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Abstract

Visual reasoning is central to human cognition. Although recent Multi-
modal Large Language Models (MLLMs) have demonstrated impressive
performance across language and vision-language tasks, existing bench-
marks primarily measure recognition-based skills. To our knowledge,
VERIFY is the first to jointly provide: (i) post-graduate exam-—style items
expressed primarily as diagrams; (ii) human-authored, per-item stepwise
reasoning, supporting process-level evaluation beyond final-answer accu-
racy; and (iii) a public evaluation harness for reproducible, process-aware
scoring. This design decouples perception/recognition from higher-order
abstraction and deduction, enabling precise diagnosis of where models fail.
Across strong MLLMs, we observe substantial headroom under our process
metrics and distinct failure modes (e.g., Abstraction — Deduction), despite
superficially fluent explanations. We release the dataset, annotation guide-
lines, baselines, and quality audits including inter-annotator agreement, to
facilitate transparent adoption.

1 Introduction

Visual reasoning is a fundamental component of human intelligence, shaping how individ-
uals acquire knowledge and interpret the world (Ittelson, 1960; Kosslyn, 1996; Pylyshyn,
2003). As a core mechanism for concept understanding, it has been the subject of extensive
research (Malkiniski & Mandziuk, 2025). However, classic models, often trained on small-
scale datasets, struggle to generalize beyond narrow domains (Lake et al., 2017; Marcus,
2018; Szegedy et al., 2013; Malkiniski & Mandziuk, 2025). In contrast, recent advances in
MLLM (Li et al., 2023; Zhu et al., 2023; Bi et al., 2024; Liu et al., 2023a; Maaz et al., 2023; Tang
et al., 2024b; Zhang et al., 2023) have achieved near-human performance in various vision-
language tasks (Liang et al., 2024; Caffagni et al., 2024; Tang et al., 2023; Hua et al., 2024a;
Tang et al., 2025). However, existing benchmarks predominantly evaluate recognition-based
skills, such as object detection, image captioning, and optical character recognition, which
primarily rely on perceptual abilities (Zang et al., 2024; Wu & Xie, 2024; Lin et al., 2024;
Dong et al., 2024).

Recent studies have started evaluating MLLM performance in more cognitively demanding
domains, including reasoning and chart-based visual understanding (Lu et al., 2024; Masry
et al., 2022), which require reasoning of numerical and logical operations. However, these
benchmarks often conflate reasoning ability with domain knowledge drawn from the
underlying LLM, making it hard to isolate and accurately assess reasoning based solely
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Table 1: Comparison of datasets with an added column indicating whether stage-by-stage
reasoning checks are explicitly performed and whether the base items are human-authored exam-
style problems (“Human annotated”). RP marks the presence of human-annotated reasoning
paths/rationales. Only VERIFY performs explicit stage reasoning verification (P/R/A /D).
*For ARC, H-ARC reports 76.2% (train) and 64.2% (eval). fVCR provides human-labeled
rationale choices rather than free-form chains. SMMMU reports 11,500 items in total, but
most evaluations use the public MMMU_val split of 900 examples; we therefore list 900 as the
size to reflect standard practice.

ame Size Source RP _Stage reasoning _Human annofated _Modality __Audience Human _Year
SVRT (Fleuret et al., 2011) 23 Synthesized x x x Tmages Adults (UG) = 2011
Raven’s Prog, Matrices (RAPM) (Raven etal,, 1989) 48 Psychometric exam x x v Images Adults (above-average 1Q) — 1989
RAVEN (Zhang et al., 2019) 14,000 Synthesized x x x Images Psychology students 84% 2019
PGM (RPM) (Barrett et al., 2018) 1.44M (train/val/test) ~ Synthesized x x x Images = = 2018
VAEC (Webb et al.) (Webb et al., 2020) ~228k Synthesized x x x Images - - 2020
ARC (Chollet, 2019) 600 Synthesized (programmatic)  x x x Images Crowdworkers 762%* 2019
MARVEL (Jiang et al., 2024) 770 Web-curated x x x Images Puzzle solvers 68.9% 2024
IQTest (Lu et al., 2024) 228 Online puzzle platforms x x x Images+Text ~General (online) - 2023
MM-IQ (Cai et al., 2025) 2,710 Mixed (exam/web) x x x Images General 513% 2025
VQA-X (Park etal., 2018) - VQA v2 subset v X X Tmage+Text  General = 2018
VCR (Zellers et al,, 2019) 290,000+ Movies (web) v x x Image+Text  General - 2019
ScienceQA (Lu et al., 2022) ¥ K-12 curricula v x x Image+Text  K-12 902% 2023
MMMU (Yue et al,, 2024a) 900 (val)$ Exams, textbooks x x x Image+Text  College / professional - 2023
GPQA (Diamond) (Rein et al., 2023) 198 Expert-curated v x v Textonly  Graduate-level = 2023
VERIFY (ours) 600 National Exam v v v Image+Text UG & Grad 484% 2025

on visual information. Additionally, most evaluations emphasize accuracy as the primary
metric while neglecting the decision-making quality and the depth of the reasoning process.

To address this gap, we introduce VERIFY (Visual Explanation and Reasoning for
Investigating Multimodal Reasoning Fidelity), a novel benchmark designed to rigorously
evaluate the reasoning fidelity of state-of-the-art MLLMs. VERIFY comprises a diverse and
challenging set of visual reasoning tasks that require both generalization and abstraction, as
shown in Figure 2.

Compared with prior visual-reasoning suites such as SVRT, RAVEN, PGM/RPM, VAEC,
ARC, MARVEL, and MM-IQ (see Table 1), VERIFY is the largest benchmark that jointly
provides a unique intersection of (i) graduate-level, exam-sourced diagram-centric visual
reasoning, (ii) multimodal inputs where the diagram is indispensable, and (iii) expert-
verified, stage-wise reasoning paths (Perception/Recognition/Abstraction/Deduction) for
process-aware diagnosis.

Prior Rationale-rich datasets such as VCR, - \
VQA-X/ACT-X, A-OKVQA, ScienceQA,

Question Human Reasoning Path

and e-SNLI-VE provide brief process su-
pervision but are not designed as graduate-
level, cross-disciplinary exams (Zellers
et al., 2019; Park et al.,, 2018; Schwenk
et al.,, 2022; Lu et al., 2022; Do et al,,
2020). GQA uses structured programs,
not natural-language reasoning (Hudson
& Manning, 2019). GPQA and GPQA-
Diamond target graduate-level difficulty
but are text-only and much smaller (Rein
etal., 2023; 2024). In contrast, VERIFY is a
curated, test-only suite with dense, multi-
step, expert-verified reasoning paths, fol-
lowing the high-signal evaluation philoso-
phy of RAPM, ARC (Table 1). Recent multi-
modal benchmarks address related but dis-
tinct goals. MMMU-Pro (Yue et al., 2024b)

Choose the most appropriate option
to fill in the question mark so that
the figures follow a certain pattern.

THIS | HELLO | HAIR
gl

A B C D

Answer: A

OPENAI-ol C 0 X

Since the composition of the figures
differs and there is no obvious
attribute rule, priority should be
given to considering numerical rules.
The first figure in the question stem
contains a single curve, so we
consider the number of curves. Upon
observation, it is found that each
figure in the question stem has only
one curve, hence the ? (blank) figure
should also have only one curve.
Only option A meets this criterion.

Pattern: Line Property

0, Abs 2, Deduction: 1

A concise way to see why “FAIR” fits is to note that in each of the given words, if
you drop the first letter you still (more or less) get a recognizable English word:

* THIS — HIS

+HELLO — ELLO (“ello” is at least a colloquial form)

*HAIR — AIR

Of the answer choices, only “FAIR” continues that pattern (FAIR — AIR). The
others (“BOOK,” “EYE,” “BYE") do not reduce to a standard English word by
removing just the first letter. Hence “FAIR™ is the best fit.

Bias in model ing. To

This answer reveals

overcome this, letters must be perceived as shapes rather than symbols.
Like the well-known “How many ‘r’s in strawberry?” puzzle, the model

struggles recognizing letters visually.

Figure 1: This example illustrates that cur-
rent MLLMs predominantly rely on simple vi-
sual cues (such as letters) for reasoning, often
overlooking more complex patterns involving
shapes or line properties. VERIFY provides
human-annotated reasoning paths, enabling
deeper evaluation of the reasons and circum-
stances under which models fail.

focuses on knowledge-intensive, shortcut-
resistant evaluation but lacks diagram-
centric, process-annotated reasoning. MM-
Star (Chen et al., 2024b) emphasizes vision
indispensability, not process supervision.
MathVerse (Zhang et al., 2024a) targets vi-
sual mathematics with step-level evaluation
but is domain-specific. MM-IQ (Cai et al,,
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2025) offers broad AVR/IQ-style coverage but lacks expert-verified, stage-wise traces. In
contrast, VERIFY uniquely provides process-annotated, exam-derived, diagram-centric rea-
soning diagnostics absent from prior suites. Moreover, a preregistered cross-regional study
with participants from five geographic regions, all completing the assessment in English,
finds that regional coefficients in multivariable logistic regression have 91% confidence
intervals overlapping zero, providing no evidence of cultural bias.

Furthermore, drawing on foundational studies in human visual reasoning (Fukunaga, 1990;
Duda et al., 2000; Russell & Norvig, 2020; Barsalou, 1999), we propose novel metrics that
decompose reasoning into four stages, as illustrated in Figure 3. These metrics address
limitations in current automated evaluation methods (Tyen et al., 2023), which often fail
to capture nuanced differences between models. By comparing with human-annotated
reasoning paths, VERIFY provides deeper insights into why models may misinterpret
specific visual elements.

Leveraging this benchmark, we systematically evaluate contemporary MLLMs to obtain
a comprehensive analysis of their visual reasoning capabilities and failure modes. Our
findings show that even the strongest model we test (Qwen3-VL-32B-Instruct) reaches
only 31.7% accuracy (190/600), far below a human baseline of 48.4% and only modestly
better than random guessing (25%). Qualitative analysis reveals a critical insight: models
adept at perceiving visual details often fail at abstraction or deduction (Figure 1), frequently
latching onto superficial cues or partial patterns instead of constructing globally consistent
explanations. Process-level evaluation further shows that, for advanced visual reasoning
models, the reasoning path is more informative than the final answer: models frequently
explore multiple reasoning trajectories during problem-solving, but these trajectories often
diverge from human reasoning.

« VERIFY: We introduce a novel benchmark that treats visual reasoning as a multi-stage cog-
nitive process, providing 600 graduate-level, diagram-centric items and human-annotated,
stage-wise reasoning paths. This enables both answer-based and process-based evaluation
of MLLMs under a single, standardized protocol.

« Beyond Accuracy: We propose new metrics and analysis tools that score models at
the level of reasoning stages (Perception, Recognition, Abstraction, Deduction), report
binomial and Wilson confidence intervals, and provide text-only controls and image-
perturbation ablations. These tools support a nuanced and comprehensive evaluation of
visual reasoning beyond traditional accuracy.

« Comprehensive Evaluation: We benchmark state-of-the-art MLLMs, spanning both pro-
prietary and open-source. Despite this breadth, the best model (Qwen3-VL-32B-Instruct)
attains only 31.7% accuracy (190/600) versus a human baseline of 48.4%, revealing sub-
stantial headroom and offering detailed insights into models’ strengths, weaknesses, and
process-level failure modes.

2 Related Work

Visual Reasoning. Visual reasoning entails understanding and manipulating visual in-
formation to infer logical relationships (Agrawal et al., 2016; Goyal et al., 2017). Early
benchmarks such as VQAv1 and VQAv2 (Agrawal et al., 2016; Goyal et al., 2017) centered on
object-based question answering, while CLEVR (Johnson et al., 2017) and GQA (Hudson &
Manning, 2019) introduced compositional, programmatic queries for structured reasoning.
Expanding beyond static images, video datasets like CoPhy and Space (Baradel et al., 2020;
Janny et al., 2022; Duan et al., 2021) focus on physical and causal inference in dynamic
scenes. Our work is closely related to abstract visual reasoning, which does not rely on
external domain knowledge. Datasets such as RAVEN, SVRT, CVR, Bongard-HOI, and
Bongard-LOGO (Zhang et al., 2019; Fleuret et al., 2011; Zerroug et al., 2022; Jiang et al., 2023;
Nie et al., 2020) explore relational patterns among shapes and visual elements. However, as
noted by Van der Maas et al. (2021), many existing datasets have rigid configurations and
limited reasoning paradigms, restricting their ability to generalize.

Reasoning Benchmarks. Most widely used reasoning benchmarks focus on text-based
question answering, mathematics, or code inference (Cobbe et al., 2021; Hendrycks et al.,
2021; Srivastava et al., 2022; Suzgun et al., 2022), where step-by-step solutions can be
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Figure 2: Categories from VERIFY cover a range of patterns, from logical operations
to 3D geometry and mathematics. The right panel presents a human reasoning path,
demonstrating how visual transformations and rotations lead to the answer.

programmatically verified. In the visual domain, benchmarks such as CLEVR (Johnson et al.,
2017), GQA (Hudson & Manning, 2019), CLEVRER (Yi et al., 2019), Bongard (Nie et al., 2020),
RAVEN (Zhang et al., 2019), MMComposition (Hua et al., 2024b), and VidComposition
(Tang et al., 2024a) introduce compositional reasoning tasks over images or videos. Recent
works (Jiang et al., 2025) extend these efforts by incorporating multi-modal chain-of-thought
(CoT) prompting, often blending external knowledge with visual cues. Among the most
relevant is MM-IQ (Cai et al., 2025), which focuses on abstract visual puzzles but does not
provide annotations to clarify reasoning transitions.

3 Data

We construct our items in the spirit of Raven’s Progressive Matrices: non-verbal, diagram-
matic pattern-completion tasks designed to probe domain-general abstract reasoning rather
than curriculum-specific knowledge. Source problems are adapted from eight years of
high-stakes, postgraduate-level national civil-service reasoning exams. From this raw pool,
we remove items that (i) require external factual knowledge, (ii) allow multiple plausible
answers, (iii) are underspecified or ambiguous, or (iv) are not primarily diagram-driven.
Only items with a unique, self-contained solution—dependent solely on the visual stimulus
and general logic—are retained. This results in a benchmark with real-world difficulty, con-
trolled ambiguity, and minimal risk of domain or cultural bias. Further details on curation
and filtering are provided in the appendix.

Leakage and contamination audit. Because the source material is drawn from large-scale
examinations, we audit VERIFY for contamination. Reverse image search over all 600
diagrams (Google Lens and TinEye) returned no exact match; only 8 items (1.3%) had a
visually similar look-alike, none carrying reasoning paths or appearing in a known MLLM
benchmark, and all images are MD5-deduplicated. More importantly, what VERIFY scores—
the stage-level Recognition/Abstraction/Deduction paths—was authored by our annotators
and never published online, so the evaluation target cannot have been memorized. The
results are also inconsistent with leakage: the best model reaches only 31.7% against a 48.4%
human baseline, and frontier proprietary systems do not lead.

Comparison to adjacent benchmarks. Prior multimodal evaluation resources often satisfy
only one (or at most two) of the following desiderata: (i) strong diagram-centric abstract
reasoning, (ii) rigorous human stepwise rationales suitable for process evaluation, and (iii)
real-world exam-sourced difficulty with careful ambiguity control. VERIFY is constructed to
occupy this missing intersection by pairing exam-derived diagram reasoning with stepwise
traces and a process-aware evaluation harness.
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Figure 3: We divide the reasoning into four key stages inspired by human visual reasoning:
perception, recognition, abstraction, and deduction. Unlike general visual tasks, where
perception involves detecting raw visual features, humans often have implicit perception
because the provided visual elements are already structured for useful components. Even for
shown complex problems, a model with strong visual abilities—like Gemini—can effectively
analyze patterns and logical structures to determine the correct answer.

MMMU-Pro (Yue et al., 2024b) improves robustness in multi-discipline multimodal tasks by
filtering text-only questions and augmenting evaluation, but focuses on college-level knowl-
edge and lacks diagrammatic pattern reasoning with expert stepwise traces. In contrast,
VERIFY targets post-graduate difficulty with detailed human rationales. MMStar (Chen
et al., 2024b) emphasizes vision-indispensable selection and leakage-aware evaluation, but
does not provide process supervision for stage-level reasoning. MathVerse (Zhang et al.,
2024a) covers diagram-based visual mathematics with step-level evaluation, but is domain-
specific and does not address broader post-graduate exam-style reasoning. MM-IQ (Cai
et al., 2025) offers a broad AVR/IQ-style suite for abstraction testing; VERIFY complements
it with expert-verified stepwise traces (P/R/A /D) and process-aware scoring to diagnose
multimodal reasoning failures beyond final-answer accuracy.

VERIFY is the first benchmark that combines (1) real-world, exam-sourced postgraduate
diagram-centric abstract reasoning with careful ambiguity control; (2) expert-verified,
step-by-step traces suitable for process supervision and evaluation; and (3) a public,
process-aware evaluation harness enabling stage-level, diagnostic scoring and error
localization beyond accuracy.

3.1 Reasoning Path

A distinctive feature of our dataset is the inclusion of human-annotated reasoning paths that
explicitly document each step leading to the correct answer. Unlike previous work (Zhang
et al.,, 2024b; Cai et al., 2025), which typically relies on generated reasoning paths with only
the final answer verified by reviewers, our approach ensures a higher standard of reliability.
To guarantee both accuracy and clarity, each reasoning path is independently annotated by
three experts, with any discrepancies resolved through consensus.

Solving visual reasoning problems involves a structured cognitive process. Humans first
extract meaningful feature representations through perception and feature extraction (Fuku-
naga, 1990). These features are then matched against learned patterns to recognize objects
and scenes (Duda et al., 2000). Once the elements are identified, they are abstracted into
symbolic models that capture relationships and context. Finally, deductive inference is
applied to these abstractions to draw conclusions and guide decision-making (Russell &
Norvig, 2020). To provide a structured framework for evaluation, we define four key stages
in the visual reasoning process, as illustrated in Figure 3: 1. Perception: Processing visual
input to detect features such as shapes, colors, and orientations; 2. Recognition: Selecting
the task-relevant visual aspects and entities—answering which elements matter? (e.g., “the rel-
evant elements are the black dot, the white dot, and the cross”); 3. Abstraction: Converting
those aspects into a rule or relation—answering what rule relates them? (e.g., “the black dot
moves one step clockwise”, or “the count alternates by parity”); 4. Deduction: Applying
logical reasoning to infer missing details or predict outcomes based on the abstractions.
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Table 2: Taxonomy and distribution of visual reasoning patterns in VERIFY, sorted by
frequency. Mathematics (MA) is the most prevalent category at 24.3%, followed by Element
Operations (EO, 12.6%) and Positional Relationships (PR, 12.5%). The remaining categories
are more evenly distributed, indicating broad coverage of diverse visual reasoning patterns.

Code % Definition

MA 243 Mathematics: Focuses on numerical aspects, including element counts and repetitive patterns.

EO 12,6 Element Operations: Captures interactions between shapes, such as layering, merging, splitting, and reassembly.
PR 12.5  Positional Relationships: Focuses on how elements relate in terms of position, alignment, and directional shifts.
GT 10.2  Geometric Transformations: Transformations like rotation, translation, and reflection, occurring in sequences.

SA 9.2 Symmetry and Axes: Identifies various types of symmetry, including axial, central, and rotational.

LP 9.2 Line Properties: Analyzes stroke characteristics such as type, angle, continuity, and curvature.

SC 8.7  Structural Composition: Examines enclosures, layering, connections, and shading to reveal deeper structural patterns.
GC 8.5  Gradual Change: Tracks progressive changes in shape, size, or position, forming logical patterns.

SP 5.1  Spatial Position: Describes element arrangement and positional shifts via movement, rotation, or progression.

Table 3: LLM judge for reasoning pairs under direct comparison. Although direct com-
parison yields only 15% accuracy, the judge still assigns consistently high scores to both
strong and weak reasoning paths. This suggests that the model fails to reliably distinguish
reasoning quality through direct comparison alone.

deepseek-r1:32b 1lama3.3

rl jv Score, .. Score, Score, .. Score,
ol GTR+P 7.85 6.40 8.05 8.20
ol GTR+ 7.60 6.80 8.15 8.35
ol GTR 7.80 6.35 7.95 8.20
GTR GTR+P 8.45 7.15 9.05 9.40
GTR GTR+ 8.70 8.00 9.25 9.85
ol GTR+P 8.10 7.80 - -

For humans, the Perception stage is often implicit and may even be bypassed, as some
initially relevant visual elements may later prove irrelevant (Treisman & Gelade, 1980;
Wolfe & Horowitz, 2017). As a result, Recognition becomes the first explicit step, where
annotators identify only the essential visual aspects and structure the reasoning path ac-
cordingly (Wardle & Baker, 2020; Ghafari et al., 2022). After annotation, we summarize and
identify key visual reasoning patterns for evaluation, as illustrated in Figure 2. To address
these limitations, we refined and expanded the set of reasoning patterns, building upon
existing categories while introducing clearer structural distinctions as shown in Table 2.

4 Evaluation

We initially adopt the standard LLM-as-a-judge protocol, comparing model-generated rea-
soning to human references. However, our analysis indicates that plain text judging can
overestimate reasoning quality by rewarding superficial textual properties (e.g., verbosity
and fluency) rather than logical correctness, consistent with recent findings (Zhou et al., 2024;
Chen et al., 2024a). This motivates a more structured evaluation approach. Recent work
advocates structured pipelines in which an LLM first extracts instance-specific criteria or
evidence and scoring is performed component-wise: decomposed criteria-based evaluation
improves correlation with expert judgments relative to single-score pointwise judging (Yu
et al., 2025), while form-filling and rubric-based schemes further improve human alignment
and interpretability (Liu et al., 2023b; Hashemi et al., 2024). Similarly, claim-level factuality
metrics decompose outputs into atomic, verifiable units to obtain more reliable assessments
(Min et al., 2023; Song et al., 2024). Motivated by these results, we propose a stage-wise
framework that decomposes multimodal reasoning into distinct stages and evaluates each
stage independently, rather than relying on end-to-end textual similarity.

4.1 Failure Cases of Existing Evaluation Metrics

To understand the limitations of current plain text judging methods, we first tested three
leading LLMs—DeepSeek-R1:32B, DeepSeek-R1:70B, and LLaMA3.3-70B—as automated
judges. We randomly selected 120(20%) examples from our dataset and used the 01 model’s
response as the candidate reasoning path. We compare four types of reasoning paths: 1. o1:
Model-generated reasoning path (OpenAl-ol). 2. GTR: Ground-truth (Human-annotated)
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reasoning path. 3. GTR+: GTR decomposed into Recognition, Abstraction, and Deduction
stages. 4. GTR+P: GTR+ with additional human-labeled pattern details. We score model
responses on a 0-10 scale using two approaches: 1. r+c: the final answer +c(choice). 2. r:
Only Reasoning steps.

Table 3 shows a striking discrepancy: human evaluators marked only 6 out of 40 answers
as correct, yet LLMs consistently assigned scores in the range of 6.35-9.85. This disparity
indicates that LLMs tend to overestimate reasoning quality, often relying on superficial
similarity rather than a rigorous evaluation of logical correctness. Notably, LLaMA3.3-70B
assigns comparably high scores to both GTR and its structured variants (GTR+ and GTR+P),
while it awards slightly lower scores to ol.

Despite an accuracy of only 15% on LLMs tend to assign high scores when
these cases, LLM judges often gave high the final answer is included in the rea-
scores, suggesting they overestimate rea- soning path, favoring completeness over
soning quality and focus more on sur- correctness. This bias leads to insuffi-
face similarity than logical correctness. cient penalization of flawed reasoning.

4.2 Proposed Evaluation Framework

Agreement
t { h
"perception": o " "recognition": {
“elements": [ agreeme”f score “elements": [
“name": "Box1", e ’ { “name": "Stroke Count Analysis'|,
"attributes": [ {\v, “attributes":
“contains a square"] - “"perception”: { = "Screening for stroke counts
b > ((» Lo W of each character"]
"recognition": { * ! "recognition": { seenkhy
"elements": [ abstraction": {
“name": "Box1", * "steps": [
“"attributes": [ @ Extract "visual_pattern": e —
“square"] . "stroke count",
M ) "elements": [
"abstraction”: { items { “name": "Box1",
"steps": [ "attributes": [
{ "visual_pattern": “count:8"]
"increasing number ...'f, @ commonitems || @&¥ \  },...},
“elements": [ "deduction”: {
“nane": "Box1", L] ° “reasoning": "The stroke counts
attributes": [ were calculated for each figure.
“count:1"] . "y
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q "recognition": {
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¢
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Figure 4: This diagram illustrates proposed metrics: Agreement, which extracts common
elements across mode and compares their consistency; Match, which assesses alignment
between model and ground truth across Recognition, Abstraction, and Deduction; and
Similarity, which measures the similarity of extracted perception attributes across models.

4.2.1 Human-Validated Evaluation

A central goal of VERIFY is to evaluate intermediate reasoning faithfully, rather than inad-
vertently rewarding verbosity, stylistic fluency, or a judge model’s preferences. We therefore
design our evaluation to be (i) grounded in human-authored stage-level references whenever
ground truth exists, and (ii) explicitly validated against expert human judgments for every
component that relies on model-based extraction or comparison. Concretely, we standardize
the response format across all evaluated models, extract stage-specific structured represen-
tations, and then score them against human annotations. We further report answer accuracy
throughout, ensuring that any process-level score is interpreted against ground-truth.
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We conduct a targeted alignment study on a random sample of 100 problems. First, we eval-
uate the reliability of stage segmentation/extraction: two expert annotators independently
judge whether the extracted segment for each stage is (i) correctly localized to the intended
stage and (ii) semantically faithful to the original explanation. Across 300 stage traces (3
stages x 100 items), we obtain Cohen’s x = 0.82 for localization and x = 0.78 for faithfulness;
the extractor matches the human majority vote in 91.5% of cases. Second, we validate the
matching/judging component directly. The same participants rate the semantic similarity of
structured reasoning paths for the 100 sampled problems (3 stages each), yielding 3,600
representation pairs. Human similarity scores and model-predicted similarity exhibit strong
agreement (Pearson r = 0.68). Together, these results demonstrate that our end-to-end
evaluator (extraction + matching) closely tracks expert human judgments, providing an
empirically grounded basis for stage-level scoring.

4.2.2 Evaluation of Perception Stage

Perception (P) lacks item-level ground truth, so we report two unsupervised diagnostics:
1. Common Element Agreement: Measures how consistently models mention salient visual
elements, indicating perceptual reliability. 2. Inter-Model Perception Similarity: Computes
pairwise similarity of extracted elements, revealing shared biases and failure modes across
models. Crucially, neither Agreement nor Similarity is treated as a correctness criterion,
and neither awards credit for matching other models. Instead, they summarize perceptual
consistency and correlation structure, helping diagnose how models fail. All claims of
correctness in our benchmark are grounded in (i) answer accuracy and (ii) stage-level
comparisons to human-authored ground truth in Recognition, Abstraction, and Deduction.

4.2.3 Evaluation of Recognition, Abstraction, and Deduction Stages

For Recognition, Abstraction, and Deduction, we evaluate correctness via direct matching to
human-authored stage-level ground truth (Figure 4). We first extract structured representations
from model explanations and then compare them to the corresponding human annotations
using our stage-wise metrics. This design ensures that credit is assigned only when a
model’s intermediate representation aligns with the human reference under an explicit
rubric. We consider three candidate LLMs for the evaluation (Qwen3-32B, DeepSeek-R1,
and QWQ). Based on the human-alignment study above, QWQ achieves the strongest
agreement with expert judgments, and we therefore adopt it as the primary model for
stage-level extraction and scoring. Additional implementation details, prompts, rubrics,
and qualitative examples are provided in the Appendix.

5 Experiments and Results

Table 4: Performance comparison of MLLMs with or without CoT support.

Model COT GT MA GC LP EO PR SA SC SP ALL
Open-Source MLLMs
0.311 0267 0365 0418 0255 0412  0.300 0260 0360 0317
0295 0293 0308 0327 0345 0490 0.167 0240 0413 0315
0377 0200 0288 0364 0236 0314 0267 0315 0333 0302
0.197 0253 0327 0400 0236 0.353 0367 0233 0373  0.290
0180  0.280 0231 0364 0236 0353 0333 0281 0307 0.282
0.311 0360 0212 0236 0.145 0275 0.300 0226 0347 0267
0255 0218 0216 0367 0.185 0333 0257

Qwen3-VL-32B-Instruct
Qwen3-VL-32B-Thinking
Qwen3-VL-8B-Thinking
Qwen3-VL-4B-Thinking
InternVL3.5-4B
InternVL3.5-8B-think
InternVL3.5-4B-think

QvQ 0.197 0280 0288 0200 0382 0235 0167 0240 0293 0.257
Qwen3-VL-8B-Instruct 0.180 0280 0288 0273 0327 0255 0.167 0240 0.267 0.255
LLAVA-COT 0197 0267 0269 0218 0182 0216 0300 0253 0360 0.253
Qwen3-VL-4B-Instruct 0279 0200 0308 0309 0309 0314 0233 0185 0227 0.248
Mulberry 0230 0240 0212 0273 0218 0.157 0267 0295 0240 0.245
Qwen2.5(72B) 0230 0267 0212 0218 0273 0235 0367 0219 0213 0.238

XXAXAX NNNX NSNS
=1
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=
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InternVL3.5-8B

Proprietary MLLMs
0279 0320 0308 0291 0273 0275 0233 029 0373 0.300

o1
Gemini-2.5 0311 0293 0.192 0345 0291 0275 0367 0219 0227 0.267

GPT-40 0246 0227 0269 0200 0255 0353 0267 0219 0.227  0.243
In this section, we evaluate the visual reasoning abilities of MLLMs with or without CoT.
During the initial phase of our evaluation, we tested a range of open-source and smaller
models on a randomly selected set of 40 questions. The results revealed that these models
struggled, exhibiting both low accuracy and flawed reasoning. Recognizing these limitations,
we refined our approach by selecting the most advanced open-source models specifically
designed for reasoning: LLaVA-CoT (11B), Mulberry (8B), and QVQ (72B) (Team, 2024),
alongside Qwen2.5-72B, a cutting-edge vision model. For proprietary models, we included
GPT-4o0, as well as two of the most recent leading models: OpenAl-ol (OpenAl, 2024)

X NN
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QWen3-VL-4B-Thinking Que

king

Figure 5: The first row visualizes the correlation between Recognition (R) and Abstraction
(A), while the second examines the transition from Abstraction (A) to Deduction (D). Bubble
sizes represent confidence levels. The analysis highlights inter-model variability, with
A — D more tightly correlated than R — A (median p = 0.696 vs. 0.433; see Section 5.3),
indicating that the harder step is converting recognized elements into a governing rule
rather than reasoning from a rule once it is formed. The last column aggregates all models
within the same figure, providing an overall trend.

and Gemini 2.5 (Google DeepMind, 2024). To ensure a fair comparison, all models were
evaluated under identical conditions with the same default hyperparameters.

5.1 Analysis of Accuracy

As Table 4 shows, Qwen3-VL-32B-Instruct leads with an overall score of 0.317, just ahead
of Qwen3-VL-32B-Thinking at 0.315. Mid-sized models Qwen3-VL-8B-Thinking and ol
follow at 0.302 and 0.3, respectively, with Qwen3-VL-4B-Thinking at 0.290. Older baselines
like GPT-40 and Qwen2.5(72B) now sit clearly behind the latest Qwen3-VL family. We will
provide more detailed analysis in appendix.

5.2 Analysis of Reasoning Path

Figure 5 shows how models progress from Recognition to Abstraction and from Abstraction
to Deduction. The first row measures pattern from recognized visual elements; the second
measures reasoning over those patterns. Bubble size reflects scores.

Recognition vs. Abstraction. Strong
recognition aligns only moderately with
strong abstraction: the first row is positively
correlated but visibly dispersed. GPT-40
and Mulberry are the most scattered, sug-
gesting less consistent abstraction despite
good recognition. By contrast, models like
QVQ and Gemini are steadier, more reli-
ably turning recognized elements into clear
abstractions.

Abstraction vs. Deduction. The second Figure 6: Similarity matrix of model re-
row is the tighter of the two: once a valid sponses.

abstraction is formed, deduction tracks it
comparatively reliably. Individual models
still differ—GPT-40 and QVQ vary more
widely, meaning they do not always ap-
ply logic reliably after forming abstractions, Figure 7: Agreement scores comparing each

while LLaVA-CoT and Qwen2.5 are stead- podel’s consistency in identifying common
ier, consistently turning abstractions into jgyal elements.

logical deductions. This makes the latter
more dependable for tasks that need systematic reasoning.
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Table 5: Per-pattern diagnostics. Top: human—MLLM accuracy gap, in points. Bottom:
failure-stage distribution (%) over 4,958 incorrect responses from 17 models; codes follow
Table 2.

MA EO PR GT SA LP SC GC sP ALL
Human — best MLLM +9.0 +12.8 —9.0 +9.3 +123 +02 +205 +165 +8.7 +16.7

Recognition failure 742 68.1 652 658 675 760 720 739 663
Abstraction failure 186 228 262 225 271 152 209 210 221
Deduction failure 43 47 61 84 35 33 33 3.1 8.4
Other 30 44 25 33 19 55 38 20 32

Perception similarity and agreement between models. Figure 6 presents the similarity ma-
trix, where each model achieves maximal self-alignment (diagonal score of 10) and models
are clearly grouped by family. Variants within the same family—such as the Qwen3-VL
4B/8B/32B Instruct vs. Thinking models and the Internv13.5 4B /8B vs. think variants—show
higher mutual similarity than with unrelated systems, indicating that our metric captures
family-level inductive biases. Cross-family structure is also meaningful: for example,
LLaVA-CoT and Mulberry (4.55), and Gemini and GPT-40 (4.28), form particularly
aligned pairs, while QVQ remains relatively isolated, reflecting a distinct way of processing
visual inputs. Figure 7 visualizes the average agreement on common objects, where each
model is represented by a colored segment and a larger segment indicates a stronger ten-
dency to agree with the others. Proprietary models such as GPT-40 and ol occupy longer
portions of the bar, reflecting higher consistency in identifying shared visual elements,
while models like Qwen2.5 correspond to shorter segments, showing moderate levels of
agreement.

5.3 Where Does Reasoning Break Down?

The scatter plots above are qualitative, so we quantify both transitions over 7,317 model-
item stage records from 17 models. Contrary to the impression the plots give, Abstraction and
Deduction are the more tightly coupled pair: the median Spearman correlation is p(A, D)=0.696
against p(R, A)=0.433, a paired gap of Ap= — 0.271 (95% bootstrap CI [—0.282, —0.219],
excluding zero), and no model (0/17) shows the reverse ordering. Pearson correlations
agree (0.688 vs. 0.439).

Recognition— Abstraction is the dominant bottleneck. Thresholding stage success at 7/10,
models that recognize the relevant visual aspects still fail to abstract the governing rule in
65.0% of cases (N=2,371), whereas models that form a correct abstraction fail at deduction in
only 45.9% of cases (N=1,666)—a 19.1-point conditional-failure gap that holds at thresholds
6/10 and 8/10 and reverses for just 1/17 models. The stages are nonetheless separable
rather than one latent quality axis: mean stage scores on correct versus incorrect answers
are 5.36/4.76 (R), 5.44/4.34 (A), and 5.93/3.49 (D), a gap that widens down the pipeline.

The failure stage depends on pattern type. Failure-stage distributions differ significantly
across pattern categories (x?(24)=82.0, p<10~*, Cramér’s V=0.074, a reliable but modest
effect). As Table 5 shows, recognition failures peak on LP, MA, and GC; abstraction failures
on SA, PR, and EO, where symmetry and positional relations are hard to convert into explicit
rules; deduction failures are rarer and concentrate in GT, SP, and PR.

Humans and models fail differently. Humans outperform the best MLLM in 8 of 9
categories and by 16.7 points overall, but the gap is far from uniform. Models are near
parity on LP (+0.2) and ahead on PR (—9.0), yet fall well behind on SC, GC, EO, and
SA. The categories that separate them most demand holistic abstraction over the whole
figure—structure, symmetry, gradual change—which humans grasp intuitively, whereas PR
rewards the local, pattern-matchable rules models handle best. VERIFY therefore surfaces
distinct reasoning profiles rather than a single difficulty ranking.

6 Conclusion

We introduced VERIFY, a benchmark for evaluating visual reasoning. Our experiments
show that current models often struggle to combine perceptual grounding and logical
reasoning, excelling at one but not both. While chain-of-thought reasoning improves
accuracy, models still face challenges moving from abstract understanding to deduction.
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