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Abstract

With the advancement of powerful large-scale
reasoning models, effectively evaluating the
reasoning capabilities of these models has be-
come increasingly important. However, exist-
ing benchmarks designed to assess the reason-
ing abilities of large models tend to be lim-
ited in scope and lack the flexibility to adapt
their difficulty according to the evolving rea-
soning capacities of the models. To address
this, we propose MORPHOBENCH, a bench-
mark that incorporates multidisciplinary ques-
tions to evaluate the reasoning capabilities of
large models and can adjust and update ques-
tion difficulty based on the reasoning abilities
of advanced models. Specifically, we curate the
benchmark by selecting and collecting complex
reasoning questions from existing benchmarks
and sources such as Olympiad-level compe-
titions. Additionally, MORPHOBENCH adap-
tively modifies the analytical challenge of ques-
tions by leveraging key statements generated
during the model’s reasoning process. Further-
more, it includes questions generated using sim-
ulation software, enabling dynamic adjustment
of benchmark difficulty with minimal resource
consumption. We have gathered over 1,300
test questions and iteratively adjusted the dif-
ficulty of MORPHOBENCH based on the rea-
soning capabilities of models such as GPT-5
and Gemini-3-Pro. MORPHOBENCH enhances
the comprehensiveness and validity of model
reasoning evaluation, providing reliable guid-
ance for improving both the reasoning abil-
ities and scientific robustness of large mod-
els. Code and datasets are released at https:
//github.com/OpenDCAI/MorphoBench.

1 Introduction

In recent years, large-scale pre-trained models have
achieved remarkable progress, demonstrating un-
precedented capabilities across natural language

*Contributed equally.
†Corresponding authors.

processing, code generation, and multimodal un-
derstanding (Devlin et al., 2019; Achiam et al.,
2023; Guo et al., 2024b; Bai et al., 2023; Guo et al.,
2025a; Chen et al., 2025). Besides, there is a grow-
ing emphasis on strengthening their reasoning capa-
bilities, especially in specialized academic domains
such as mathematics, physics, logic, and related
fields (Zhou et al., 2024; Muennighoff et al., 2025;
Liu et al., 2023; Xu et al., 2025). This shift reflects
the broader ambition of artificial intelligence: to
move from surface-level understanding to robust
and generalizable reasoning.

To effectively evaluate large models, sev-
eral benchmarks such as MME-Reasoning (Yuan
et al., 2025), SeePhys (Xiang et al., 2025), and
HLE (Phan et al., 2025) have been proposed to
measure reasoning abilities. Some models have
even achieved gold-medal performance in compe-
titions like the IMO (Huang and Yang, 2025) and
IPHO (Qiu et al., 2025a). However, these bench-
marks are static and cannot adapt to changes in a
model’s reasoning proficiency. Moreover, although
specialized agents may perform well in certain do-
mains such as the IMO or IPHO, the coverage of
current reasoning benchmarks remains narrow, as
most focus on mathematics or physics problems.
Many existing benchmarks, while intended for rea-
soning assessment, such as HLE (Phan et al., 2025),
still rely on domain-specific knowledge, which
tends to overestimate factual recall instead of true
reasoning ability. Genuine reasoning should be
evaluated through problems that involve complex
logical inference based on simple or universally un-
derstood knowledge rather than the memorization
of rare concepts. Therefore, a benchmark capable
of dynamically adjusting difficulty according to
a model’s reasoning ability, while covering multi-
ple academic domains and emphasizing reasoning
over knowledge rarity, is essential for accurate and
stable evaluation.

To address these limitations, we propose MOR-
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Figure 1: Overview of MORPHOBENCH.

PHOBENCH, a multi-disciplinary reasoning bench-
mark with difficulty adaptive to model performance.
Unlike existing benchmarks, MORPHOBENCH dy-
namically adjusts question difficulty along two key
dimensions: understanding conditions and con-
structing reasoning chains, enabling fair and com-
parable evaluation across models of different pro-
ficiency levels. It achieves this by modifying key
statements within the model’s reasoning process,
varying the clarity of problem conditions and intro-
ducing either guiding hints or distracting informa-
tion to regulate reasoning complexity.

The main contributions of this paper can be sum-
marized as follows:

• We introduce MORPHOBENCH, a novel
benchmark that includes complex, reasoning-
intensive problems in multiple disciplines.
The benchmark supports adaptive difficulty
calibration based on the model’s reasoning
process, enabling fair and comparable evalu-
ation across models with different levels of
reasoning ability.

• MORPHOBENCH adapts difficulty along two
dimensions: recognizing given conditions
and constructing reasoning chains. MOR-
PHOBENCH identifies critical points in the
model’s problem-analysis process and adjusts
questions accordingly. It widens the reason-
ing gap through targeted perturbations of the
textual grounding linked to model-identified
visual cues, adjustments to the form and struc-
ture of intermediate reasoning, and parameter-
ized controls under verified automatic gener-
ation, enabling principled and scalable diffi-

culty evolution.

• We introduce a reviewer-judge agent, a modu-
lar LLM-as-judge evaluation framework that
decomposes multimodal model outputs into
step-level evidence and scores them along
complementary axes of correctness, reasoning
quality, and hint-following. Our framework
enables fine-grained, interpretable diagnosis
beyond final-answer accuracy.

2 Related Work

2.1 Large Reasoning Models
Frontier models increasingly treat reasoning as a
first-class capability: they are designed and trained
to allocate more inference-time computation to dif-
ficult prompts, perform multi-step deduction, and
verify intermediate steps before producing a final
answer (OpenAI, 2025a; Comanici et al., 2025;
Guo et al., 2025a, 2024a; Su et al., 2025). In
the multimodal regime, recent reasoning-optimized
systems further encourage longer deliberation, in-
cluding variants that incorporate images into in-
termediate reasoning (OpenAI, 2025b; Comanici
et al., 2025; Bai et al., 2025; Liang et al., 2025).

These trends make it increasingly important to
adopt diagnostic evaluations: moving beyond a sin-
gle accuracy metric and using controlled test suites
to better characterize model reasoning behavior and
generalization.

2.2 Evaluation Benchmarks for Large Models
Evaluating large models requires robust bench-
marks that reflect their capabilities across knowl-
edge and reasoning (Hendrycks et al., 2020; Wang
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Figure 2: Demonstration of MORPHOBENCH’s problem difficulty adjustment pipelines.

et al., 2024). As models evolve, benchmarks
for multimodal understanding and reasoning have
become increasingly important, including bench-
marks that test integration across visual and textual
modalities (Lu et al., 2023; Yu et al., 2023; Yue
et al., 2024; Zhang et al., 2024; Fu et al., 2025; Shi
et al., 2025; Hu et al., 2025). In parallel, reasoning-
focused benchmarks evaluate complex reasoning
and practical problem solving (e.g., code and long-
horizon tasks) (Zheng et al., 2025; Yuan et al.,
2025; Guo et al., 2025b), while domain-specific
benchmarks probe specialized scientific QA abili-
ties (Phan et al., 2025; Ruan et al., 2025; Shen et al.,
2025; Xiang et al., 2025; Li et al., 2024). However,
many benchmarks remain largely static and provide
limited support for capability-adaptive evaluation
via controlled difficulty adjustments, which makes
fair comparison across models with different rea-
soning profiles challenging.

3 MORPHOBENCH

3.1 Data Collection
To evaluate large-scale models’ reasoning capa-
bilities across disciplines, MORPHOBENCH ag-
gregates explicit-reasoning questions from three
sources (see Fig. 3).

(1) Open-source benchmarks. We incorpo-
rate reasoning-oriented items from Humanity’s

Last Exam (HLE) (Phan et al., 2025), MME-
Reasoning (Yuan et al., 2025), and a subset of his-
torical reasoning questions from HistBench (Qiu
et al., 2025b).

(2) Olympiad-level competition problems.
We collect challenging problems in mathe-
matics, physics, and chemistry from estab-
lished competitions and national Olympiads (e.g.,
CMO/Putnam/IMO/USAMO; CPhO/CChO), to-
gether with coach-designed Olympiad training
problems.

(3) Expert-designed complex reasoning sce-
narios. We additionally construct new questions
via template-based automatic generation for struc-
tured reasoning settings (e.g., black-box circuits),
with answers verified by simulation for objectiv-
ity and reproducibility. The generation pipeline is
described in Sec. 3.3.

All questions are standardized with a unified
style guide and undergo at least two rounds of ex-
pert review for correctness and consistency. This
initial dataset is denoted as MORPHO-R(v0).

3.2 Preliminary Analysis

To illustrate how question difficulty can be system-
atically adjusted according to the reasoning capa-
bilities of large-scale models, we first define the
difficulty levels of questions in MORPHOBENCH.
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Model Engineering Mathematics Natural Sciences Social Sciences Other

Total (share) 439 (28.38%) 560 (36.21%) 250 (16.16%) 86 (5.56%) 212 (13.70%)

Gemini-2.5-flash 13.64 45.29 28.80 59.34 34.02
Gemini-2.5-pro 15.91 48.91 28.80 65.93 40.72
Gemini-3-pro 24.09 66.12 33.60 53.85 48.45
GPT-5.1 48.64 61.52 32.40 51.65 45.88
Grok-4 8.13 60.93 31.06 49.45 14.67
o3 32.27 51.45 32.40 54.95 33.51
o4-mini 15.91 54.35 28.00 49.45 32.99

Table 1: Subject-level answer correctness on MORPHO-R(v0). We report accuracy (Acc; %, higher is better)
across five disciplines. Total (share) reports the number of questions and their proportion in the full dataset
(N “ 1307). Best results per column are in bold.

Recent LLMs increasingly demonstrate planning-
like behaviors, outlining intermediate steps before
producing the final solution (Gui et al., 2025; Rawat
et al., 2025). Inspired by this observation, we for-
malize the solving process as a search problem
on a directed proof graph (Wei et al., 2023; Yao
et al., 2023) and analyze how the complexity of this
graph, which reflects the model’s reasoning depth
and branching structure, can be adjusted to control
the difficulty of a question.

3.2.1 Reasoning as Path Search in a Proof
Graph

For a reasoning question Q, we construct a directed
proof graph

GQ “ pV,E, cq. (1)

Each vertex v P V encodes an intermediate state-
ment or subconclusion, and each directed edge
e “ pv, v1q P E represents a single logically valid
inference step. The edge weight cpeq ą 0 captures
the expected computational difficulty for an LLM
to move from state v to v1 without introducing ad-
ditional intermediate statements.

The start vertex spQq corresponds to the original
problem statement and the terminal vertex tpQq

denotes a fully verified answer. For any valid rea-
soning path

π “ pv0, . . . , vkq with v0 “ spQq, vk “ tpQq,
(2)

the accumulated cost is

Costpπq “

k´1
ÿ

i“0

c
`

vi, vi`1

˘

. (3)

We define the intrinsic difficulty of Q under a
model’s reasoning policy as the expected cost of

correctly deriving the answer over valid paths:

LpQq “ Eπ„P pπ|Qq

“

Costpπq
‰

“
ÿ

π:sÑt

P pπ | QqCostpπq
(4)

where P pπ | Qq denotes the model-assigned prob-
ability of following a valid reasoning path π. This
expectation-based formulation captures both step-
level computational costs and the diversity of plau-
sible reasoning trajectories.

3.2.2 Question Modification and Information
Gap

We formalize question modification as an algorithm
R that appends a hint τ to the original question,
yielding Q1 “ RpQ, τq. With respect to the target
answer A, we define the information gap induced
by the modification as

∆I “ KpA | Q1q ´ KpA | Qq, (5)

where KpA | Qq serves as an information-theoretic
proxy for the effective complexity of producing A
given Q. Intuitively, ∆I ď 0 corresponds to help-
ful or redundant modifications, whereas ∆I ą 0
indicates misleading or irrelevant adjustments. In
what follows, we focus on misleading modifica-
tions with ∆I ą 0.

3.2.3 Impact of Misleading Modifications
Let FailpQ,Bq denote the event that an agent fails
to reach tpQq within a fixed compute budget B un-
der its reasoning policy. Misleading modifications
(∆I ą 0) expand the effective search space of the
proof graph by introducing spurious alternatives,
thereby increasing the expected traversal cost and
making failures more likely under a fixed budget:

Pr
“

FailpQ1, Bq
‰

ą Pr
“

FailpQ,Bq
‰

. (6)
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Question:

As shown in the figure, △ABC is
inscribed in ⊙O. AD bisects ∠BAC
and intersects ⊙O at D. E is the
midpoint of BC. Point F makes EF ⊥
AD. Connect DF. Draw MN ⊥ DF
through F, intersecting AB and AC at
M and N respectively. Prove that:
FM = FN.

Question:

According to the second figure in
Discovery 22-1, a meterstick in a
spaceship traveling at half the speed
of light would appear to have a
length of ['1 meter', '0.87 meter',
'0.50 meter', '0.15 meter']

Question:

For the three heritable features, Alfa,
Baker, and Charlie, pedigree analysis
was performed on pedigree A, pedigree
B,and pedigree C, respectively, and the
results in Figure 1 were obtained.
Indicate whether each of the following
statements is true or false.
1. An analysis of pedigree A suggests that
the inheritance pattern of characteristic
Alfa could be due to a dominant allele.
2. An analysis of pedigree C suggests
that the inheritance of the characteristic
Charlie could be due to a dominant allele.
A subsequent detailed analysis revealed
that all of the inheritance patterns of Alfa,
Baker, and Charlie were due to recessive
alleles on the autosome.
3. B1 and B3 of family B are definitely
carriers.
4. C1 and C3 of family C are definitely
carriers.

Question:

You are presented with a sealed black-box electronic circuit. The internal
structure is unknown, but you have access to the following information. The
black box has X input terminals with Y input signals and two output terminals
o1 and o2. Based on the given input signals and the observed output waveform,
infer the likely internal circuit structure.Below are several candidate circuit
netlists (in SPICE format), please determine which single option best satisfies
the specified requirements.
A.G1 B.G2 C.G3 D.G4 The red-marked parts, omitted here for 

brevity, correspond to data generated from 
simulated signals.

self-adjustment

Figure 3: Testing examples from MORPHOBENCH.

We provide formal assumptions and proof sketches
in Appendix A.2.

3.3 Difficulty Adaptation
We provide our three main difficulty adaptation
schemes. Detailed implementation procedures are
deferred to Appendix A.3.

Adaptation based on agent reasoning. Shaping
the agent reasoning process is a direct and effec-
tive way to control problem difficulty and widen
the gap between question and answer. As shown
in Fig. 2(b), we adjust difficulty by introducing
progressively revealable hints derived from key rea-
soning steps: higher-disclosure, more explicit hints
lower difficulty, whereas lower-disclosure hints
leave more exploration space; under the hard set-
ting, we additionally inject plausible but mislead-
ing hints to increase difficulty without changing the
original question or answer. To make this process
controllable and auditable, we first build a proof
graph from the reference solution trace: intermedi-
ate statements are extracted and linked according
to their inferential dependencies, and each graph
element is attached with the originating step in-
dices for traceability. Based on the proof graph, we

then generate a tiered hint set ordered from coarse
guidance to increasingly specific cues. Early tiers
mainly indicate what objects to focus on and what
basic setup or auxiliary construction to introduce,
while later tiers progressively reveal pivotal inter-
mediate relations or conclusions that unlock the
main solution path, yet still avoid stating the final
answer. Each hint is aligned with evidence steps
in the trace, and we apply post-generation valida-
tion and repair to ensure reliable downstream use.
The algorithm therefore enables configurable con-
trol of problem complexity through hint design and
makes the generated hints interpretable and action-
able, supporting finer-grained difficulty evolution.

Adaptation based on agent recognition. MOR-
PHOBENCH increases the reasoning cost between
questions and answers by perturbing the visual cues
most critical to the model, making the model more
prone to reasoning errors as illustrated in Fig. 2(c).
Instead of relying on predefined annotations, the
model itself first indicates which elements it consid-
ers essential. These elements are then deliberately
obfuscated at the text level, for example by intro-
ducing ambiguous wording or partially masking
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Original Question：Given a positive integer n ≥ 2. Let 𝑎!" 1 ≤ 𝑖, 𝑗 ≤ 𝑛  be 𝑛# non-negative reals and their 
sum is 1. For 1 ≤ 𝑖	 ≤ 𝑛, define 𝑅! = 𝑚𝑎𝑥$%&%' 𝑎!& . For 1 ≤ 𝑗	 ≤ 𝑛, define 𝐶" = 𝑚𝑖𝑛$%&%' 𝑎&" . Find the 

maximum value of 𝐶$𝐶#⋯𝐶' 𝑅$ + 𝑅# +⋯+ 𝑅' .

• Start by understanding the definitions of 𝑅! and 
𝐶". 𝑅! is the maximum value in the i-th row and 
𝐶" is the minimum value in the j-th column.

• Remember that the sum of all 𝑎!" is 1. 

• Since we are looking for the maximum value, it 
might be helpful to consider the case where all 
𝑎!" are equal. 

Simplifying Hint Complicating Hint

4
𝑛! 𝑛 + 1 !"#

4
𝑛! 𝑛 + 1 !"# ✅ ❌

1
𝑛$!"#

o3 o3 o3Correct

✅

Correct Incorrect

Difficulty ↓ Difficulty ↑

• Consider using the Cauchy-Schwarz Inequality.

Figure 4: Examples for adaptation based on agent reasoning.

key terms, thereby hindering precise interpretation.
Unlike random textual noise, such agent-driven
perturbations directly target the linguistic features
most relied upon, making them more challenging.
If the model continues to answer correctly under
these conditions, it demonstrates strong robustness
and generalization; conversely, performance degra-
dation reveals over-dependence on localized tex-
tual cues. This strategy thus provides a principled
means of difficulty adjustment, testing whether the
model remains effective when its key features are
perturbed.

Adaptation for automatically generated ques-
tions. In MORPHOBENCH, automatic question
generation involves two central challenges: ensur-
ing validity and regulating difficulty, as demon-
strated in Fig. 2(d). To guarantee validity, we incor-
porate external simulation software, such as circuit
simulators, to systematically verify the correctness
of generated outputs. To regulate difficulty, we
adjust key generation parameters. Specifically, in
circuit black-box tasks, difficulty is modulated by
varying the number of exposed terminals, with a
larger number increasing the complexity of infer-
ring the internal structure. In “spot the different
one” tasks, difficulty is controlled either by select-
ing character pairs with higher visual similarity
or by expanding the grid size, thereby imposing
greater demands on visual discrimination. These
mechanisms allow MORPHOBENCH to evolve dif-
ficulty automatically: as terminal counts or grid
complexity grow, the tasks become progressively
harder. This enables continuous challenge for mod-

els and supports scalable evaluation of reasoning
and multimodal understanding.

4 Experiment

4.1 Implementation Details

We evaluate frontier multimodal reasoning models,
including Gemini-2.5-Flash, Gemini-2.5-Pro, GPT-
5.1, Grok-4, and the OpenAI o-series (o3, o4-mini).

We first benchmark all models on the origi-
nal dataset MORPHO-R(v0) and report discipline-
level results across mathematics, engineering, nat-
ural sciences, and social sciences. Starting from
MORPHO-R(v0), we construct two adaptation fam-
ilies by editing each instance based on o3’s re-
sponses to expose different failure modes.

Agent-reasoning adaptation: The MORPHO-
R family keeps the same underlying problems
as MORPHO-R(v0) but adjusts the reasoning
demands of the prompts and hints. Specifi-
cally, we build MORPHO-R(Lite), which simpli-
fies the required reasoning chain, and MORPHO-
R(Complex), which increases reasoning depth by
rewriting lemma hints to control the granularity
and number of intermediate steps.

For each instance in MORPHO-R(v0), we create
two derived instances for MORPHO-R(Lite) and
two for MORPHO-R(Complex); thus, the derived
datasets are each twice the size of MORPHO-R(v0).

Agent-recognition adaptation: The MORPHO-
P family targets multimodal perception robustness.
We derive MORPHO-P(Perturbed) by perturbing
critical textual and visual cues in 476 multimodal
instances, while keeping the underlying task in-
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Figure 5: Evaluation framework of MORPHOBENCH.

tent unchanged, to evaluate whether models remain
reliable under controlled perception disturbances.

Automatic-generation adaptation. We addi-
tionally create a graded circuit-reasoning bench-
mark, denoted as MORPHO-G, by varying the num-
ber of terminals in black-box circuit questions to
obtain a spectrum of difficulty.

4.2 Evaluation Metrics

We evaluate multimodal reasoning models on Mor-
phoBench along three complementary dimensions:
answer correctness, reasoning quality, and hint fol-
lowing. For each example di “ pxi, yi, hiq, xi
denotes the multimodal input, yi the ground-truth
answer, and hi an optional set of provided hints
(set to H when absent). Given a model M , we
obtain the output ai “ Mpxiq “ pŷi, ρiq, where
ŷi is the final answer and ρi is the model’s reason-
ing trace. All judge-based metrics follow a unified
LLM-as-judge formulation:

Score “ LLMpp, a, rq “ Gϕ

`

p,Evidence
˘

,

Evidence “ F
`

Φpp, aq
˘

,
(7)

where p is the metric-specific rubric prompt, Φ is a
tool-based reviewer that converts the model output
into structured step-level reviews r, F aggregates r
into evidence, and Gϕ is the judge model producing
the final score. A more detailed formalization is
provided in Appendix B.

Accuracy. Correctness is computed by directly
comparing the predicted final answer with the

ground truth:

Acc “
1

N

N
ÿ

i“1

1
“

ŷi “ yi
‰

. (8)

Reasoning Quality. To evaluate reasoning be-
yond final-answer correctness, we report two
scores: Completeness and Logical Coherence. For
each example, the model produces a reasoning
trace ρi. We define the reasoning reviewer ΦR as
a two-stage review procedure: (1) step breakdown,
which decomposes ρi into an ordered step sequence
s

piq
1:Ti

“ ps
piq
1 , . . . , s

piq
Ti

q; (2) step checking, which
evaluates local consistency between adjacent steps
ps

piq
t´1, s

piq
t q. The resulting step-level reviews are

aggregated into an evidence summary EvidenceRi ,
which is scored under the rubric prompt pR. Intu-
itively, Completeness measures whether essential
intermediate steps are covered, while Logical Co-
herence measures whether the chain is internally
consistent throughout.

pCompi,Cohiq “ Gϕ

`

pR,Evidence
R
i

˘

,

Compi,Cohi P r0, 100s.
(9)

Hint Following. For hint-bearing examples
(hi ‰ H), we additionally measure Hint Align-
ment, which evaluates whether the model’s reason-
ing behavior follows the provided hints. We define
the hint reviewer ΦH as: (1) step breakdown, pro-
ducing s

piq
1:Ti

; and (2) hint checking, which exam-

ines each step s
piq
t conditioned on the question and

the hint set hi, and assesses whether any deviation
is justified. Step-level hint reviews are aggregated
into EvidenceHi , which is scored under pH to pro-
duce the final score.

HAligni “ Gϕ

`

pH,Evidence
H
i

˘

,

HAligni P r0, 100s.
(10)

Notably, some hints are intentionally misleading.
Therefore, a higher Hint Alignment score is not uni-
versally better, but rather reflects whether the model
can recognize misleading hints and still maintain a
correct reasoning trajectory.

4.3 Main Comparison Results
Cross-disciplinary performance. We report a
discipline-level breakdown on MORPHO-R(v0) in
Table 1 to characterize cross-disciplinary reasoning
performance. The table also reports Total (share)
to show the subject-wise distribution of questions
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Model MORPHO-R (Lite) MORPHO-R (v0) MORPHO-R (Complex) MORPHO-P (v0) MORPHO-P (Perturbed)

Gemini-2.5-flash 39.67 (+3.56) 36.11 30.72 (-5.39) 38.24 34.24 (-4.00)
Gemini-2.5-pro 44.87 (+5.39) 39.48 37.49 (-1.99) 39.71 37.61 (-2.10)
Gemini-3-pro 51.26 (+1.91) 49.35 42.96 (-6.39) 51.47 37.82 (-13.65)
GPT-5.1 55.28 (+4.51) 50.77 40.11 (-10.66) 45.80 39.71 (-6.09)
Grok-4 41.87 (+4.14) 37.73 31.34 (-6.39) 42.48 37.77 (-4.71)
o3 46.06 (+3.90) 42.16 33.32 (-8.84) 46.64 40.55 (-6.09)
o4-mini 42.69 (+3.36) 39.33 31.37 (-7.96) 46.64 39.29 (-7.35)

Table 2: Answer correctness on MORPHOBENCH. We report accuracy (Acc; %, higher is better) across MORPHO-
R and MORPHO-P splits; parentheses denote absolute changes (percentage points) relative to the corresponding v0
baseline. Best results are in bold.

Model MORPHO-R (Lite) MORPHO-R (v0) MORPHO-R (Complex) MORPHO-P (v0) MORPHO-P (Perturbed)

Gemini-2.5-flash 60.33 (+0.47) / 67.89 (+0.86) 59.86 / 67.03 57.56 (-2.30) / 64.57 (-2.46) 67.64 / 73.64 65.88 (-1.76) / 72.62 (-1.02)
Gemini-2.5-pro 59.19 (-0.50) / 66.06 (-0.67) 59.69 / 66.73 58.32 (-1.37) / 65.03 (-1.70) 66.64 / 71.49 64.58 (-2.06) / 69.99 (-1.50)
Gemini-3-pro 62.06 (+2.81) / 65.41 (+2.70) 59.25 / 62.71 62.86 (+3.61) / 66.01 (+3.30) 66.78 / 70.07 58.09 (-8.69) / 61.36 (-8.71)
GPT-5.1 63.66 (+0.37) / 71.49 (+1.36) 63.29 / 70.13 58.00 (-5.29) / 66.16 (-3.97) 66.93 / 74.08 68.55 (+1.62) / 74.68 (+0.60)
Grok-4 70.94 (+0.07) / 73.32 (-0.23) 70.87 / 73.55 64.96 (-5.91) / 66.80 (-6.75) 76.41 / 78.63 78.25 (+1.84) / 80.31 (+1.68)
o3 76.93 (+3.73) / 80.14 (+4.20) 73.20 / 75.94 73.86 (+0.66) / 77.05 (+1.11) 78.40 / 80.61 79.67 (+1.27) / 81.88 (+1.27)
o4-mini 78.37 (+0.63) / 83.71 (+0.61) 77.74 / 83.10 73.58 (-4.16) / 78.96 (-4.14) 82.67 / 86.78 84.13 (+1.46) / 88.24 (+1.46)

Table 3: Reasoning quality on MORPHOBENCH. Each cell reports two reasoning quality scores (left: Com-
pleteness, right: Logical Coherence; both in r0, 100s); parentheses denote absolute changes (points) relative to the
corresponding v0 baseline. Best results are in bold.

Model MORPHO-R
(Lite)

MORPHO-R
(Complex)

Gemini-2.5-flash 86.73 67.74 (-18.99)
Gemini-2.5-pro 86.48 60.48 (-26.00)
Gemini-3-pro 80.43 57.11 (-23.32)
GPT-5.1 88.72 68.87 (-19.85)
Grok-4 78.46 56.29 (-22.17)
o3 88.30 69.21 (-19.09)
o4-mini 90.12 69.72 (-20.40)

Table 4: Hint following on MORPHOBENCH hint-
enabled splits. We report Hint Alignment (HAlign;
r0, 100s); parentheses after R(Complex) indicate the
absolute difference to R(Lite).

in MORPHOBENCH. The leading model varies
by discipline: GPT-5.1 achieves the highest accu-
racy in Engineering (48.64%), Gemini-3-Pro leads
Mathematics (66.12%), and Gemini-2.5-Pro attains
the best performance in Social Sciences (65.93%).
Notably, Engineering exhibits a more polarized
pattern: GPT-5.1 and o3 substantially outperform
the rest (48.64% and 32.27%, respectively), while
other models remain below 25%.

Influence of adjustment based on agent recog-
nition and reasoning. As shown in Table 2, we
compare models across the two adaptation families.
Within the MORPHO-R family, where questions
are held fixed and only lemma-level hints are mod-
ified, all models improve on R(Lite) relative to

R(v0), but degrade on R(Complex). This pattern
suggests that helpful hints improve performance,
whereas misleading hints effectively increase task
difficulty. In terms of absolute accuracy, GPT-5.1
leads on R(Lite) and R(v0) (55.28% and 50.77%),
while Gemini-3-Pro attains the best performance
on the misleading-hint split R(Complex) (42.96%),
suggesting that models differ substantially in their
accuracy retention under misleading hints.

For recognition-driven perturbations, Table 2
shows a consistent accuracy drop from P(v0) to
P(Perturbed) across all models, with notably differ-
ent drop magnitudes. While Gemini-3-Pro attains
the highest accuracy on the unperturbed split P(v0)
(51.47%), o3 achieves the best performance under
perturbation on P(Perturbed) (40.55%), indicating
that strong clean performance does not necessarily
translate to robustness when key cues are perturbed.

To disentangle correctness from reasoning be-
haviors, we further report reasoning-quality diag-
nostics (Table 3). Across splits, the top reasoning-
quality scores are generally achieved by the Ope-
nAI o-series (especially o4-mini), while other mod-
els show larger fluctuations under hint/recognition
adaptations. Importantly, the change in reason-
ing quality does not always mirror the change
in accuracy. For example, GPT-5.1 exhibits a
marked accuracy drop on R(Complex), accompa-
nied by a decrease in both Completeness and Coher-
ence, whereas on P(Perturbed) its reasoning-quality
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Difficulty o3 Gemini-2.5-Pro
Level Acc. (%) Acc. (%)

1 48.3 75.9
2 30.0 36.7
3 48.0 16.0
4 23.1 7.7
5 40.7 0.0
6 39.3 7.1
7 54.2 12.5
8 57.7 7.7
9 44.0 0.0
10 34.8 13.0

Table 5: Model performance of o3 and Gemini-2.5 Pro
on the MORPHO-G. The circuit black-box problem is a
single-choice question with six options in total.

scores slightly increase despite reduced accuracy,
illustrating a partial decoupling between “produc-
ing a well-structured trace” and “arriving at the
correct answer” under perturbations.

Finally, we report Hint Alignment on the
hint-enabled splits (Table 4). On R(Lite), all
models achieve high alignment (all above 78%).
When hints become intentionally misleading in
R(Complex), alignment drops markedly for every
model, suggesting that models can partially recog-
nize and deviate from misleading hints. We empha-
size that hints are not instructions; thus, Hint Align-
ment is a behavioral diagnostic of how a model’s
reasoning trace depends on or resists external guid-
ance.

Influence of adjustment for automatically gener-
ated questions. For the circuit black-box tasks,
we conducted evaluations on o3 and Gemini-2.5-
Pro. Before testing, we systematically defined dif-
ficulty levels for black-box problems. Specifically,
the difficulty was divided into ten levels based on
the number of external terminals. Each level cor-
responds to the number of input terminals on the
black box, which in turn specifies the number of
alternating current (AC) voltages simultaneously
applied to these terminals. As the number of ter-
minals increases, the reasoning process becomes
inherently more complex, resulting in progressively
more challenging tasks. The experimental results
are summarized in Table 5.

As shown in the results, difficulty stratification
strongly affects Gemini-2.5-Pro: as difficulty in-
creases from level 1 to 10, its accuracy drops
sharply from 75.9% to 0–13%, remaining low at
higher levels. In contrast, o3’s accuracy fluctu-
ates between 30% and 58% without a clear down-

ward trend. This shows that the designed difficulty
partition effectively suppresses Gemini-2.5-Pro’s
performance, confirming the sensitivity of the diffi-
culty design, while o3 exhibits weaker sensitivity.
The difference likely results from distinct training
distributions and inference strategies, as o3 can uti-
lize external tools for analysis and problem solving,
whereas Gemini-2.5-Pro aligns more closely with
the intended progressive difficulty response.

5 Conclusion

In this paper, we present MORPHOBENCH, a mul-
timodal benchmark designed to evaluate frontier
models on challenging, cross-disciplinary reason-
ing. Starting from MORPHO-R(v0), we construct
difficulty-controlled variants that probe distinct fail-
ure modes, including (i) reasoning sensitivity to
supportive versus misleading lemma-level hints
and (ii) robustness to recognition-level perturba-
tions of critical cues.

Alongside these adaptations, we provide struc-
tured attribute annotations to support fine-grained
analysis of model behaviors. Our experiments
across state-of-the-art models demonstrate that per-
formance differs substantially across disciplines
and difficulty settings, and that standard accuracy
can diverge from reasoning-quality and hint-related
diagnostics. We hope MORPHOBENCH serves as a
useful testbed for developing more reliable multi-
modal reasoning systems and for diagnosing their
robustness under controlled difficulty shifts.

6 Limitations

While MORPHOBENCH encompasses a wide vari-
ety of problem types and allows for dynamic dif-
ficulty adjustment, it primarily relies on adapting
existing problems. Although modifying test ques-
tions according to the model’s reasoning process
appropriately tailors the difficulty to its abilities,
our current framework still falls short of generating
entirely novel scientific reasoning scenarios from
scratch. In future work, we plan to build upon
our methodology by leveraging the failure modes
observed in model reasoning to enable the auto-
mated generation of entirely new, complex ques-
tions grounded in reference literature.
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A More Details about MORPHOBENCH

A.1 Details of Taxonomy

We organize each sample into a three-level taxon-
omy. We denote each category by its full name
followed by its abbreviation in parentheses. The
leaf category of any sample is given by the tuple
xL1,L2,L3y.

Level 1 (L1): Task Nature

• Perception / Extraction (PERC). Low-level
understanding and signal extraction from
inputs, including recognition, reading dia-
grams/OCR, locating entities, and basic count-
ing.

• Retrieval / Matching (RETR). Locating or
aligning information either provided in the
prompt/evidence or drawn from external re-
sources/commonsense; emphasis on corre-
spondence and lookup.

• Reasoning / Synthesis (RSYN). Multi-
step deduction or constraint satisfaction
that integrates pieces of evidence (e.g.,
flow/conservation rules, multi-hop logic
chains) to reach a conclusion.

Level 2 (L2): Knowledge Closure

• Closed (CLO). The answer is fully deter-
mined by the prompt and provided evidence;
no outside knowledge is required.

• Open (OPE). Solving requires external
knowledge beyond what is given (e.g., back-
ground facts, domain conventions).

• Hybrid (HYB). Primarily evidence-driven
but benefits from a small amount of common
or world knowledge (e.g., everyday conven-
tions) to bridge gaps.

Level 3 (L3): Reasoning Primitive

• Flow / Conservation (FLOW). Applying con-
servation or balance principles (e.g., circuit
KCL/KVL, mass/energy balance, network
flow).

• Path / Reachability (PATH). Determining
connectivity, routes, or shortest hops in
graphs, mazes, or grids.
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• Chronology / Timeline (TIME). Ordering
events, aligning dates/eras/dynasties, or con-
structing consistent timelines.

• Taxonomy / Hierarchy (TAXO). Working
with classification trees, phylogeny, or family
hierarchies to place or infer relations.

• Probability / Statistics / Estimation (PROB).
Handling uncertainty, intervals, likelihoods,
sampling, or simple statistical summaries.

• Arithmetic / Equation Solving (ARITH).
Performing numeric operations or solving al-
gebraic equations/constraints.

• Counting / Sets (COUNT). Basic combina-
torics, set relations/operations, and discrete
enumerations.

• Compare / Order (COMP). Ranking or pair-
wise comparison tasks (greater/less, sorting
by a criterion).

• Geometry / Measurement (GEOM). Rea-
soning about shapes, angles, areas/lengths,
units/conversions, and geometric relations.

• Topology / Matching / Pairing (MATCH).
Assignment, bijection/invariant-based pairing,
or structure-preserving correspondence.

• Textual Entailment / Logical Consistency
(ENTAIL). Checking whether statements are
supported, contradicted, or mutually consis-
tent with given text/evidence.

Each sample is labeled at all three levels; its leaf
label is the concatenation of their abbreviations, for-
matted as L1-L2-L3 (e.g., RSYN-CLO-FLOW). When
ambiguity arises, we prioritize (i) the dominant task
nature (L1), then (ii) knowledge closure (L2), and
finally (iii) the primary reasoning primitive (L3).

A.2 More Proofs of Question Modification

This appendix formalizes why misleading modifi-
cations (∆I ą 0 in Eq. (5)) can enlarge the effec-
tive search space in the proof graph and thereby
increase reasoning difficulty under a fixed compute
budget. We use a minimal construction to make
the argument explicit: a modification embeds addi-
tional incompressible information into the search
graph by introducing spurious outgoing edges that
do not lie on the unique goal path.

Toy setting. Consider an original proof graph
whose goal-reaching structure is a single directed
path

P “ pv0 Ñ v1 Ñ ¨ ¨ ¨ Ñ vkq,

which is the unique route from the start vertex v0 to
the goal vertex vk. A modification appends a hint
τ and induces a perturbed graph GQ1 by attaching
dead-end (out-degree-one) edges while preserving
P as the only goal path. Intuitively, these dead ends
represent misleading branches that look plausible
locally but cannot reach the verified terminal state.

Crucially, the terminal vertex vk (representing
the ground-truth answer) remains strictly invari-
ant under these modifications; we are exclusively
manipulating the complexity of the intermediate
search space, not the fundamental semantic or
mathematical terminus.

Lemma 1 Let the original search graph be a sin-
gle directed path

P “ pv0 Ñ v1 Ñ ¨ ¨ ¨ Ñ vkq,

which is the unique route from the start vertex v0
to the goal vertex vk. Embed an incompressible
binary string τ of length |τ | “ ∆I bits into the
graph by attaching m dead-end (out-degree-one)
edges while preserving P as the only goal path.
Then

m ě ∆I ´ Op1q.

Proof 1 Fix a universal prefix Turing machine U .
Implicitly, we assume that the embedding is per-
formed by a fixed computable map E : t0, 1u∆I Ñ

G that sends a bitstring τ to a graph G “ Epτq

obtained from P by attaching m dead-end edges
while keeping P as the unique goal path. This
ensures there is a fixed decoding procedure of con-
stant size used in the complexity argument below.

For each vertex vi on P let di be its out-degree
in G and set si :“ di ´ 1 ě 0; thus

m “
ÿ

i

si

is the total number of added edges. At vertex vi
there are exactly di “ 1`si possibilities for which
outgoing edge continues along P , so the number
of distinct graphs obtainable by choosing, at every
vertex, which outgoing edge is the path-edge is at
most

ź

i

p1 ` siq.
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Using the inequality 1 ` x ď 2x (valid for all
x ě 0) we get

ź

i

p1 ` siq ď
ź

i

2si “ 2
ř

i si “ 2m.

Hence there are at most 2m distinct graphs that can
result from adding m dead-end edges to P while
preserving P as the unique goal path.

Since E is a fixed computable embedding, differ-
ent inputs τ must produce different output graphs;
therefore the number of different τ representable
with m added edges is at most 2m. It follows that
τ has Kolmogorov complexity bounded by

KU pτq ď m ` Op1q,

where the Op1q term accounts for the fixed-size
description of the decoding routine and the book-
keeping needed to recover τ from the index of the
graph.

On the other hand, by the incompressibility as-
sumption KU pτq ě ∆I ´ Op1q. Combining the
two bounds yields m ě ∆I ´ Op1q, as claimed.

From dead ends to higher failure probability.
We next connect Lemma 1 to the budgeted failure
event FailpQ,Bq used in the main text. The key
additional ingredient is a local indistinguishability
condition: when facing di outgoing edges at vi, a
model that cannot reliably discriminate the unique
path-edge from spurious edges based on local in-
formation will allocate non-trivial probability mass
to dead ends.

[Local indistinguishability on perturbed vertices]
For each vertex vi on P with out-degree di “

1` si, the policy selects the unique path-edge with
probability at most αi ď 1{p1 ` siq. (Equality
corresponds to uniform choice among outgoing
edges.)

Lemma 2 Under Assumption A.2, the probability
of reaching vk from v0 without traversing any dead-
end edge is upper bounded by

Prrreach vk in one trys ď
1

1 ` m
.

Proof 2 Let αi be the probability of choosing the
path-edge at vi. By Assumption A.2, αi ď 1{p1 `

siq, hence

Prrone-try successs “

k´1
ź

i“0

αi ď

k´1
ź

i“0

1

1 ` si
.

Finally, since p1 ` aqp1 ` bq ě 1 ` a ` b for
all a, b ě 0, by induction we obtain

ś

ip1 ` siq ě

1`
ř

i si “ 1`m, which implies the stated bound.

[Budgeted failure increases with m] Consider
a budget B that allows at most T independent at-
tempts (e.g., via restart after hitting a dead end),
and let FailpQ1, Bq denote failure to reach vk
within budget. Then

PrrFailpQ1, Bqs ě

´

1 ´
1

1 ` m

¯T
.

In particular, larger m yields larger failure proba-
bility.

Proof 3 By Lemma 2, each attempt succeeds with
probability at most p ď 1{p1 ` mq. With T in-
dependent attempts, success probability is at most
1 ´ p1 ´ pqT , hence failure probability is at least
p1 ´ pqT ě p1 ´ 1

1`mqT .

Linking back to the information gap. Combin-
ing Corollary A.2 with Lemma 1, we see that a
misleading modification with ∆I ą 0 necessarily
requires injecting at least Ωp∆Iq spurious edges in
this construction, which in turn increases the failure
probability under a fixed budget for any policy satis-
fying Assumption A.2. This supports the main-text
claim that a positive information gap corresponds
to an expansion of the effective search space and a
higher likelihood of failure under limited compute.

A.3 More Details of Difficulty Adjustment
Agent Reasoning Difficulty is a central factor in
benchmark evaluation, yet it is often challenging to
quantify due to its inherent subjectivity. Even when
comparing problems within the same domain, it re-
mains difficult to establish a rigorous partial order
of difficulty; this challenge is further exacerbated
when comparisons span across heterogeneous do-
mains or disciplines. Conventional approaches
typically resort to coarse-grained indicators, such
as pass@N or weighted sums of chain-of-thought
(CoT) lengths, which, while straightforward to
compute, largely capture only superficial proper-
ties of model performance. Such measures fail
to reflect more nuanced dimensions of reasoning,
including the difficulty of exploration (the ability
to branch into alternative solution paths), retrieval
difficulty (the ability to identify relevant knowl-
edge from prior context), and single-step reasoning
difficulty (the precision of local logical inference).

To address these limitations, we propose the
proof graph G. The graph serves as a modality that
jointly encodes reasoning depth and exploration
breadth, thereby offering a more fine-grained rep-
resentation of problem-solving complexity. For a
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given model M , we refer to its underlying knowl-
edge system as axioms, while the intermediate con-
clusions derived throughout the reasoning process
are termed lemmas. Formally, the proof graph is
defined as G “ pV,Eq, where V denotes the set of
lemmas and E represents the directed edges cap-
turing inferential dependencies between them. The
reasoning sub-process can thus be viewed as the
progressive activation of new lemmas, based on
both the initial axioms and previously established
lemmas. We construct the proof graph G from an
explicit reasoning trace. Given a step sequence
S “ ps0, . . . , sn´1q, we convert it into a directed
acyclic graph using lightweight heuristics together
with an LLM-based parser. Each node corresponds
to an intermediate statement, such as a given con-
dition, a construction, an observation, a lemma, or
the final goal. Each directed edge indicates that one
statement supports or leads to another. Each node
is linked back to the indices of the steps that gave
rise to it, so the graph can be traced to the original
text.

Building on the proof graph G, we further con-
struct progressively revealable hints to enable con-
trollable difficulty adjustment. Specifically, we
generate a tiered hint set H “ tH1, . . . ,HT u or-
dered from coarse guidance to increasingly specific
cues, where each tier Ht contains several short hint
statements. Hints are produced by selecting one or
more salient lemmas from G and rewriting them
into student-facing guidance. Early tiers mainly in-
dicate what objects to focus on and what basic setup
or auxiliary construction to introduce, while later
tiers gradually disclose key intermediate relation-
ships or important conclusions that can unlock the
main solution path, yet still avoid stating the final
answer. To ensure interpretability and auditability,
each hint is aligned with evidence steps in the orig-
inal reasoning trace, for example by recording the
step indices that support the hint, so that the hint
can be traced back to the specific trace statements
it summarizes. For scalable generation and down-
stream use, we apply post-processing constraints to
the hints, including length control for conciseness,
mitigation of spoiler-like expressions that would di-
rectly reveal the final result, and consistent output
formatting for reliable processing. Finally, diffi-
culty is primarily adjusted by controlling the dis-
closure level of H: low-disclosure settings provide
only high-level orientation and leave more explo-
ration space to the solver, whereas high-disclosure
settings expose more pivotal intermediate structure

and thus reduce the remaining reasoning burden. In
addition, under a hard setting, we can generate plau-
sible but misleading hints that steer the solver to-
ward an incorrect path, thereby increasing difficulty
without changing the original question or answer.
For each question, we analyze its unique reasoning
trajectory and inject hints or perturbations target-
ing its exact cognitive bottlenecks, ensuring the
benchmark dynamically tests logical robustness.

Agent Recognition In this stage, MOR-
PHOBENCH adopts an image perturbation strategy
based on the agent recognition of key visual
information to increase task difficulty. We provide
existing question–answer pairs to the agent
and require it to identify and return the core
visual elements within the corresponding images.
Subsequently, as shown in Fig. 6, we perform text
processing on these key pieces of information
by obfuscating their textual descriptions in the
question and the image, thereby introducing
interference at the textual level.

Original Question：As shown in the figure, I is the incenter of △ABC. ⊙P is tangent to AB and AC
respectively. ⊙O passing through points B and C is externally tangent to ⊙P at point K. Prove that KI bisects
∠BKC.

Recognition：As shown in the figure, I is the 
incenter of ABC. A circle with center P touches the 
two sides issuing from vertex A. Another circle, going 

 through the other two vertices of the triangle, meets 
the first one externally at K. Prove that KI bisects 
BKC.

(a)

 Original Question：An observer
on the Earth makes some
measurements of four bright stars.
His results are shown in the figure. 
Which star is crossing the
observer's meridian at this time?

Recognition: An Earth-based obser 

ver records positional information for four 
bright celestial objects (labelled α, β, γ an 

d δ) as shown in the accompanying diag 

ram.Which object is aligned with the obs 

erver’s local north-south great circle at the 

 moment depicted?

(b)

Figure 6: Example for Agent Recognition.

In the process, we use the agent’s responses as
the source of key visual information rather than re-
lying on pre-defined annotations. The motivation is
that allowing the model to indicate its most critical
visual cues enables a more direct examination of its
internal representations and attention mechanisms.
By deliberately attacking specific visual priors that
the model relies upon, these agent-driven perturba-
tions are more targeted and challenging than exter-
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Figure 7: Example for Circuit Black-box Questions

nally imposed random noise, as they directly affect
the features most relied upon. If a VLM continues
to produce correct answers under such perturba-
tions, it indicates robust fault tolerance and strong
generalization. Conversely, a pronounced decline
in performance reveals an excessive dependence
on localized features and insufficient holistic un-
derstanding. Accordingly, this approach provides a
more principled criterion for difficulty adjustment
by assessing whether the model remains effective
when its key visual dependencies are perturbed.

Automatically Generated Questions In MOR-
PHOBENCH, automatically generated questions
constitute a crucial component of the benchmark.
There are two main challenges: how to ensure the
logicality, professionalism, and verifiability of the
generated questions, and how to automatically ad-
just their difficulty.

To address the first challenge, we introduce ex-
ternal simulation software to ensure the correct-
ness of the automatically generated questions. For
the second challenge, we adjust key parameters

of the automated question generation process to
continuously increase both the complexity and the
recognition difficulty of the tasks. Concretely, we
design circuit black-box problems (Fig. 7) to eval-
uate reasoning ability and "spot the different one"
tasks (Fig. 8) to assess visual recognition capacity.
In circuit black-box problems, we leverage circuit
simulators to validate outputs, producing waveform
diagrams from output terminals to infer the underly-
ing circuit structure. For difficulty adjustment, we
control the number of external terminals exposed in
the black-box. A larger number of terminals leads
to higher difficulty. Although the internal struc-
ture is always theoretically solvable with the given
component types, the complexity of the problem
increases as the terminal count increases, making
the reasoning task progressively more challenging.

The "spot the different one" tasks present grids
of visually similar characters (for example, Latin
letters or Chinese characters), with exactly one
character differing from the others, and the model
is required to identify the outlier. The difficulty
here is modulated either by selecting character pairs
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Figure 8: Example for "Spot the Different One"

with greater visual similarity or by expanding the
number of rows and columns. This setting probes
the multimodal recognition capacity of VLMs in a
controlled manner.

These mechanisms not only ensure the quality of
automatically generated questions, but also support
the design goal of MORPHOBENCH. The bench-
mark aims to realize self-evolving difficulty: by
expanding terminal counts in circuits or grid size
and similarity in visual tasks, the dataset naturally
evolves toward harder problems. This allows the
benchmark to continually stretch the boundaries of
existing models, probing the upper limits of rea-
soning and multimodal understanding. By embed-
ding evolutionary adjustment of difficulty into the
generation pipeline, MORPHOBENCH establishes a
dynamic and extensible evaluation platform, main-
taining long-term relevance as models advance.

Category Expansion To ensure broad coverage
across disciplines, we assign structured attributes
to problems and organize them into a three-level
tree: task type (perception, retrieval, reasoning),
knowledge dependence (closed, open, hybrid), and
fine-grained skill categories (e.g., arithmetic, ge-
ometry, flow). This hierarchical design avoids over-
concentration in a single dimension and makes the
benchmark more representative.

We iterate by setting per-leaf quotas and targeted
collection for sparse leaves. This disciplined as-
signment and rebalance loop expands breadth while
preserving difficulty structure, keeping benchmark
diversity controllable over time.

B More Details of Evaluation Metric

We present a unified evaluation formulation for all
metrics:

Score “ LLMpp, a, rq “ Gϕ

`

p,Evidence
˘

,

Evidence “ F
`

Φpp, aq
˘

.
(11)

We use o3-mini as the judge LLM, and it is not
among the evaluated models, to reduce potential
evaluation bias (e.g., self-preference) in LLM-as-a-
judge scoring.

B.1 Basic Objects and Notation
Benchmark dataset. We evaluate on a bench-
mark dataset

D “ tdiu
N
i“1, di “ pxi, yi, hiq, (12)

where xi denotes the multimodal input, yi is the
ground-truth answer, and hi is an optional hint
set. If di belongs to a hint-augmented subset (e.g.,
R_Lite, R_Complex), we define

hi “ tHi,ku
Ki
k“1, (13)

otherwise hi “ H.

Model output. Given input xi, the evaluated
model M outputs

ai “ Mpxiq “ pŷi, ρiq, (14)

where ŷi is the final answer and ρi is an observable
reasoning trace (when available).

B.2 A Unified “Tool Review Ñ Evidence Ñ

LLM Scoring” Framework
For each evaluation aspect j P tacc,R,Hu (Cor-
rectness / Reasoning / Hint), we define: (i) a tool-
based review operator Φj producing a structured
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review r
pjq

i , (ii) an evidence aggregation opera-
tor Fj mapping r

pjq

i to Evidence
pjq

i , and (iii) an
LLM-based scoring mapping Gj,ϕ (parameterized
by judge model ϕ). Formally,

Score
pjq

i “ LLMppj , ai, r
pjq

i q “ Gj,ϕ

´

pj , Fj

`

r
pjq

i

˘

looomooon

Evidence
pjq

i

¯

,

r
pjq

i “ Φjppj , ai, . . . q,
(15)

where pj is the expert prompt of aspect j, and “. . . ”
indicates that a stage may additionally use yi (for
correctness) or hi (for hint-following).

B.3 Correctness (Accuracy)
B.3.1 Tool Review (Correctness Judge)
The correctness toolchain outputs a structured re-
view:

racc
i “ Φaccppacc, ŷi, yiq “

`

is_correcti
˘

, (16)

where is_correcti P t0, 1u.

B.3.2 Metric Definition
Single-sample accuracy is defined as

Acci “ is_correcti. (17)

Dataset-level accuracy is

AccpDq “
1

N

N
ÿ

i“1

Acci. (18)

B.4 Reasoning Quality (Completeness /
Logical Coherence)

Reasoning quality is evaluated by alternating two
tools: step decomposition and adjacent-step check-
ing.

B.4.1 Reasoning Step Decomposition
(ReasoningBreakdownTool)

We decompose the reasoning trace ρi into an or-
dered step sequence:

s
piq
1:Ti

“ Φbdppbd, ρiq “ ps
piq
1 , . . . , s

piq
Ti

q. (19)

B.4.2 Adjacent Step Review (Step-by-Step
Check Tool)

For each adjacent pair ps
piq
t´1, s

piq
t q, the step checker

produces a local review:

e
piq
t “ Φstepppstep, s

piq
t´1, s

piq
t q, t “ 2, . . . , Ti. (20)

The structured output is e
piq
t “

`

a
piq
t , g

piq
t , c

piq
t ,m

piq
t , r

piq
t , issuespiq

t , commentpiqt

˘

,
where

• at P t0, 1u: is_sound,

• gt P t0, 1u: has_logical_gap,

• ct P t0, 1u: has_contradiction,

• mt P t0, 1u: missing_justification,

• rt P t0, 1, 2u: local discrete rating,

and issuest / commentt summarize the detected
problems and explanations.

We define the overall reasoning-stage review as

rR
i “ ΦRppR, aiq “ te

piq
t u

Ti
t“2,

ΦR :“ Φstep ˝ Φbd.
(21)

B.4.3 Evidence Aggregation and Final Scores
We aggregate stepwise reviews into evidence:

EvidenceR
i “ FRprR

i q “ FR
`

te
piq
t u

Ti
t“2

˘

. (22)

Then the reasoning judge expert (summary LLM)
outputs two scores:

pCompi, Cohiq “ GR,ϕ
`

pR,Evidence
R
i

˘

,

Compi,Cohi P r0, 100s.
(23)

Here Compi measures whether the reasoning chain
covers key steps required for solving the problem,
while Cohi measures logical self-consistency, sup-
ported by evidence such as contradiction detection,
logical-gap statistics, and aggregated issue sum-
maries.

Dataset-level aggregation is

ComppDq “
1

N

N
ÿ

i“1

Compi,

CohpDq “
1

N

N
ÿ

i“1

Cohi.

(24)

B.4.4 Case Study: Diagnosing Reasoning
Trajectories

To illustrate this diagnostic granularity, consider
a complex problem requiring models to deduce a
black-box circuit’s internal structure based on its
output waveform.

Model A: Claude-Opus-4.6 (Question ID: 503)

• Step 1: Characterizes output waveform (peak,
frequency). Audit: 0/2 (Gap). Claims lack
derivation from visual input.
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• Step 2: Identifies four frequency components.
Audit: 0/2 (Gap). Introduces new quantities
without justification.

• Step 3: Uses impedance analysis on Option
D. Audit: 2/2 (Sound). Rigorous calculation
based on established premises.

• Step 4: Verifies predicted values against data
points. Audit: 2/2 (Sound).

• Step 5: Gives final conclusion. Audit: 0/2
(Logical Leap). Lacks a logical bridge to the
final answer.

Final Score: Completeness 60/100, Coherence
60/100.

Model B: Qwen3-VL-32B (Question ID: 462)

• Step 1: Claims waveform main frequency
is „2000Hz. Audit: 0/2 (Contradiction).
Incorrect terminal identification conflicts with
premise.

• Step 2: Claims Option B values suit the audio
band. Audit: 0/2 (Gap). Disconnected from
Step 1; lacks justification.

• Step 3: Calculates 2000Hz gain. Audit: 1/2
(Minor Issue). Contains calculations but
misses intermediate derivations.

• Step 4: Selects both B and D. Audit: 0/2
(Contradiction). Explicitly contradicts its
own analysis in Step 3.

Final Score: Completeness 30/100, Coherence
40/100.

Insight Revealed: Our mechanism diagnosti-
cally isolates where and how the reasoning breaks
down. Instead of merely assigning a binary score, it
successfully recognized valid intermediate mathe-
matical derivations (Steps 3–4) in Opus’s response,
while accurately pinpointing the exact steps where
the internal logic became inconsistent for Qwen.
This demonstrates our framework’s capability to
provide fine-grained, objective evaluation of inter-
mediate reasoning trajectories.

B.5 Hint Follow (Hint Alignment; Hint
Subsets Only)

Let the hint-augmented subset be

Dhint “ tdi P D | hi ‰ Hu. (25)

The hint stage reuses the step sequence s
piq
1:Ti

.

B.5.1 Stepwise Hint Alignment Review
(HintCheckTool)

For each step s
piq
t , the hint checker produces

u
piq
t “ Φhintpphint; xi, hi, s

piq
ăt, s

piq
t q. (26)

We represent the structured output as u
piq
t “

`

α
piq
t , Kpiq

t , J
piq
t , Q

piq
t , commentpiqt

˘

, where

• αt P taligned,deviated,neutralu: align-
ment status,

• Kt Ď t1, . . . ,Kiu: relevant hints (1-based
indices),

• Jt P ttrue, false,nullu: whether a deviation
is justified,

• Qt P tstrong,weak,none,nullu: justifica-
tion quality.

The overall hint-stage review is

rH
i “ ΦHppH, ai, hiq “ tu

piq
t u

Ti
t“1. (27)

Notably, Φhint evaluates alignment with the pro-
vided hints rather than the factual correctness or
helpfulness of the hints.

B.5.2 Evidence Aggregation and Hint
Alignment Score

We aggregate hint reviews into evidence:

EvidenceH
i “ FHprH

i q. (28)

The hint judge (summary LLM) outputs the final
alignment score:

HAligni “ GH,ϕ

`

pH,Evidence
H
i

˘

,

HAligni P r0, 100s.
(29)

Dataset-level aggregation (over Dhint) is

HAlignpDhintq “
1

|Dhint|

ÿ

diPDhint

HAligni. (30)

B.6 Final Outputs (Four Metrics)

For each sample di, the system outputs

mi “
`

Acci, Compi, Cohi, HAligni
˘

, (31)

where HAligni is defined only when hi ‰ H; oth-
erwise it is marked as NA and excluded from the
dataset-level mean.
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Model Version

Claude-Opus-4.6 claude-opus-4.6
Gemini-2.5-flash gemini-2.5-flash-thinking
Gemini-2.5-pro gemini-2.5-pro-thinking
Gemini-3-pro gemini-3-pro-preview-thinking
GPT-5.1 gpt-5.1-2025-11-13
Grok-4 grok-4-0709
o3 o3
o4-mini o4-mini
Qwen3-VL-32B qwen3-vl-32b

Table 6: Model versions. We report the exact API model identifiers used for inference. For all models, we enable
the highest available thinking/reasoning budget in our inference configuration.

C More Evaluation Results

C.1 Evaluations on Additional Models

To further validate the generalizability of MOR-
PHOBENCH across diverse model architectures
and capacities, we conduct additional evaluations
on the leading open-source multimodal model,
Qwen3-VL-32B, and the frontier closed-source
model, Claude-Opus-4.6.

As shown in Table 7, both models strictly fol-
low the expected difficulty gradients on MORPHO-
R (Lite ą v0 ą Complex) and exhibit consistent
accuracy drops under multimodal perturbations
(MORPHO-P). Notably, Claude-Opus-4.6 achieves
highly competitive results, performing on par with
GPT-5.1.

Furthermore, Table 8 reports their diagnostic
metrics. The significant drop in Claude-Opus-4.6’s
Hint Alignment under misleading hints explicitly
demonstrates the framework’s effectiveness in di-
agnosing over-reliance on erroneous external guid-
ance.

C.2 Diversity Analysis

The classification results in Fig. 9 show that reason-
ing tasks are predominant, while all three top-level
categories remain well represented. This ensures
the benchmark includes both problems solvable
through prompt-only evidence and those requiring
external knowledge. At the leaf level, the dataset
spans a diverse spectrum—from combinatorics and
geometry to timeline reasoning and logical entail-
ment.

Following our expansion and rebalancing op-
erations, both hierarchical evenness and entropy
show notable improvement, with leaf coverage
reaching approximately 60% of possible taxon-
omy paths. This validates both the taxonomy’s

expressiveness and the effectiveness of our balanc-
ing policy. For future iterations, we will prioritize
problems with Open/Hybrid knowledge closure,
retrieval-anchored items, and perception tasks re-
quiring open knowledge. This strategy will help
smooth the long-tail distribution while maintaining
strong reasoning requirements.

L1: Reasoning / Synthesis

L1: Retrieval / Matching

L1: Perception / Extraction

L2: Hybrid

L2: Open

L2: Closed

L3: Compare / Order

L3: Topology / Matching / Pairing

L3: Counting / Sets

L3: Arithmetic / Equation Solving

L3: Chronology / Timeline

L3: Geometry / Measurement

L3: Flow / Conservation

L3: Textual Entailment / Logical Consistency

L3: Probability / Statistics / Estimation

L3: Path / Reachability

L3: Taxonomy / Hierarchy

Hierarchical Classification Sankey Diagram

Figure 9: Diversity analysis of MORPHOBENCH.

C.3 Visualized Examples of Difficulty
Adjustments

To further demonstrate the adaptability and gen-
erality of our benchmark, we present representa-
tive examples under the two proposed difficulty
adjustment paradigms: agent recognition and agent
reasoning.

In the agent recognition adjustment, difficulty
is modulated through textual fuzzification guided
by visual grounding. Specifically, the model first
identifies the key visual elements that support the
correct answer, such as symbols, numbers, geo-
metric labels, or local regions, and then weakens
or replaces the corresponding textual expressions
in the question with qualitative descriptions. This
process preserves solvability while increasing am-
biguity, compelling models to rely more on visual
perception rather than direct text–answer mapping.

In contrast, the agent reasoning adjustment fo-
cuses on the cognitive chain of inference. By an-
alyzing the essential theorems and intermediate
steps within the reasoning process, we strategically
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Model MORPHO-R (Lite) MORPHO-R (v0) MORPHO-R (Complex) MORPHO-P (v0) MORPHO-P (Perturbed)

Qwen3-VL-32B 26.61 (+2.80) 23.81 19.18 (-4.63) 25.89 22.27 (-3.62)
Claude-Opus-4.6 55.84 (+3.97) 51.87 45.83 (-6.04) 48.32 41.60 (-6.72)

Table 7: Answer correctness of additional models on MORPHOBENCH. We report accuracy (%); parentheses
denote absolute changes relative to the corresponding v0 baseline.

Model Reasoning Quality (v0) Hint Alignment (Lite Ñ Complex)
(Comp. / Coh.)

Qwen3-VL-32B 36.36 / 37.51 60.99 Ñ 50.85 (-10.14)
Claude-Opus-4.6 71.86 / 74.72 89.20 Ñ 69.11 (-20.09)

Table 8: Reasoning Quality and Hint Alignment for additional models. Reasoning Quality is reported on
MORPHO-R(v0) as Completeness and Logical Coherence. Hint Alignment shows the performance degradation
when shifting from supportive hints (Lite) to misleading perturbations (Complex).

introduce irrelevant or partially related hints to in-
terfere with the model’s logical flow. These addi-
tions encourage the model to distinguish between
critical and misleading information, thereby evalu-
ating its structured reasoning ability under uncer-
tainty.

In the following examples (Figs. 10 to 13),
we visualize several representative instances to
illustrate these two adjustment modes. These
multi-disciplinary examples collectively demon-
strate how our benchmark dynamically reconfig-
ures question difficulty through two complemen-
tary mechanisms, enabling more fine-grained and
interpretable evaluation of multimodal reasoning
capabilities.

D Broader Impact and Ethical
Considerations

D.1 Societal Impact

We propose MORPHOBENCH, a high-quality mul-
tidisciplinary reasoning benchmark that provides
a robust standard for evaluating the reasoning ca-
pabilities of state-of-the-art models. It has no di-
rect negative societal impacts. However, we must
be cautious about the potential misuse of MOR-
PHOBENCH and the models it evaluates by mali-
cious actors.

D.2 Data Sourcing, Privacy, and Quality
Assurance

We collected data from two main sources: the Art
of Problem Solving (AoPS) website, and Chinese
Mathematics/Physics Olympiad Training Problems.
Both sources already provide complete solutions
or official answers. We obtained permission from

the respective data providers before using their ma-
terials for research purposes. These resources were
chosen because they are authoritative, widely used
in scientific training, and highly relevant to the
complex problem domain addressed in our study.

To guarantee determinism and verifiability
within our difficulty adaptation pipeline, we in-
tegrated a rigorous expert review phase. Domain
experts meticulously reviewed the automatically
generated question variants, reaching a strong con-
sensus that the perturbed questions are logically
sound, unambiguous, and perfectly compatible
with the original ground-truth answers. The human
checkers responsible for this verification were com-
pensated at approximately USD 1200 per month,
which is well above the local minimum wage and
aligns with the standard compensation for domain
experts in their region. The experts were recruited
through university networks. Detailed instructions
were provided to all domain experts to standard-
ize the verification of problem validity and answer
compatibility. Given that the human involvement
was strictly limited to verifying the mathemati-
cal and logical correctness of standard problem-
solving datasets, this data quality assurance process
was deemed exempt from formal Ethics Review
Board approval.

We relied on widely used benchmark datasets
that have long served as standard resources in the
research community. These datasets are curated
by reputable organizations. To the best of our
knowledge, they contain no personally identifi-
able information or inappropriate material; any ele-
ments with potential sensitivity have already been
anonymized or excluded.

23407



Original Question：Which element has these spectral lines?

Recognition： Which element corresponds to the emission pattern shown?

Reasoning： Which element has these spectral lines?
• The spectral lines of an element are directly related to its atomic number. Try to match the spectral lines with the

atomic number of the elements.
• Elements in the same group of the periodic table have similar spectral lines. Look for an element in the same

group as Calcium but not Calcium itself."

Figure 10: Multi-disciplinary examples under agent recognition and reasoning.

D.3 Potential Risks and Disclosure
• Exam/contest leakage risk: Some problems

originate from past or mock exams and could
potentially be misused for unauthorized “drill”
purposes rather than their intended scientific
evaluation.

• AI-assisted writing disclosure: An AI assis-
tant was employed solely for grammar correc-
tion and minor stylistic improvements of the
manuscript. It was not involved in the scien-
tific design, analysis, answer annotation, or
technical development of the research. All
data generation and labeling were strictly ver-
ified by human experts.
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Original Question："For the three heritable features, Alfa, Baker, and Charlie, pedigree analysis was performed
on pedigree A, pedigree B, and pedigree C, respectively, and the results in Figure 1 were obtained.
Indicate whether each of the following statements is true or false.
\begin{description}

\item[\normalfont 1.] An analysis of pedigree \textbf{A} suggests that the inheritance pattern of characteristic
Alfa could be due to a dominant allele.

\item[\normalfont 2.] An analysis of pedigree \textbf{C} suggests that the inheritance of the characteristic
Charlie could be due to a dominant allele.
\end{description}
A subsequent detailed analysis revealed that all of the inheritance patterns of Alfa, Baker, and Charlie were due to
recessive alleles on the autosome.
\begin{description}

\item[\normalfont 3.] \textbf{B1} and \textbf{B3} of family \textbf{B} are definitely carriers.
\item[\normalfont 4.] \textbf{C1} and \textbf{C3} of family \textbf{C} are definitely carriers.

\end{description}"

Recognition： "For three observable characters—Alfa, Baker, and Charlie—family trees were compiled in the 
first, second, and third diagrams of Figure 1.
Indicate whether each of the following statements is true or false.
1. Examination of the first diagram suggests that the form taken by Alfa might stem from an allele that shows its 
effect with a single copy.
2. Examination of the third diagram suggests that the form taken by Charlie might stem from an allele that shows 
its effect with a single copy.
Subsequent study showed that all three traits are in fact produced by recessive autosomal alleles.
3. Individuals B1 and B3 in the second diagram are definitely heterozygous for the trait allele.
4. Individuals C1 and C3 in the third diagram are definitely heterozygous for the trait allele."

Reasoning： "For the three heritable features, Alfa, Baker, and Charlie, pedigree analysis was performed on
pedigree A, pedigree B, and pedigree C, respectively, and the results in Figure 1 were obtained.
Indicate whether each of the following statements is true or false.
\begin{description}

\item[\normalfont 1.] An analysis of pedigree \textbf{A} suggests that the inheritance pattern of characteristic
Alfa could be due to a dominant allele.

\item[\normalfont 2.] An analysis of pedigree \textbf{C} suggests that the inheritance of the characteristic
Charlie could be due to a dominant allele.
\end{description}
A subsequent detailed analysis revealed that all of the inheritance patterns of Alfa, Baker, and Charlie were due to
recessive alleles on the autosome.
\begin{description}

\item[\normalfont 3.] \textbf{B1} and \textbf{B3} of family \textbf{B} are definitely carriers.
\item[\normalfont 4.] \textbf{C1} and \textbf{C3} of family \textbf{C} are definitely carriers.

\end{description}"
• When analyzing pedigrees, a dominant allele is often indicated when the trait appears in every generation.

Therefore, for pedigree A, the characteristic Alfa is likely due to a dominant allele.
• In pedigree C, if the characteristic Charlie skips a generation, it is likely due to a recessive allele. Hence, the

statement is false.

Figure 11: Multi-disciplinary examples under agent recognition and reasoning.

23409



Original Question：Where is this botanical garden located?

Reasoning：Where is this botanical garden located?
• The botanical garden you're looking for is located in a city known for its iconic Eiffel Tower.
• This city is also famous for its Louvre Museum, which houses the Mona Lisa.

Recognition：Where is this university-affiliated green space located?

(a)

Reasoning： As shown in the figure, I is the incenter of △ABC. ⊙P is tangent to AB and AC respectively. ⊙O
passing through points B and C is externally tangent to ⊙P at point K. Prove that KI bisects ∠BKC.
• Consider using the Pythagorean theorem to find the lengths of the sides of the triangle. This will help you

determine the angles.
• Assume that the circles are not homothetic about point K. This will simplify the problem and lead you to the

correct answer.

Original Question：As shown in the figure, I is the incenter of △ABC. ⊙P is tangent to AB and AC respectively.
⊙O passing through points B and C is externally tangent to ⊙P at point K. Prove that KI bisects ∠BKC.

Recognition： As shown in the figure, I is the incenter of △ABC. A circle with center P touches the two sides
issuing from vertex A. Another circle, going through the other two vertices of the triangle, meets the first one
externally at K. Prove that KI bisects ∠BKC.

(b)

Figure 12: Multi-disciplinary examples under agent recognition and reasoning.
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Original Question：Given the front view and the top view of an object, please choose the correct left view from
options A, B, C, and D. Answer with the minimal form only. No other content.

Recognition： Given the two given orthographic projections of a solid, determine which of the labelled sketches 
(A, B, C, D) depicts the view from the remaining orthogonal direction. Answer with the minimal form only. No 
other content.

Reasoning： Given the front view and the top view of an object, please choose the correct left view from options
A, B, C, and D. Answer with the minimal form only. No other content.
• Remember that the left view is always a mirror image of the front view. So, look for the option that is a mirror

image of the front view.
• The top view and the left view are usually identical. So, the correct left view should look exactly like the top

view.

(a)

Original Question："An astro-photographer has taken the photo of the moon close to a new moon day shown
below right before the sunset on December 21 (Winter Solstice) in a wide open area.
(a) In which hemisphere (Northern or Southern) is the photographer located?"

Recognition： An astro-photographer captured an image of a razor-thin lunar crescent just as the day’s light fades 
around the December solstice in a wide, unobstructed location.
(a) In which hemisphere (Northern or Southern) is the photographer located?

Reasoning： In which hemisphere (Northern or Southern) is the photographer located?
• Consider the date of the photograph. December 21 is the Winter Solstice, which is the shortest day of the year in

the Northern Hemisphere. Therefore, the photographer must be in the Northern Hemisphere.
• Remember that the moon is closer to the horizon during a new moon. This would suggest that the photographer

is in the Northern Hemisphere, where the moon appears lower in the sky during winter."

(b)

Figure 13: Multi-disciplinary examples under agent recognition and reasoning.
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