution.

Annotators should choose the least in-
trusive action that yields a high-quality
rationale. If in doubt between “Substantive
revision” and “Complete rewrite,” prefer
“Complete rewrite” when the existing
structure significantly impedes clarity or
correctness.

Annotators should apply these guidelines
consistently across all examples to ensure
uniform quality and style in the final dataset.

A.4 Details of Quality Control

This section provides a detailed description of the
quality control procedures summarized in the main
paper, including the dual-review protocol (5$ per
sample), weekly random sampling and regression
testing, metric definitions, and the closed-loop feed-
back process for guideline refinement and model
retraining.

A.4.1 Dual-Review Annotation Workflow
To ensure dataset quality, each problem instance
(comprising the statement, associated images, and
solution) underwent a dual-review protocol consist-
ing of primary annotation followed by an indepen-
dent audit. (1) A primary annotator first verified
the content and assigned task-specific metadata; (2)
subsequently, a blinded auditor assessed problem
well-posedness, text–image alignment, and solu-
tion validity. The auditing interface presented prob-
lems in their final form, allowing reviewers to rate
quality on a 5-point Likert scale and flag specific
defects, such as ambiguous statements, misleading
visual content, or erroneous solutions.

A.4.2 Disagreement Resolution and
Escalation

Disagreements on critical fields, such as solution
correctness or label assignment, triggered an auto-
matic escalation to a senior reviewer. These dis-
crepancies were identified via logical inconsisten-
cies (e.g., opposing validity flags) or rating diver-
gences of at least 2 points. A senior expert with do-
main experience then examined the full annotation
history to issue a binding decision: retaining the
primary annotation, adopting the auditor’s revision,
or rewriting the content entirely with a supporting
rationale.

A.4.3 Weekly Random Sampling Procedure
To complement per-example dual review, we im-
plemented weekly random sampling for quality
assurance. Each week, 5% of annotated or modi-
fied examples were randomly selected using strati-
fied sampling across problem type, difficulty level,
and source (newly created vs. revised). Senior
reviewers blind to original annotator identities re-
evaluated these samples.
Finally, these strategies enabled the estimation of
residual error rates and enforced strict quality con-
trol. The kappa value of our annotation correctness
is close to 0.86, indicating good annotation quality.
Table 2 summarizes the final coverage statistics and
rationale distributions.

A.5 Details of Classification Labeling
Taxonomy construction. To ensure consistent
topic annotations across domains, we build a uni-
fied three-level taxonomy for OMIBench: domain
(biology, chemistry, mathematics, physics), sub-
field (e.g., algebra, combinatorics, organic chem-
istry, mechanics), and fine-grained topic (e.g., poly-
nomial inequalities, graph coloring, nucleophilic
substitution).
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Fine-Grained Topic Annotation. Because the
fine-grained topics are unknown a priori, we first
prompt GPT-4o to perform open-ended topic anal-
ysis for each sample and to generate classification
labels in the form {CLASS: X}. Specifically, the
prompts are as follows:

Fine-Grained Topic Annotation Prompt

You are an expert annotator for multi-image,
multi-discipline Olympiad-level problems.
Your task is to assign the most specific sub-
category label to each problem.
Each sample may contain:

• One or more images (diagrams, experi-
ment setups, screenshots, etc.).

• Optional text (problem statement, de-
scription, notes).

Annotation rules:
• Choose the label by the core method and

main concept, not by surface story.

• Always pick the most fine-grained la-
bel available (do not annotate coarse-
grained subjects like "Optics").

• If it mixes multiple topics, use "#" as a
divider.

• Use all images and text jointly; visual
cues (rays, lenses, optical axes, dia-
grams) are as important as text.

Your output must be exactly one label string
by {CLASS: X}. Do not output explana-
tions or reasoning.

Subfield Annotation. We first use GPT-
4o (Hurst et al., 2024) to assign preliminary
fine-grained topic labels, and then aggregate
these labels into subfield-level categories, fol-
lowing our taxonomy, via K-means clustering on
RoBERTa (Liu et al., 2019) embeddings. For each
subject area, we then construct a list of valid sub-
field labels from the clustering results and prompt
GPT-4o to select the most appropriate subfield
for each previously predicted fine-grained topic.
For example, in mathematics, if the fine-grained
topic is “Integral Calculation Function Area,” the
corresponding subfield is “Area, Perimeter, Ratios.”
The prompt template is as follows:

Subfield Annotation Prompt-P1

You are an expert annotator for multi-image,
multi-discipline Olympiad-level problems.

Subfield Annotation Prompt-P2

Your task is to assign the most specific sub-
category label to each problem.
[Domain name]
Classification Labels:

• [Fine-grained topic list]
Your output must be exactly one label string
by {CLASS: X} from a fixed label list. Do
not output explanations or reasoning.

Manual Verification and Correction. After au-
tomatic pre-labeling, all problems undergo manual
review by expert annotators with relevant domain
expertise. Annotators may retain the GPT-4o label,
modify the topic within the same domain, or revise
both domain and topic. Annotators are encouraged
to propose taxonomy changes when they observe
repeated, systematic mismatches between available
topics and the actual problem content.

B Detailed Main Experiment

B.1 Model Inference & Evaluation Setting

In our main experiments, we evaluate a set of large
vision-language models (LVLMs) on OMIBench in
the zero-shot setting. The evaluated models include
InternVL3 (Zhu et al., 2025), Qwen2.5-VL (Bai
et al., 2025b), InternVL3.5 (Wang et al., 2025c),
Qwen3-VL (Bai et al., 2025a), GPT-4o (Hurst
et al., 2024), Gemini-2.5 (Comanici et al., 2025),
OpenAI-o4-mini (OpenAI, 2025c), GPT-5 (Ope-
nAI, 2025b), and Gemini-3 (Google DeepMind,
2025). To ensure fair comparison, we standardize
input prompts across models, adapting only the
minimal syntax or special tokens required by each
interface. The prompt specifies the task description,
any associated images, and the required output for-
mat. An example prompt template is shown below:

Chain-of-Thought Prompting-P1

Please reason step by step, and then
provide the final answer in the exact format:
“\boxed{ANSWER}”.

[Question]
problem_text0 [IMAGE0] problem_text1
[IMAGE1] ... problem_textn
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Chain-of-Thought Prompting-P2

[Choices] # only for multiple choices prob-
lems
A. option_A
B. option_B ...
Let’s think step-by-step!

B.2 Rationale Quality Evaluation

Model Analyses We leverage the advanced rea-
soning capabilities of GPT-4o to assess the quality
of generated rationales. Specifically, we employ
two distinct sets of prompts to evaluate the intrin-
sic quality of the rationales and their alignment
with human annotations, respectively. To assess
the intrinsic quality of the rationales, we utilize a 5-
point Likert scale, prompting the model to quantify
the coherence and logical validity of the reasoning
process. The specific prompts are detailed below:

Rationale Quality Evaluation Prompt-P1

You are given a question, a model answer,
and a rationale (the step-by-step explana-
tion or reasoning produced by the model).
Your task is to evaluate the quality of the
rationale, not the quality of the final answer
itself.
Please read the rationale carefully and rate
it along the following dimensions.

1. Logical correctness
Does the rationale follow a sound and co-
herent line of reasoning?

• 5 – Fully correct: Each step is logically
valid, with no contradictions or clear
mistakes.

• 4 – Mostly correct: Overall reasoning
is sound, with only minor issues that do
not affect the main conclusion.

• 3 – Partially correct: Some important
steps are correct, but there are notice-
able gaps or errors.

• 2 – Mostly incorrect: Reasoning is
largely flawed or inconsistent, with only
a few correct fragments.

• 1 – Completely incorrect: The ratio-
nale is illogical, self-contradictory, or
entirely wrong.

Rationale Quality Evaluation Prompt-P2

2. Faithfulness to the answer
Is the rationale genuinely explaining how
the given answer is (or would be) derived,
instead of being disconnected or made-up?

• 5 – Fully faithful: The rationale clearly
and directly supports the given answer.
No hallucinated steps are needed to jus-
tify the answer.

• 4 – Mostly faithful: Slight mismatches,
but the core reasoning is aligned with
the answer.

• 3 – Partially faithful: Some parts sup-
port the answer, but other parts are irrel-
evant or inconsistent.

• 2 – Weakly faithful: The rationale only
loosely relates to the answer, or relies
heavily on speculation.

• 1 – Not faithful: The rationale does not
explain the answer at all, or contradicts
it.

3. Use of information
Does the rationale appropriately use the in-
formation provided in the input (question,
context, passage, etc.)?

• 5 – Excellent: Uses all relevant informa-
tion, does not ignore key facts, and does
not add unsupported facts.

• 4 – Good: Uses most important informa-
tion, with minor omissions or slightly
extra but harmless details.

• 3 – Fair: Uses some relevant informa-
tion, but misses several important points
or includes noticeable unsupported con-
tent.

• 2 – Poor: Rarely uses the provided in-
formation or relies heavily on invented
details.

• 1 – Very poor: Almost no connection to
the provided information.

4. Clarity and readability
Is the rationale clear, easy to follow, and
understandable to a careful reader?

• 5 – Very clear: Well-structured, concise,
and easy to follow step by step.
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Rationale Quality Evaluation Prompt-P2

• 4 – Clear: Mostly easy to understand,
with only minor awkward wording or
small jumps.

• 3 – Moderately clear: Understandable
overall, but contains confusing seg-
ments or disorganized structure.

• 2 – Unclear: Hard to follow, with long,
tangled, or repetitive explanations.

• 1 – Very unclear: Nearly impossible to
understand the reasoning.

5. Level of detail
Is the rationale appropriately detailed for
explaining the answer?

• 5 – Ideal detail: Includes all key steps,
neither too brief nor overly long; no cru-
cial step is skipped.

• 4 – Slightly off: Missing a minor step or
slightly verbose, but still adequate.

• 3 – Mixed: Some important steps cov-
ered, but either too high-level or too ver-
bose.

• 2 – Inadequate: Too short and high-
level, or extremely verbose without
adding real value.

• 1 – Very inadequate: Provides almost
no meaningful explanation, or is over-
whelmingly long and unfocused.

Overall rationale quality
After rating each dimension, give an overall
score for the rationale from 1 to 5, consid-
ering all aspects together:

• 5 – Excellent rationale

• 4 – Good rationale

• 3 – Acceptable rationale

• 2 – Poor rationale

• 1 – Very poor rationale
Please base your judgment on the rationale
text itself. Do not penalize a rationale just
because the final answer is wrong, as long as
the reasoning process is internally coherent
and properly uses the provided information.
Your output must be exactly one label string
by {"correctness": NUMBER, "faithful-
ness":

Rationale Quality Evaluation Prompt-P3

NUMBER, "information-usage": NUM-
BER, "clarity": NUMBER, "detail": NUM-
BER, "overall": NUMBER}. Do not output
explanations or reasoning.

Moreover, to evaluate the alignment between
model-generated rationales and human-annotated
ones, we prompt GPT-4o to compare the two texts
and rate their similarity on a 5-point scale. The
specific prompt is as follows:

Rationale Alignment Evaluation Prompt-P1

You are an expert evaluator specializing in
natural language understanding and reason-
ing chains. Your task is to assess how well
a model-generated rationale aligns with a
human-annotated reference rationale.
Now, please evaluate the alignment between
the Model Rationale and the Human
Reference based on the provided Question.
Focus on the underlying logic, the sequence
of reasoning steps, and the key evidence
used. Do not penalize for differences in
writing style or length, provided the core
logic remains identical.

Input Data:
[Question]
[Question Content]

[Human Reference]
[Human Annotated Rationale]

[Model Rationale]
[Model Predicted Rationale]

Scoring Criteria (1-5 Likert Scale):
• 5 (Perfect Alignment): The model ra-

tionale uses the exact same logic, key
evidence, and reasoning steps as the hu-
man reference. Differences are purely
stylistic.

• 4 (High Alignment): The model ratio-
nale captures all key logical points of
the human reference but may include
minor, non-contradictory extra details
or slightly different sequencing.
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Rationale Alignment Evaluation Prompt-P2

• 3 (Partial Alignment): The model cap-
tures the main conclusion and primary
evidence but misses a subordinate step
or uses slightly different reasoning to
arrive at the same result.

• 2 (Low Alignment): The model ra-
tionale arrives at the correct answer
but uses significantly different logic or
misses critical evidence present in the
human reference.

• 1 (No Alignment): The model rationale
contradicts the human reference, uses
fallacious logic, or fails to address the
specific constraints mentioned in the
human text.

Output Format:
Provide your response in the following
JSON format:

‘‘‘json
{
"justification":
"[Brief rationale]",
"score": [Integer 1-5]

}
‘‘‘

Human Analyses To rigorously quantify the dis-
crepancy between surface-level coherence and deep
logical correctness in LVLMs, we conducted a
fine-grained human evaluation. Similar to Ap-
pendix C.3, we randomly sampled 100 instances
from the model outputs. Unlike coarse-grained
scoring, our evaluation required expert annotators
to inspect the generated rationale step-by-step and
identify the root cause of the first fatal error en-
countered.

To decouple visual perception capabilities from
reasoning engines, we developed a specific er-
ror taxonomy comprising five distinct categories:
(1) Visual Perception Failures, where the model
misinterprets explicit visual semantics; (2) Cross-
Image Association Failures, indicating an inabil-
ity to synthesize information across multi-view in-
puts; (3) Logical Reasoning Fallacies, covering
invalid deductions and calculation errors despite
correct perception; (4) Instruction Comprehen-
sion Biases, regarding format or constraint viola-
tions; and (5) Other for hallucinations or uncatego-

41%
Logical Reasoning Fallacies

Visual Perception Failures 

Cross-Image Association Failures 

Instruction Comprehension Biases

Other

13%
29%

8%
9%

Figure 7: Distribution of different reasoning error types
labeled by human.

rized failures. This taxonomy allows us to diagnose
whether performance bottlenecks stem from the vi-
sion encoder, the cross-modal alignment, or the
LLMs’ reasoning core.

Annotator Guidelines-P1
You are given a multi-image Olympiad-level
problem and a model-generated rationale.
Your task is to verify the correctness of the
solution. If an error is found in a logical
step, classify it into exactly one of the fol-
lowing five categories based on its primary
cause.

1. Visual Perception Failures The model
incorrectly recognizes or misses explicit vi-
sual information within an image. This in-
cludes misreading text, misidentifying ge-
ometry/objects, or failing to perceive at-
tributes like color or position.

2. Cross-Image Association Failures The
model fails to synthesize or track informa-
tion across multiple images. This includes
errors in understanding temporal sequences,
matching objects between different views,
or aggregating data from separate image
panels.

3. Logical Reasoning Fallacies The model
correctly perceives the visual data but fails
in the subsequent reasoning process. This
includes invalid deductions, calculation er-
rors, misapplication of theorems, or flawed
causal logic.

4. Instruction Comprehension Biases The
model fails to adhere to specific constraints
provided in the text prompt. This includes
ignoring format requirements, violating neg-
ative constraints (e.g., "do not use calcu-
lus"), or misunderstanding the core ques-
tion.
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Rationale: …In 'dear-enemy' experiment...aggression
immediately jumps up... consistent with TRUE...

Standard Rationale: Let's analyze each statement
based on the information in the images and …
Standard Answer (Gold):… FALSE.

Model Prediction (o4-mini): … TRUE. Claims
fish CAN recognize themselves without a mirror.

Input :

… with other fish and images of
themselves with and without mirrors. Fig 1: Experiment setup

First, the scientists carried out a
"dear enemy experiment" to see
whether a cleaner fish habituated to
a neighbour….
The pictures were made up of two
halves (head and body) and each
half could either …

The cleaner fish, Labroides
dimidiatus, uses visual cues to

Fig 2: Habituation Trend

Fig 3: Mirror Test Results

… Finally, they looked at two sets
of fish, those who had a mirror in
their tank and those who did not
… Mark the following as TRUE or FALSE…
b) Cleaner fish know what they look like without a mirror…

Error Analysis:
The model correctly understood the "habituation"
in Fig 2, but failed to cross-reference the legends
in Fig 3.

It confused the "No-Mirror" (Control) bars with the
"Mirror" (Experimental) bars, leading to a logical
contradiction.

Figure 8: Analysis of reasoning error examples on o4-mini.

Annotator Guidelines-P2
5. Other Any error that does not fit the
above categories. This includes hallucinat-
ing constraints that are absent from both
text and images, or generating unintelligi-
ble content.

Case Studies of Reasoning Errors As illustrated
in Figures 8 to 15, we present representative exam-
ples of reasoning errors identified in our human
evaluation. These cases highlight common pitfalls
in LVLM reasoning, such as multi-image infor-
mation flow confusion, misapplication of physi-
cal laws, incorrect geometric interpretations, and
flawed logical deductions.

C Details of Accuracy and GPTScore
C.1 Matching accuracy
For each OMIBench input xi with gold answer yi
and the model produces prediction ŷi. Matching
accuracy is computed at instance level:

Acc =
1

N

N∑

i=1

1
[
match(ŷi, yi)

]
, (5)

where N denotes total evaluated instances across
all tasks.

Specifically, the matching function match(·, ·)
applies consistent normalization across heteroge-
neous tasks:

Text normalization. Both ŷi and yi are lower-
cased, whitespace is trimmed and collapsed to sin-
gle spaces, and common punctuation (periods, com-
mas, question marks, trailing colons/semicolons)

is stripped from English segments when not part of
alphanumeric tokens.

Textual or equation answers. Matches are de-
termined by longest common subsequence (LCS)
ratio:

match(ŷi, yi) =

{
Len(LCS(ŷi,yi))

max(Len(ŷi),Len(yi))
if ratio ≥ α

0 otherwise
,

(6)
where LCS(·, ·) denotes the longest common sub-
sequence, and Len(·) represents the length of given
sequence. In our experiments we set α = 75%.
Numeric answers. For numeric references, we
parse both ŷi and yi into floating-point numbers
after removing units and non-numeric suffixes. The
match accuracy is calculated as:

match(ŷi, yi) = 1 ⇔ |v̂i − vi| ≤ ϵ, (7)

where vi and v̂i enote parsed gold and predicted
values, respectively, and ϵ = 10−4. Unparseable
inputs default to normalized string matching.
Multiple-choice questions. For predefined op-
tions, we extract predictions from model out-
puts via regex matching of boxed notation (e.g.,
\boxed{A}). A prediction is deemed correct if
the extracted symbol matches either the gold label
directly or, when unavailable, the corresponding
option text.
Unless otherwise specified, we report micro-
averaged accuracy across all evaluated tasks.
C.2 Model-based GPTScore evaluation
Beyond exact matching accuracy, we employ
GPTScore, a semantic evaluation metric that cap-
tures partial correctness and alignment between
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Rationale:… each Pd remains square-planar... giving
a trigonal bipyramidal geometry for C...

Standard Rationale: To solve this problem, I need
to analyze how each polypyridine ligand…
Standard Answer (Gold):… Octahedron.

Model Prediction (o4-mini):… Trigonal
Bipyramidal.

Error Analysis:
The model successfully identified the chemical
components (Pd centers), but failed the "Mental
Folding" process from 2D schematics to 3D space.
Instead of recognizing the panel-folding logic
leading to a closed Octahedron, it hallucinated an
open or lower-symmetry Trigonal Bipyramidal
structure.

Input:
Metal complex Z can react with pyridine-based ligands to generate
interesting structures. A simple 'chelating' ligand (the name
derived from the Greek for claw), reacts with Z in a 1:1 ratio as
shown, forming a new metal complex.

When the nitrogen atoms in the (poly)pyridine ligand do not
chelate, very interesting structures can be formed. Write
down/sketch the shape of the molecule formed when these ligands
react with Z, in the stoichiometries indicated. You are not required
to draw the organic ligands in full.
Hint: in all cases, palladium retains a square planar geometry with
(close to) 90 degree angles between coordination sites.

Figure 9: Analysis of reasoning error examples on o4-mini.

Rationale: … hence their angles sum to 180°... The
angle implies a fixed relationship of 90 + A…

Standard Rationale: … applies angle summation
and bisector properties step-by-step…
Standard Answer (Gold):…65°.

Model Prediction (o4-mini): 50°

Error Analysis:
The model exhibits "Heuristic Shortcutting". Instead
of reasoning from geometric axioms for the complex
Fig 2, it hallucinated a non-existent theorem based
on visual similarity to Fig 1.
It treated the variation as a simple copy-paste task,
ignoring the structural changes.

Input:

(1) Basic Model: As shown in Figure 1, ∠𝐶𝐵𝑀 and
∠𝐵𝐶𝑁 are exterior angles of ∆𝐴𝐵𝐶, and the bisectors
of ∠𝐶𝐵𝑀 and ∠𝐶𝐵𝑀 intersect at point 𝑂. Please write
the quantitative relationship between ∠𝐵𝑂𝐶 and ∠𝐴,
and explain the reason.
(2) Variation Application: As shown in Figure 2,
given that 𝐴𝐵 is not parallel to 𝐶𝐷, 𝐴𝐷 and 𝐵𝐶 are the
angle bisectors of ∠𝐵𝐴𝑃 and ∠𝐴𝐵𝑀 respectively, and
𝐷𝐸 and 𝐶𝐸 are the angle bisectors of ∠𝐴𝐷𝐶 and
∠𝐵𝐶𝐷 respectively.

Fig 1: 
Basic 

Model

Fig 2: 
Variation 
Application 

… (2) If 𝐴𝑃 ∥ 𝐷𝐸 and 𝐵𝑀 ∥ 𝐶𝐸 , find the
degree measure of ∠𝑃𝑂𝑀.

Figure 10: Analysis of reasoning error examples on o4-mini.

Rationale: … Figure 1 shows two distinct areas
separated by a sharp, straight line...

Standard Rationale: Let's analyze each description
about ecotones in relation to the figures: …
Standard Answer (Gold): Fig 2 (B) & Fig 4 (D)

Model Prediction (Gemini-3-pro): Fig4 (D)
selects ... Fig 4 and rejects … Fig 2…

Input :

Fig 1: 
Straight

…
B. Figure 2 has marginal undulating boundary which suggest
almost complete distinction. This can be …
… D. Figure 4 shows almost non overlapping ecotones ...
distinct except for the overlapping regions…

Error Analysis:
The model was seduced by the "Visual
Obviousness" of the overlapping region in Fig 4.

It reduced the “True/False”task to “Single Best
Choice” task , failing to map the abstract symbol
(wavy line) in Fig 2 to the concept of "River
Ecotone".

Fig2:
Undulating 
Boundary 

(2 points) An ecotone is a transition area between two biomes. It
is where two communities meet and integrate. It may be narrow
or wide, and it may be local or regional…

Fig 3: 
Intermingled

Fig4:
Overlapping 
Zone

Figure 11: Analysis of reasoning error examples on Gemini-3-Pro.
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Rationale: “…shows two distinct areas separated by
a sharp, straight line... The label 'ECOTONE' is
placed..."

Standard Rationale: ... illustrates typical
Cytochrome P-450 xenobiotic metabolism...
Standard Answer (Gold):… Anisole.

Model Prediction (Gemini-3-pro):… Pyruvate .

Error Analysis:
The model ignored the specific chemical constraints
in the image (Visual Blindness).

Instead, it latched onto the keyword “ oxygen
deficiency” and retrieved a high-frequency textbook
association (Pyruvate), forcing a biology answer
onto a chemistry problem.

Input:
Enzymes rule over in biochemical processes. … ({phosphate}
NAD+ {NADP+}.) or flavin adenine dinucleotide (FAD).

Decipher B1 to B4. Write down the balanced equations.

Under oxygen deficiency B1 partially converts into B5, an isomer
of B2. This transformation requires a vitamin as the oxygen
acceptor. Further oxidation of B5 leads to B6 characterized by 2
signals in 1H-NMR spectrum.

Fig 1 : Cofactor Structures

Fig2:Reaction Scheme (B1 -> B5/B6)

Figure 12: Analysis of reasoning error examples on Gemini-3-Pro.

Rationale: ... The first fold is along the midline... The
second fold... implies geometric relationships...

Standard Rationale: …reveals a critical 30° −
60° − 90° triangle geometry …
Standard Answer (Gold):…𝟑 𝟑.

Model Prediction (Gemini-3-pro): No Answer

Error Analysis:
The model succeeded in Static Calculation (Fig 1 &
2) but crashed during Dynamic Simulation (Fig 3).
It lacks a "Mental Sandbox" to update the
topology geometry after the final fold, leading to a
disconnect between the visual state and its logical
reasoning.

Input:
As shown in the figure, in the rectangular paper…
Step 1: First, fold the rectangle 𝐴𝐵𝐶𝐷 in half, with the
crease line being𝑀𝑁, as shown in Figure (1);
Step 2: Then, fold point 𝐵 onto the crease line 𝑀𝑁,
with the crease being AE, and the corresponding point
of 𝐵 on 𝑀𝑁 being 𝐵′, resulting in the right triangle
∆𝐴𝐵!𝐸, as shown in Figure (2);
Step 3: Fold along 𝐸𝐵′ with the crease being 𝐸𝐹, and
𝐴𝐹 intersecting the extension of 𝐵′𝑁 at point 𝐺, as
shown in Figure (3);
Then, in the figure formed by the folded paper, the area
𝑆∆#$% is ______.

Figure 3Figure 1 Figure 2

Figure 13: Analysis of reasoning error examples on Gemini-3-Pro.

Rationale: To find the relationships... let's analyze
the motion... 1. Coordinate System: The origin O is ...

Standard Rationale: To solve this problem, we
need to understand the motion of a point on a …
Standard Answer (Gold):… 𝒙 = 𝑹(𝜽 + 𝒔𝒊𝒏𝜽).

Model Prediction (Gemini-3-pro):
𝒙 = 𝑹(𝜽 − 𝒔𝒊𝒏𝜽).

Error Analysis:
The model recognized the keyword "cycloid" and
triggered a High-Frequency Pattern Retrieval
(standard floor rolling).
It failed to "ground" its reasoning in the specific
visual evidence (Counter-Clockwise Arrow),
treating the image as a generic illustration rather
than a source of physical constraints.

Input:

When a ring rolls purely along a straight track, the trajectory of a
point on the ring is called an epitrochoid, also known as a rolling
curve or cycloid. (1) A ring of radius 𝑅 rolls purely under a
horizontal straight track 𝑀𝑁, with the ring touching 𝑀𝑁 from
below … When 𝑃 is at 𝑂, the radius vector 𝐶𝑃 from 𝐶 to 𝑃 points
straight downwards. As the radius vector 𝐶𝑃 rotates by an angle 𝜃,
the position of point 𝑃 on the epitrochoid is denoted as 𝐴, with
coordinates (𝑥, 𝑦). At this moment, the point of tangency between
the ring and 𝑀𝑁 is denoted as 𝑄 , and 𝑄𝑃 represents the
instantaneous position vector of 𝑃 relative to 𝑄.
(1.1) Write down the relationships 𝑥 ∼ 𝜃, 𝑦 ∼ 𝜃 and describe in
words the direction of the tangent line to the epitrochoid at
point 𝐴.

Figure 14: Analysis of reasoning error examples on Gemini-3-Pro.
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Rationale: “…shows that all Australian feral rabbits
are descended from a single population... The other
shipments of domestic rabbits did not contribute..."

Standard Rationale: ... shows distinct lineages...
confirming origins from separate shippings.
Standard Answer (Gold):… A.

Model Prediction (Gemini-3-pro):… B.

Error Analysis:
Visual Generalization: The model "smoothed out"
the complex tree into a simple "Single Origin"
narrative, missing the subtle branches.
Confabulation: To support its wrong conclusion, it
hallucinated biological mechanisms (e.g., specific
gene functions) that were NOT present in the chart at
all.

Input:
Rabbits were originally only wild in Spain and France. … Rabbits
spread across Australia explosively, causing catastrophic damage
to Australian habitats. Scientists in Cambridge investigated where
feral Australian rabbits came from.

… each branch is proportional to the number of genetic changes.

Where did Australian feral rabbits come from? …
(A) French wild rabbits. (B) British wild rabbits
(C) Domestic rabbits (D) New Zealand …

Fig 1: Historical Context 
(Rabbits at Waterhole)

Fig 2: Genetic Tree 
(The Proof)

Figure 15: Analysis of reasoning error examples on Gemini-3-Pro.

predictions and references. This metric leverages
a text-based language model (e.g., GPT-4-mini) as
an automatic judge. For each input xi, gold answer
yi, and model prediction ŷi, we prompt the judge
model using:

GPTScore Evaluation Prompt-P1

You are a “Olympiad judger whose job is to
decide whether two answers are equivalent
in terms of their final conclusion and key
reasoning.

Please follow these rules:
• If the model’s final conclusion differs

from the official answer, output “incon-
sistent”.

• Some answers have multiple answers,
and missing any one is a mistake.

• If the final conclusion matches but the
reasoning has clear logical errors or
does not rigorously justify the result,
output “inconsistent”.

• If the final conclusion matches and the
reasoning is mathematically sound and
sufficient to justify it, output “consis-
tent”.

• Different wording, order of steps, or
using a different but correct method
should still be treated as “consistent”.

[QUESTION]

GPTScore Evaluation Prompt-P2

[Multimodal Input Question]

[GOLDEN ANSWER]
[Golden Answer]

[PREDICTED ANSWER]
[Predicted Solution]

Output only the following format (no ex-
tra text): "ANSWER: consistent" or "AN-
SWER: inconsistent".

To compute GPTScore, we first binarize each
discrete score si as:

s̃i =

{
0 if return ANSWER: consistent
1 otherwise

, (8)

GPTScore is then the mean across all N exam-
ples:

GPTScore(xi) =
1

N

N∑

i=1

s̃i. (9)

For per-task results, averaging is restricted to task-
specific examples. Main results report micro-
averaged GPTScore across all tasks.

C.3 Manual Analysis Protocol
To understand how performance diverges from
GPTScore, we conducted manual analysis on cases
where the two metrics disagree. For Gemini-3-
Pro-Preview and InternVL3.5-1B, evaluation items
were partitioned based on whether rule-based ac-
curacy (match score>0.75 as correct) agreed with
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GPTScore-based labels (GPTScore=1 as correct).
From disagreement cases, 100 instances per model
were randomly sampled, yielding 200 instances for
detailed inspection.

We collected Model Judgment and Rule Judg-
ment labels for 200 instances and calculated agree-
ment rates across four categories: both correct, both
incorrect, Model correct but Rule incorrect, and
Model incorrect but Rule correct. Two annotators
with LLM evaluation experience independently as-
sessed discordant cases, categorizing disagreement
sources as: No Effective Reasoning, Reasoning Er-
ror, Rule Match Error, and Others. The annotation
guideline is detailed below:

Disagreement Source Guidelines-P1

To ensure rigorous and consistent classifi-
cation, we established the following defini-
tions to characterize the primary sources of
metric divergence:
No Effective Reasoning

• Definition: The model outputs a final
answer without providing a derivation
or logical chain of thought, or the gen-
erated reasoning is incoherent/irrelevant
to the query.

• Key criterion: Absence of a traceable
cognitive process.

Reasoning Error
• Definition: The model attempts a step-

by-step derivation but commits a logi-
cal fallacy, calculation mistake, or fac-
tual hallucination during the intermedi-
ate steps, leading to an incorrect conclu-
sion.

• Key criterion: Flawed logic within a
structured chain of thought.

Rule Match Error
• Definition: The model generates a se-

mantically correct response that aligns
with the ground truth, but the rule-based
evaluation (exact match) judges it as in-
correct due to formatting rigidity (e.g.,
synonym usage, "10.0" vs. "10", or ver-
bose phrasing).

• Key criterion: Semantic correctness re-
jected by syntactic rigidity.

Others

Disagreement Source Guidelines-P2

• Definition: Disagreements arising from
external factors such as ground-truth er-
rors (label noise), ambiguous prompts,
or unclassifiable multimodal alignment
failures.

• Key criterion: Issues external to the
model’s reasoning capability or the ex-
traction rule.

C.4 Performance Comparison between
Accuracy and GPTScore

Accuracy overestimates weaker models and un-
derestimates stronger ones relative to GPTScore,
though model ranking is preserved. Models
with higher GPTScore also achieve higher accu-
racy under GPTScore-based evaluation, but accu-
racy systematically overestimates weaker models
and underestimates stronger ones, while largely pre-
serving their relative ranking. To substantiate this,
we manually analyze 100 instances where accuracy
and GPTScore disagree for Gemini-3-Pro-Preview
and InternVL3.5-1B.

As shown in Figure 16, weaker models often
produce flawed reasoning yet output a definite op-
tion that rule judgment marks as correct; model
judgment exposes these reasoning errors, revealing
inflated accuracy. For stronger models, reason-
ing is typically correct, but open-ended questions
lead to outputs that do not exactly match the ref-
erence; model judgment recovers these false nega-
tives, showing that accuracy is deflated. Nonethe-
less, the induced model ranking remains largely
consistent, indicating that accuracy is still a useful
metric.

D Analyses for OMIBench
Olympiad-Level Thinking
Requirements

Correlation Analysis with Existing Multi-Image
Benchmarks. To quantify how OMIBench re-
lates to existing multi-image benchmarks while still
reshaping model rankings, we perform a system-
level correlation analysis with MMIU (Meng et al.,
2024). To reduce reproduction cost, we reuse a
subset of MMIU results from Wang et al. (2025c),
yielding a score pair (sOMI

m , sMMIU
m ) for each model

m. As reported in the main text and shown in Fig-
ure 3(a), this analysis yields a moderate Spearman
correlation of ρ = 0.535, which is well below the
commonly used strong-correlation threshold of 0.7.
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(a)  Human  annotation  concerning about 
different judgement methods on Intern3.5-
VL-1B (Weak LVLM).

58%27%

15% 11%

54%

35%No Effective Reasoning
Reasoning Error
Rule Match Error

No Effective Reasoning
Reasoning Error
Rule Match Error

Model Judg.: Correct
Rule Judg.: Wrong

Model Judg.: Wrong
Rule Judg.: Wrong

58%

13%

Model Judg.: Wrong
Rule Judg.: Wrong

61%

26%

Model Judg.: Correct
Rule Judg.: Wrong

13%

Model Judg.: Wrong
Rule Judg.: Correct

Model Judg.: Wrong
Rule Judg.: Correct

29%

(b)  Human  annotation  concerning about 
different judgement methods on Gemini-3-
Pro-Preview (Strong LVLM) .

Figure 16: Human annotation concerning different judgment methods (Model Judge: GPTScore, Rule Judge: Match
Accuracy). Note: Correct/wrong indicates the automated method’s output, not its actual accuracy.

E Detailed Analyses for OMIBench
Multi-Image Requirements

E.1 Single- vs. Multi-image Olympiad-Level
Benchmark Comparison

For the correlation analysis between OMIBench
and OlympiadBench, we evaluate three represen-
tative LVLMs: GPT, Gemini, Qwen-VL, and In-
ternVL. All models are used in their official API or
checkpoint form without any additional fine-tuning
or task-specific adaptation. In order to reduce eval-
uation cresource consumption, the partial results of
OlympiadBench are taken from Wan et al. (2025);
Wang et al. (2025c); Team et al. (2025a); Yue et al.
(2025); Shen et al. (2025); Zhang et al. (2025); Zha
et al. (2025); Team et al. (2025b); Yu et al. (2025).

Spearman correlation between benchmarks.
To study whether Olympiad-level thinking transfers
from the single-image to the multi-image setting,
we compute the Spearman rank correlation coeffi-
cient between model performances on Olympiad-
Bench and OMIBench. Concretely, for each model
m, we obtain its accuracy on OlympiadBench, de-
noted by a

Olympiad
m , and its accuracy on OMIBench,

denoted by aOMI
m . We then rank the models sepa-

rately according to a
Olympiad
m and aOMI

m and apply
the standard Spearman formula on these two rank-
ings. The resulting coefficient is 0.614, which is be-
low the commonly used threshold of 0.7 for strong
monotonic correlation, showing that the relative or-

dering of LVLMs changes noticeably between the
single-image and multi-image Olympiad settings.

Illustrative performance drop. As highlighted
in the main text, a representative LVLM that
reaches 75.67% accuracy on OlympiadBench
drops to 50.53% accuracy on OMIBench when
evaluated under the same decoding and prompt-
ing setup. This corresponds to an absolute decrease
of over 25% and a relative performance drop of
approximately 33%. Together with the moderate
Spearman correlation, these findings substantiate
the claim that OMIBench imposes systematically
stronger demands on multi-image Olympiad rea-
soning than its single-image counterpart.

E.2 Relationship Between Number of Images
and Accuracy

To quantify how multi-image complexity affects
model performance, we analyze accuracy as a func-
tion of the number of images per instance. Each
OMIBench question is annotated with its image
count k. Instances are grouped into bins by k (e.g.,
k = 1, 2, 3, 4, 5,≥ 6), and the average accuracy for
each bin is computed by aggregating predictions
from all evaluated models. Concretely, for each bin
Bk with k images, the bin-level accuracy is defined
as:

Acc(k) =
1

|Bk|
∑

x∈Bk

match{ŷ(x), y(x)}, (10)
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where y(x) is the ground-truth answer for instance
x, ŷ(x) is the model prediction, and match{·, ·} is
the match function as mentioned in Appendix C.1.
Figure 3 (b) reports the mean accuracy for each
bin.

E.3 Ablation: Restricting Instances to a
Limited Input Image

To verify that OMIBench necessitates multi-image
integration rather than being solvable via lim-
ited input image cues, we constructed an ablation
dataset wherein visual context was systematically
restricted. For every instance containing K > 1 im-
ages, we retained the original question and ground
truth but supplied only the primary image (the first
in the canonical sequence). This approach isolates
the impact of visual context reduction while main-
taining the distributional properties of the query
set.

We evaluated model performance across two
conditions: (1) the standard multi-image setting,
where models access the full visual complement
(k = K images); and (2) the partial-image ab-
lation, where input is strictly limited to k < K
images per instance. As illustrated in Figure 3 (c),
limiting visual input precipitates a marked decline
in performance. Across all evaluated LVLMs, the
mean accuracy drops by at least 10% in the single-
image setting relative to the multi-image baseline.
The degradation is particularly pronounced for
inquiries requiring cross-referencing or compara-
tive analysis, confirming that high performance on
OMIBench relies on joint reasoning over multiple
visual inputs.

F Detailed Analyses for “Combined
Multi-Image and Olympiad-Level
Thinking”

F.1 Correlation with MMIU and
OlympiadBench

Figure 3 (a) examines model ranking consistency.
MMIU prioritizes multi-image perception, whereas
OlympiadBench emphasizes single-image reason-
ing; OMIBench integrates these demands by requir-
ing reasoning across multiple images. Empirically,
rankings between MMIU and OlympiadBench di-
verge, confirming their disparate foci. Conversely,
OMIBench correlates more strongly with each
baseline than the baselines do with one another.
This suggests OMIBench effectively bridges the
two domains, capturing the joint capabilities of
multi-image understanding and complex problem-
solving.

F.2 Detailed Error Analysis
In this section, we formally define the annotation
protocol, the taxonomy of failure types, and the
qualitative patterns observed for each category on
OMIBench. The goal is to make the reported per-
centages in Figure 7 reproducible and interpretable.
F.2.1 Annotation Protocol
We analyzed OMIBench examples where LVLM re-
sponses fell below a predefined correctness thresh-
old under GPTScore. These candidate errors un-
derwent a rigorous secondary inspection to eluci-
date failure mechanisms. For each instance, an-
notators examined the visual inputs, instructions,
reference solutions, and model outputs. A prerequi-
site validation step excluded false positives where
GPTScore misclassified valid responses. Con-
firmed errors were then assigned a primary failure
mode based on the fundamental deficit preventing
a correct output.

Figure 7 illustrates the resulting distribution: vi-
sual perception failures (35%), cross-image as-
sociation failures (30%), logical reasoning falla-
cies (25%), and instruction comprehension biases
(10%). The following subsections detail the opera-
tional definitions of each category.

Visual Perception Failures occur when the
LVLM misperceives basic visual facts in one or
more images, yielding wrong or incomplete scene
descriptions, even for simple questions, and thus
unreliable downstream reasoning. We label an er-
ror as a visual perception failure when at least one
of the following holds:
1. Object misrecognition: The model assigns

an incorrect object category that the question
depends on (e.g., bus vs. truck, dog vs. cat).

2. Attribute misclassification: The model gets
the object class right but misperceives salient
attributes such as color, number, relative size,
pose, or state (e.g., open vs. closed, full vs.
empty).

3. Spatial relation errors: The model misreads
coarse spatial relations or layout (e.g., left vs.
right, in front of vs. behind, above vs. below)
that are visually clear and explicitly queried.

4. Salient detail omission: The answer would be
correct if a clearly visible but critical detail did
not exist (e.g., a small but prominent symbol,
icon, or text overlay).

Cross-Image Association Failures occur when
the LVLM parses each image reasonably well in
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isolation but fails to correctly relate them when
the question requires comparing, contrasting, or
aggregating information across images. We assign
this label when:
1. The model’s descriptions of individual images

(paraphrased or inferred from its answer) are
largely accurate.

2. The question explicitly or implicitly involves
multiple images (e.g., “between the first and
second image”, “across all panels”).

3. The error stems from misalignment, confusion,
or omission in how information from different
images is combined.

Logical Reasoning Fallacies occur when the
LVLM’s basic visual understanding and cross-
image mapping are adequate, but the chain of rea-
soning leading to the final answer contains flawed
logical steps; fixing the reasoning alone would
yield the correct answer. We annotate an error as a
logical reasoning fallacy when: (1) The model’s im-
plicit or explicit description of relevant visual facts
is broadly correct; perception is not the main source
of error. (2) The natural-language explanation, if
present, shows misapplied inference rules, unsup-
ported assumptions, or inconsistent intermediate
conclusions. (3) Adjusting the reasoning alone,
without changing the perceived facts, would fix the
answer.

Error distributions highlight complementary
weaknesses in LVLM. Visual perception (35%) and
cross-image association failures (30%) indicate per-
sistent limits in fine-grained visual understanding
and multi-image integration, while logical reason-
ing (25%) and instruction comprehension errors
(10%) show that stronger visual encoders alone are
insufficient without advances in structured reason-
ing and multimodal instruction following.

These results motivate future work on: (i)
stronger low- and mid-level visual representations,
(ii) explicit cross-image alignment and aggrega-
tion mechanisms, (iii) more reliable, verifiable rea-
soning procedures, and (iv) training schemes that
sharpen sensitivity to multimodal instructions and
output constraints.

G Details for Long CoT Experiments
This section provides the full experimental details
for Section 6.1 (Can Long Chain-of-Thought Strate-
gies Help?), including the exact prompting tem-
plates, decoding configurations, and the definition
of the “thinking” and “no-thinking” settings used

on OMIBench.

G.1 Prompting strategies on OMIBench

To provide the exact templates used for the com-
parison in Figure 4 (a), we systematically evaluate
widely-used Chain-of-Thought prompting strate-
gies on OMIBench, including Least-to-Most (Zhou
et al., 2023), Plan-and-Solve (Wang et al., 2023),
VoT (Wu et al., 2024). All prompts follow the
generic instruction format below:

Least-to-Most Prompting (Zhou et al., 2023) is
a strategy that decomposes complex problems into
a sequence of simpler subproblems, solving them
one by one. Specifically, the prompt used is as
follows:

Least-to-Most Prompting

Please reason step by step, and then
provide the final answer in the exact format:
\boxed{ANSWER}.

[Question]
problem_text0 [IMAGE0] problem_text1
[IMAGE1] ... problem_textn

[Choices] # only for multiple choices prob-
lems
A. option_A
...
Let’s break down this problem and solve it
one by one.

Plan-and-Solve Prompting (Wang et al., 2023)
first devises a high-level plan to tackle the problem,
then executes the plan step by step. The specific
prompt used is as follows:
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Plan-and-Solve Prompting

Please reason step by step, and then
provide the final answer in the exact format:
\boxed{ANSWER}.

[Question]
problem_text0 [IMAGE0] problem_text1
[IMAGE1] ... problem_textn

[Choices] # only for multiple choices prob-
lems
A. option_A
...
Let’s first understand the problem and de-
vise a plan to solve it. Then, let’s carry out
the plan and solve the problem step by step.

Visualization-of-Thought (VoT) Prompting (Wu
et al., 2024) encourages the model to visualize
intermediate states after each reasoning step to
enhance clarity and understanding. The specific
prompt used is as follows:

Visualization-of-Thought (VoT) Prompting

Please reason step by step, and then
provide the final answer in the exact format:
\boxed{ANSWER}.

[Question]
problem_text0 [IMAGE0] problem_text1
[IMAGE1] ... problem_textn

[Choices] # only for multiple choices prob-
lems
A. option_A
B. option_B
...
Visualize the state after each reasoning step.

G.2 “Thinking” vs. “No-Thinking”
Prompting Modes

We next describe how the “thinking” and “no-
thinking” prompting modes in Fig. 4(b) are im-
plemented for both reasoning-oriented and non-
reasoning LVLMs. In the "no-thinking" mode, the
prompt instructs the model to avoid step-by-step
reasoning and output only the final answer:

No-Think Prompting

Return only the final answer in this exact
format: \boxed{ANSWER}.

[Question]
problem_text0 [IMAGE0] problem_text1
[IMAGE1] ... problem_textn

[Choices] # only for multiple choices prob-
lems
A. option_A
B. option_B ...

G.3 “Thinking” vs. “Instruct” Model Variants
Finally, we describe the usage of the Qwen3-VL
“thinking” and “instruct” variants whose compar-
ison is summarized in Figure 4(c). We use two
official checkpoints: “Qwen3-VL-Instruct,” an
instruction-following vision-language model op-
timized for general-purpose multimodal tasks; and
“Qwen3-VL-Thought,” a variant optimized for long-
form reasoning that supports an explicit “think-
ing” mode with extended internal deliberation. As
shown in Figure 4 (c), although the gains remain
below Olympiad-level performance, they constitute
the largest relative improvement among all tested
Long CoT paradigms, indicating that specialized
long-reasoning training can partially enhance mul-
timodal Olympiad performance.

H Detailed Protocols for Test-Time
Scaling Experiments

Unless otherwise specified, all results are reported
on the OMIBench test split using GPTScore, and
each configuration is evaluated on the full bench-
mark.
H.1 Sequential Scaling Protocol
To study sequential test-time scaling, we vary the
maximum number of newly generated tokens per
example, Lmax, while keeping all other hyperpa-
rameters fixed and re-evaluating the full OMIBench
test set for each configuration. We sweep

Lmax ∈ {512, 1,024, 2,048, 4,096, 8,192, 16,384},
(11)

a near-geometric progression that provides dense
coverage on a log scale with a manageable number
of runs.
H.2 Parameter Scaling Protocol
To analyze how test-time scaling interacts with
model size, we evaluate two families of open-
source multimodal language models: InternVL and
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Model Biology Chemistry Mathematics Physics Total

ACC Score ACC Score ACC Score ACC Score ACC Score

Qwen3-VL-2B-Instruct 27.44 19.92 12.33 5.07 11.53 6.99 12.50 8.75 14.99 9.69
Qwen3-VL-2B-Thinking 24.86 9.56 10.46 1.38 22.25 15.81 10.75 6.84 17.12 9.38

Qwen3-VL-4B-Instruct 43.03 36.65 17.05 11.06 27.91 23.72 18.40 13.92 25.95 20.95
Qwen3-VL-4B-Thinking 43.58 36.65 18.94 11.52 50.80 44.65 20.41 20.75 34.45 30.03

Qwen3-VL-8B-Instruct 46.61 43.43 16.13 17.05 27.44 29.30 20.05 18.63 26.85 26.55
Qwen3-VL-8B-Thinking 52.39 52.59 15.96 17.05 49.90 49.30 21.97 30.66 35.84 38.65

Qwen3-VL-30B-A3B-Instruct 48.51 48.61 13.29 12.90 31.42 32.33 20.02 20.99 28.03 28.59
Qwen3-VL-30B-A3B-Thinking 54.44 55.78 28.13 32.26 63.70 59.30 27.92 37.50 44.63 47.20

Qwen3-VL-32B-Instruct 57.62 58.57 14.09 20.74 44.40 40.70 25.48 25.00 35.87 35.78
Qwen3-VL-32B-Thinking 65.72 64.14 29.83 24.88 60.66 60.93 31.92 41.98 47.34 49.54

Qwen3-VL-235B-A22B-Instruct 60.41 63.20 17.23 22.58 37.48 34.19 23.77 23.58 34.11 34.39
Qwen3-VL-235B-A22B-Thinking 55.00 61.35 34.14 33.18 53.71 48.84 26.81 43.87 42.12 47.05

Table 4: “Thinking” and “Instruct” results on OMIBench, where the bold content denotes the best performance in
each category.

QwenVL. Within each family, we use checkpoints
spanning roughly 1B to 235B parameters (see Ta-
ble 2). The resulting performance–parameter-count
curves are shown in Figure 5 (b), with parameter
counts on a logarithmic scale. We mark the satura-
tion region as the smallest parameter size beyond
which all larger models yield less than 0.5 absolute
GPTScore improvement. InternVL improves up
to approximately the mid-sized checkpoints and
then saturates around 25% GPTScore, whereas
QwenVL continues to improve up to its largest
public variant, plateauing around 35% GPTScore.

H.3 Parallel Scaling Protocol
To evaluate parallel test-time scaling, we fix the
model and prompting scheme and vary the number
of independent samples per example, denoted by k.
For each configuration, we draw k stochastic rea-
soning trajectories and aggregate them via majority
vote over the final answers. We sweep

k ∈ {1, 3, 4, 8, 16}. (12)

For k = 1, this reduces to standard single-sample
decoding. For k > 1, we keep all per-sample de-
coding hyperparameters fixed and only change the
number of parallel draws. Since self-consistency
is not well-defined for k = 2, we use k = 3 as the
smallest multi-sample setting.

To enable self-consistency, we decode with tem-
perature T = 0.6 and a maximum reasoning length
Lmax = 16,384 tokens per sample. After decoding,
we apply the common post-processing pipeline to
extract and normalize the final answer from each of
the k samples and then take the majority-voted an-
swer. For each k, we compute the mean GPTScore

on the full OMIBench test set using the majority-
voted predictions, yielding the accuracy–sampling
curve in Figure 5(c). Plotting GPTScore against
log2(k) reveals an approximately log-linear rela-
tionship between the number of samples and per-
formance over the examined range of k.

H.4 Details of In-Context Learning
Experiments on OMIBench

This section details the experimental protocol for
the in-context learning (ICL) results reported in Fig-
ure 6(a), including the construction of in-context ex-
amples, the definition of the No-Image-ICL, Single-
Image-ICL and Multi-Image-ICL conditions, and
the control choices used to ensure fair comparison
across conditions.

Prompt template and formatting. For each test
instance, we randomly sample k demonstrations
from OMIBench; these source problems are ex-
cluded when computing the evaluation metrics. For
each instance, the sampled demonstrations are fixed
across all ICL conditions to ensure a fair compari-
son. All ICL variants share a unified prompt tem-
plate to isolate the effect of visual context. Each
prompt is structured as follows:

In-Context Learning Prompt Template-P1

Please reason step by step, and then
provide the final answer in the exact format:
“\boxed{ANSWER}”.

[EXAMPLE 1]
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In-Context Learning Prompt Template-P2

[Question]
[Problem Text 0] [IMAGE0] ...
[Problem Text nK]
[Choices] # only for multiple choices prob-
lems
[Solution]
[Example Solution]

[EXAMPLE 2]
[Question]
[Problem Text 0] [IMAGE0] ...
[Problem Text nK]
[Choices] # only for multiple choices prob-
lems
[Solution]
[Example Solution]
...

[REQUEST]
[Question]
[Problem Text 0] [IMAGE0] ...
[Problem Text nK]
[Choices] # only for multiple choices prob-
lems
A. option_A
B. option_B
...

No-Image-ICL Configuration. The No-Image-
ICL condition tests whether models can exploit
purely textual patterns in the demonstrations, even
though OMIBench is a multimodal benchmark.
Concretely, for each of the k demonstrations, we
remove all images from the model input but keep
the textual problem description (including any ref-
erences to images, image indices, or regions) and
the answer line. Thus, the model can only rely on
textual information in the demonstrations, but still
has access to the full visual information for the tar-
get question. As reported in the main text, adding
these purely textual in-context examples substan-
tially improves OMIBench performance compared
to the zero-shot baseline.

Single-Image-ICL Configuration. The Single-
Image-ICL condition evaluates whether attaching a
single representative image to each demonstration
offers additional benefits over text-only demonstra-
tions. For each of the k demonstration instances: If
the original OMIBench question contains a single
image, we attach that image to the demonstration,

exactly as in the dataset. All other aspects of the
prompt (textual problem statement, options, and
answer format) are identical to the No-Image-ICL
case, and the test instance is again provided with its
full set of images. This condition probes whether
current LVLMs can effectively exploit minimal vi-
sual context in the demonstrations to further im-
prove over text-only ICL.
Multi-Image-ICL Configuration. The Multi-
Image-ICL condition provides the model with the
full visual complexity of OMIBench within the
in-context examples. For each of the k demonstra-
tions, we attach all images associated with that
OMIBench instance, preserving the original order-
ing. Thus, demonstrations in this condition mir-
ror the multimodal structure of the test instance
itself. The textual content and answer format again
remain unchanged relative to the other ICL con-
figurations, so that any performance differences
can be attributed to how well the model leverages
multi-image visual context in the demonstrations.

I Additional Details for “Thinking with
Images”

I.1 Tool-based “Thinking with Images”
(GPT-4o + VisualSketchpad)

Inspired by Cheng et al. (2025b); Tong et al. (2025),
we instantiate the tool-based “Think-with-Image”
paradigm by augmenting GPT-4o with VisualS-
ketchpad. This integration enables the model to
draw primitives and text, highlight or blur regions,
and crop or zoom. We adapt VisualSketchpad’s
prompting strategy, originally optimized for single-
image tasks, to our multi-image framework.

Qualitatively, the system exhibits distinct limita-
tions on OMIBench: (1) fixating on isolated images
while neglecting other crucial information for the
task; (2) performing redundant edits that yield no
new information; and (3) failing to spatially align
objects across images. These behaviors, rare in
single-image settings, highlight the limited trans-
ferability of existing visual tools to complex multi-
image reasoning. More detailed case analyses are
provided in Figure 17 & 18.
I.2 Internal “Thinking with Images”

(EMU-3.5-34B)
In the internal “Think-with-Image” configuration,
we employ EMU-3.5-34B, a unified multimodal
generator designed to reason over inputs and syn-
thesize visual content autonomously, eliminating
the need for external APIs. This architecture en-
ables the model to perform reasoning that integrates
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Rationale: “…show the distance between
objects, with varying color intensities
indicating proximity... warmer colors in
the central area..."

Standard Rationale: Let's analyze each statement
based on the given data ...
Standard Answer (Gold): True

Model Prediction(GPT-4o+VSP): No Answer

Error Analysis:
Over-Engineering: The model lacks "Meta-
Cognition" to select the right tool. It used a
sledgehammer (Depth Model) to crack a nut (2D
Line Drawing).
The resulting tool artifacts (fake depth colors)
hijacked the reasoning process, causing
Hallucination of Meaning.

Input:
Root anatomy changes as plants mature. As
roots grow, lateral roots grow from the primary
(roots). Many lateral roots can grow from one
primary root, and each lateral root grows from
a single primordium. A primordium can be
thought of as a lateral root bud. To study plant
root growth, scientists grew Arabidopsis
thaliana plants for 10 days…
Fig 1: Growth Timeline & Primordia Count

Fig 2: Grafting 
Experiment Phenotypes

To study how a gene miR156A affects plant
development, scientists then created an
Arabidopsis plant which did not contain the
miR156A gene. …
a) The miR156A gene increases
root growth
TRUE / FALSE

b) …

Figure 17: Analysis of reasoning error examples on GPT-4o+VisualSketchpad (VSP).

Rationale: “…without measurements of AB, BE, and
BQ…cannot definitively conclude congruence..."

Standard Rationale: According to Figure (1), when
point 𝑃 reaches point 𝐸, point 𝑄 reaches point 𝐶. …
Standard Answer (Gold):…𝑩.

Model Prediction (GPT-4o+VSP): Error

Error Analysis:
Visual Inertia: The model treats the two images as
separate tasks. It lacks the initiative to "Search
Across Images" (looking for missing variables in
the neighbor graph).Tool Distraction: Instead of
linking the graphs, it wasted compute on
hallucinating 3D depth from 2D lines.

Input:

Fig 2: Time Data (When)Fig 1: Spatial Path (Where)

As shown in Figure (1), point 𝐸 is on side 𝐴𝐷 of
rectangle 𝐴𝐵𝐶𝐷. Points 𝑃 and 𝑄 start simultaneously
from point 𝐵. Point $P$ moves along the broken line
𝐵𝐸 − 𝐸𝐷 − 𝐷𝐶 until it reaches point 𝐶, and point 𝑄
moves along 𝐵𝐶 until it reaches point 𝐶. Both points
move at a speed of 1 cm/second. Let 𝑦 cm2 be the area
of ∆𝐵𝑃𝑄 when 𝑃 and 𝑄 have been moving for 𝑡
seconds. The graph of the function 𝑦 versus 𝑡 is shown
in Figure (2) (curve 𝑂𝑀 is a part of a parabola).
Which of the following conclusions is false?

Figure 18: Analysis of reasoning error examples on GPT-4o+VisualSketchpad (VSP).

both textual analysis and self-generated visual aids.
For inference, we adopt a mixed-precision proto-
col on 2 NVIDIA A100 80GB GPUs. We set the
temperature to 0.3 and top-p to 0.9, a configuration
empirically determined to optimally balance diver-
sity and coherence during visual planning. More
detailed case analyses are provided in Figure 19-21.

J Reliability and Stability of GPTScore

To address concerns about the trustworthiness of
model-based evaluation, we report four comple-
mentary analyses of GPTScore.

Complementarity with match accuracy. Match
Accuracy captures exact symbolic agreement,
while GPTScore evaluates semantic equivalence
under the multimodal context (see Appendix C).

The Spearman correlation between the two metrics
over model-level scores is 0.93, indicating strong
agreement and consistency.

Agreement with human ratings and cross-
evaluator stability. We randomly sample 200
answers generated by Gemini-3-Pro-Preview and
obtain human ratings. We then compare these
human scores with GPTScore produced by three
different evaluator models. As shown in Table 7,
all Spearman correlation coefficients exceed 0.86
(p < 0.05), demonstrating both that model-based
evaluation is well aligned with human judgment for
logic-reasoning-style answers, and that GPTScore
is stable across different evaluator models.

Sampling stability and statistical significance.
We report the mean and standard deviation of both
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Rationale: … Retrieved the standard
"Double Displacement" mechanism
from memory, ignoring the specific
"Inversion" diagram provided...

Standard Rationale: The image explicitly shows the
residue abstracting a proton from water …
Standard Answer (Gold):…Base.

Model Prediction (Emu-3.5): Nucleophile

Error Analysis:
Visual Neglect: The model ignored the specific
electron flow (arrow pushing) in the image.

Hallucination form Priors: Seeing "Glycosidase", it
blindly applied a high-frequency textbook concept
(Enzyme = Nucleophile), failing to adapt to the
specific case shown (Enzyme = General Base).

Input:
…Glycosidases, … are enzymes that catalyze this reaction (scheme
1). … increase the speed of the C-O bond cleavage reaction by a
factor of (10&')

Scheme 1: Hydrolysis of the glycosidic
bond. Mechanism of hydrolysis catalyzed
by glycosidase ...

Scheme 2: Mechanism with inversion of configuration

Scheme 3: Mechanism with retention of configuration
Chose the correct statement indicating the reactivity of sodium
hydride:
Base / Acid/ nucleophile / electrophile

Fig 1: General 
Hydrolysis

Fig 2: Inversion Mechanism 
(The Reality)

Figure 19: Analysis of reasoning error examples on Emu-3.5.

Rationale: Reasoning loop broke down…

Standard Rationale: … Strictly derived from given
side lengths (AB=2, BC=3) and folding symmetry…
Standard Answer (Gold):…3 − 3.

Model Prediction (Emu3.5): Infinite Loop

Error Analysis:
Regularization Bias: The model “regularized” a
standard triangle into a “perfect” Equilateral
Triangle (60°) simply because it looked tidy.
Logical Collapse: When the math derived from this
fake angle didn't add up, the language model entered
an infinite generation loop, unable to resolve the
contradiction.

Input:
In the rectangle 𝐴𝐵𝐶𝐷 shown in Figure (1),
point 𝐸 is on 𝐴𝐷, and by folding point 𝐴 to the
right along 𝐵𝐸, it forms the configuration shown
in Figure (2). Then, 𝐴𝐹 ⊥ 𝐶𝐷 is drawn at point 𝐹,
as shown in Figure (3). If 𝐴𝐵 = 2, 𝐵𝐶 = 3 ,
∠𝐵𝐸𝐴 = 60∘, then the length of 𝐴𝐹 in Figure (3)
is:

Output: Infinite Loop Crash

Figure (3)

Figure (1) Figure (2)

Figure 20: Analysis of reasoning error examples on Emu-3.5.

Rationale: Step 1: Calculate the solubility of carbon
dioxide in water... Henry's law...

Standard Rationale: … Calculate volume of cone
frustum + cylinder to find height…
Standard Answer (Gold):… 𝒙 ≈ 𝟐𝟎𝒄𝒎.

Model Prediction (Emu3.5):… 𝒙 ≈ 𝟏𝟖. 𝟓𝒄𝒎

Error Analysis:
Distractor Trap: The solubility graph (Fig 2) acted
as a "Super-Stimulus", hijacking the model's
attention away from the bottle's geometry (Fig 1).

Domain Drift: The model drifted from Physics
(Volume) to Chemistry (Solubility), performing
complex but irrelevant thermodynamic calculations.

Input:
Rabbits were originally only wild in Spain and
France. The Romans domesticated French
rabbits, and introduced them to Britain (and
the rest of Europe). During the Imperial era,
rabbits were introduced to Australia. Rabbits
spread across Australia explosively, causing
catastrophic damage to Australian habitats.
Scientists in Cambridge investigated where
feral Australian rabbits came from. Fig 1: Geometric 

Constraints

Fig 2: Chemical 
Distractor (No Use)

… To work out where Australian feral rabbits
came from, a genetic tree of the different
rabbit populations was constructed. The length
of each branch is proportional to the number
of genetic changes.

Does this tree prove feral rabbits in Australia
came from multiple different shippings?

Figure 21: Analysis of reasoning error examples on Emu-3.5.
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Metric Evaluator Biology Chemistry Mathematics Physics Total

Mean Std Mean Std Mean Std Mean Std Mean Std

GPTScore Gemini-2.5-flash 72.49 1.01 26.61 0.95 61.57 0.88 40.33 1.17 50.98 0.42
GPTScore GPT-5-mini 71.49 0.33 23.85 1.02 62.85 1.25 40.21 0.99 50.80 0.45

ACC Gemini-2.5-flash 59.74 1.29 21.08 0.69 39.71 1.19 21.76 0.76 34.66 0.29
ACC GPT-5-mini 60.14 1.20 21.43 0.88 36.92 0.79 24.47 0.89 34.75 0.22

Table 5: Stability of GPTScore and Accuracy (%) across three independent runs (mean and standard deviation).

Setting Biology Chemistry Mathematics Physics Total

ACC Score ACC Score ACC Score ACC Score ACC Score

Original multi-image 60.64 52.61 15.67 22.12 29.53 15.35 16.98 18.87 24.05 24.88
Inform.-equivalent single-image 64.66 56.63 20.74 26.27 33.49 19.30 22.41 24.53 33.71 29.17

Table 6: Performance comparison of GPT-4o between the original multi-image setting and the information-equivalent
single-image setting.

Comparison Spearman Cor. p-value

Human vs. GPT-4o-mini 0.886 <0.05
Human vs. GPT-5-mini 0.874 <0.05
Human vs. Gemini-2.5-flash 0.869 <0.05

Table 7: Spearman correlation between human ratings
and model-based GPTScore.

GPTScore and ACC across three independent sam-
pling runs of Gemini-3-Pro-Preview, evaluated by
Gemini-2.5-flash and GPT-5-mini. As shown in
Table 5, the standard deviations remain small: for
GPTScore, all subject-level deviations are below
1.3% and total-level Std is below 0.5%; for ACC,
fluctuations are at most ∼1.3% and total-level Std
is below 0.3%. These variations are much smaller
than the effective gains reported in our paper for
techniques such as long-CoT thinking, sequential
scaling, and in-context learning, which exceed 5%
and in most cases exceed 10%. Moreover, paired
comparisons for Qwen-VL-32B-Thinking vs. In-
struct, Qwen-VL-32B-Instruct sequential scaling
(1 vs. 16 samples), and Qwen-VL-32B-Instruct tex-
tual ICL (0-shot vs. 3-shot) over five repeated runs
yield p-values all below 0.05, indicating that our
conclusions are statistically stable.

Partial-credit evaluation (future work). Al-
though GPTScore already provides graded seman-
tic judgments under contextual constraints, we ac-
knowledge that purely binary or near-binary judg-
ments may underweight creative or partially cor-
rect solutions on highly open-ended OMIBench
items. As a future extension, we plan to incor-
porate a rubric-guided partial-scoring mechanism

Evaluation subject Accuracy

Human Expert A (avg.) 82.69%
Human Expert B (avg.) 80.77%
Human Non-expert A (avg.) 57.69%
Human Non-expert B (avg.) 61.53%
Gemini-3-Pro (best current) 48.08%

Table 8: Performance gaps between human experts/non-
experts and the current strongest model on a 52-problem
subset of OMIBench.

following recent practice in scientific-reasoning
evaluation (OpenAI, 2025a), and to release the cor-
responding rubrics and evaluator prompts together
with the benchmark.

K Human Baseline Details

To calibrate the difficulty of OMIBench against
human performance, we conduct a small-scale hu-
man study on a uniformly sampled 52-problem sub-
set spanning biology, chemistry, mathematics, and
physics. We recruit four participants: two domain
experts (PhD/Master’s students in STEM-related
fields) and two trained non-experts (undergraduates
without direct domain specialization). None of the
participants has seen OMIBench before the study.

Before formal evaluation, all participants com-
plete 10 familiarization problems that are not in-
cluded in the reported subset. This stage is used
only to acquaint them with the OMIBench input for-
mat, which often requires coordinating information
across multiple images, textual problem statements,
and sometimes auxiliary answer choices. During
the actual evaluation, participants are allowed to
inspect all provided images and text for each prob-
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Model Biology Chemistry Mathematics Physics Total

ACC Score ACC Score ACC Score ACC Score ACC Score

InternVL3.5-8B 47.39 36.95 17.51 17.97 27.91 32.33 17.69 17.69 26.59 26.14
+ CMMCoT 48.19 36.55 17.97 19.35 29.77 35.58 19.81 18.63 28.11 27.65
+ MMDU 46.18 36.55 17.51 16.59 26.98 31.86 16.75 16.51 25.76 25.30

Qwen3-VL-8B-Instruct 46.59 43.37 16.13 16.59 27.21 29.07 20.05 18.40 26.74 26.29
+ CMMCoT 49.00 49.40 18.43 18.43 31.63 30.70 19.58 17.92 28.86 28.11
+ MMDU 45.78 41.77 16.13 15.67 25.81 29.53 19.34 18.16 25.91 25.91

Table 9: SFT results on OMIBench with different multi-image instruction-tuning datasets.

Method Biology Chemistry Mathematics Physics Total

ACC Score ACC Score ACC Score ACC Score ACC Score

GPT-4o 60.64 52.61 15.67 22.12 29.53 15.35 16.98 18.87 24.05 24.88
+ SlowPerception 51.41 52.21 7.83 17.97 18.14 6.98 1.89 14.39 17.50 19.70
+ CogFlow 47.39 40.56 7.37 13.36 8.84 4.42 6.37 2.36 15.08 12.05
+ Visual Sketchpad 18.88 17.67 16.13 17.97 9.53 13.72 15.33 16.75 14.24 16.14

GPT-5 68.13 62.55 23.96 29.03 39.30 56.51 20.52 40.80 36.23 48.11
+ SlowPerception 69.88 63.45 23.04 29.95 39.07 56.98 20.99 42.22 36.44 49.02
+ CogFlow 72.29 62.25 23.50 33.64 38.84 57.44 20.52 41.04 36.74 49.17
+ Visual Sketchpad 73.90 61.85 22.12 30.88 39.53 56.51 20.05 38.21 36.89 47.42

Table 10: Results of different external-tool integration frameworks on OMIBench.

lem and are asked to provide a final answer in the
same problem setting as the benchmark.

We report average accuracy for each participant
group in Table 8, together with the strongest current
model on the same subset for reference. The re-
sults show that experts remain substantially above
current LVLMs, while even trained non-experts
still outperform the best model by a clear margin.
This gap indicates that OMIBench is difficult but
still solvable for humans with sufficient scientific
background, making it a meaningful benchmark for
measuring progress in multi-image Olympiad-level
reasoning.

L Single-Image Control Details

To distinguish the effect of cross-image reason-
ing from confounders such as visual volume, in-
put length, and OCR noise, we construct an
information-equivalent single-image control. For
each problem, all images are concatenated in their
original logical order into a single composite im-
age, while the question text and answer choices
remain unchanged.

M Detailed Results for Training and
External Tools

This appendix provides the full numerical results
referenced in Section 6.4.

SFT on multi-image instruction-tuning data.
Table 9 reports the per-subject ACC and Score
for InternVL3.5-8B and Qwen3-VL-8B-Instruct
fine-tuned on CMMCoT (Zhang et al., 2026) and
MMDU (Liu et al., 2024b). CMMCoT consistently
yields modest improvements on both backbones
(Total ACC 26.59 → 28.11 and 26.74 → 28.86
respectively), while MMDU yields no improve-
ment or slight degradation, suggesting that simple
multi-image understanding data is insufficient for
Olympiad-level reasoning.

External-tool integration. Table 10 reports the
per-subject ACC and Score of three external-tool
integration frameworks on top of GPT-4o and GPT-
5. GPT-4o consistently degrades when augmented
with any of the three tools, while GPT-5 shows
modest, inconsistent gains.
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