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Abstract

While Multimodal Large Language Models
(MLLMs) are advancing rapidly, accurately
evaluating their capabilities remains challeng-
ing. Current paradigms primarily rely on holis-
tic scoring and static leaderboards, which fail to
disentangle fine-grained competencies. Specif-
ically, they suffer from “Outcome Bias” by
validating only final answers and ignoring in-
termediate reasoning. To address these limi-
tations, we introduce ATOM (AnaTomy Of
MLLM), a novel MLLM-as-a-judge frame-
work designed to shift the focus from rank-
ing to fine-grained diagnosis. ATOM decom-
poses complex reasoning into atomic criteria
anchored in visual elements, enforcing verifi-
cation against explicit visual facts. Validated
on a newly constructed benchmark with rigor-
ous human rankings, ATOM' achieves state-
of-the-art accuracy, surpassing the strongest
baseline by up to 7.92%. Moving beyond rank-
ing, ATOM bridges the gap between assess-
ment and alignment: by pinpointing atomic-
level failures, it establishes a closed-loop mech-
anism for targeted self-correction. This ap-
proach enables models to identify and rectify
errors autonomously, successfully resolving up
t0 39.95% of previously failed queries without
human intervention.

1 Introduction

The rapid evolution of Multimodal Large Language
Models (MLLMs) has revolutionized tasks rang-
ing from diverse visual understanding to complex
reasoning (Kuang et al., 2025; Yang et al., 2025;
Qin et al., 2025). As these models become in-
creasingly sophisticated, accurately assessing and
understanding their capabilities has become a key
challenge (Fu et al., 2023; Ge et al., 2025; Zhang
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et al., 2025b). Human-based evaluation platforms
like Chatbot Arena (Chiang et al., 2024) have long
been regarded as the gold standard, providing ro-
bust leaderboards based on massive crowdsourced
votes. However, this labor-intensive paradigm faces
severe scalability bottlenecks, struggling to support
the evaluation of thousands of models across mas-
sive fine-grained tasks at a manageable cost (Yin
et al., 2025; Wang et al., 2025). Consequently, the
community has shifted towards the “MLLM-as-a-
Judge” paradigm (Chen et al., 2024), leveraging
advanced models as surrogates to efficiently ap-
proximate rankings.

Nevertheless, current automated benchmarks
predominantly adhere to a paradigm of macro-
level ranking via holistic scoring (Zhao et al.,
2025; Yin et al., 2025). They typically aggregate
diverse queries into coarse metrics, offering only
overall scores or win-rates. This aggregation ob-
scures the correlation between specific task types
and model performance, acting as an opaque “black
box” that leaves two critical questions unanswered:
1) What specific fine-grained capabilities are actu-
ally probed by the evaluation samples and mastered
by the model? 2) Is a failure due to a fundamental
lack of capability, or can we guide the model to
rectify its errors without retraining?

Specifically, current benchmarks fail to address
these uncertainties due to three fundamental limi-
tations rooted in their reliance on coarse-grained
approximations. First, the “Outcome Bias” in
holistic scoring. Traditional judges treat complex
reasoning as a monolithic whole (Chen et al., 2024),
validating only final answers. This lack of pro-
cess granularity rewards spurious guesses derived
from textual priors despite flawed reasoning (false
positives), or penalizes valid reasoning chains that
yield rejected answers due to trivial discrepancies
(false negatives), failing to distinguish true capabil-
ity from luck. Second, the ambiguity of macro-
scopic taxonomies. Classifying performance by
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coarse domain labels (Yue et al., 2024; Ying et al.,
2024) (e.g., “Math”) rather than specific cognitive
operations obscures capability granularity. This
superficial grouping often misattributes failures,
confusing atomic visual blindness with high-level
reasoning deficits, thereby distorting the capabil-
ity profile. Third, the “Black Box” nature of
scalar metrics. Aggregating diverse errors into a
single score compresses rich diagnostic signals into
a flat number. This loss of feedback granularity
(Wang et al., 2025) severs the link to optimiza-
tion; without identifying specific deficits, simple
rankings offer no actionable guidance for targeted
self-improvement.

To address these limitations, we introduce
ATOM (AnaTomy Of MLLM), a novel fine-
grained diagnostic framework that shifts the evalu-
ation paradigm from holistic ranking to structural
process verification. Unlike traditional judges that
treat reasoning as a black box, ATOM mitigates
“Outcome Bias” through a Cognitive Replay mech-
anism with Visual Anchoring. By projecting the
judge model as an “Ideal Solver” prior to evalua-
tion, ATOM decomposes complex queries into veri-
fiable Atomic Criteria explicitly grounded in visual
regions. This ensures that evaluation focuses on the
validity of the reasoning process rather than merely
the final text match, significantly reducing hallu-
cinations in the judging phase. Furthermore, in-
stead of forcing models into static, coarse-grained
domains, we propose a Dynamic Capability Tree
construction method. This data-driven approach
evolves a hierarchical taxonomy from the atomic
criteria themselves, enabling precise attribution of
failures to specific cognitive deficits, ranging from
low-level perception to high-level logic, thereby re-
solving the ambiguity of macroscopic taxonomies.

Moving beyond static ranking, ATOM estab-
lishes a practical and verifiable workflow for model
improvement. Our experiments demonstrate that
atom-guided feedback enables autonomous self-
correction by directing attention to neglected vi-
sual evidence, proving that many failures stem from
attention drift rather than a fundamental lack of
capability. This enables models to achieve perfor-
mance gains of up to 26.85% without parameter
updates. We validated ATOM across 18 open- and
closed-source models, achieving state-of-the-art
alignment. To this end, we constructed a multi-
modal benchmark featuring sample-level human
ranking annotations for multiple model responses.
Applying structural analysis to this collected data,
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Figure 1: Distribution of Fine-Grained Capabilities. The
taxonomy is dynamically evolved from our collected
data, mapping specific atomic skills to high-level dimen-
sions via our structural analysis framework.

we dynamically evolved the fine-grained taxonomy
shown in Figure 1. This depth not only aligns
evaluation closely with human judgment but also
enables “model fingerprinting,” distinguishing dif-
ferent model architectures based on their unique
capability profiles. Our contributions are summa-
rized as follows:

* Beyond Ranking: The ATOM Framework.
We propose a paradigm shift from holistic scor-
ing to fine-grained process verification. By
decomposing reasoning into visually-anchored
atomic criteria, ATOM mitigates “Outcome Bias”
and successfully distinguishes true cognitive
competencies from spurious guesses.

¢ Dynamic Taxonomy & Benchmark. We con-
struct a rigorous benchmark and a data-driven
Dynamic Capability Tree. This bottom-up ap-
proach resolves the ambiguity of macroscopic do-
mains by evolving capability definitions directly
from atomic errors, enabling precise attribution
of deficits.

* Closed-Loop Self-Improvement. We resolve

the “Black Box” nature of scalar metrics by es-
tablishing a verifiable feedback loop. Our di-
agnostic traces serve as actionable instructions,
guiding models to autonomously rectify errors
and boosting performance by up to 26.85% with-
out retraining.
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Figure 2: The ATOM Evaluation Pipeline. Starting with an image and query, the Judge Model (1) generates visually
anchored Atomic Criteria, which are (2) mapped to a dynamically evolved capability tree. Models are then (3)
scored at the checkpoint level to (4) produce fine-grained diagnostic reports, enabling (5) targeted self-correction

through a closed-loop feedback mechanism.

2 Problem Formulation

Formally, let D = {(I;,Q;)}}, denote a multi-
modal dataset with visual input I; and textual query
Q;. For a candidate MLLM M, € M, we evalu-
ate its response R; , = M}, (I;, Q;). Unlike holis-
tic evaluations that map (I;, Q;, R; 1) to a single
scalar, we propose a fine-grained diagnostic frame-
work.

We employ a Judge Model 7 to decompose the
reasoning process into a set of Aromic Criteria
A; = {ai,t}?;l- Each criterion is defined as a tuple
a;+ = (g, gt, we), representing a visual-anchored
sub-question, local ground truth, and importance
weight, respectively. To facilitate structural analy-
sis, we define a Dynamic Capability Tree 7 and a
mapping function ¢ : a;; — [ that projects each
criterion to a specific capability node [ € T .

The evaluation yields a weighted sample-level
score S; , = %, where s; ;¢ € {1,...,5}
is the correctnests score for criterion a;;. Fi-
nally, we derive diagnostic feedback F; j, from low-
scoring criteria to guide the model in generating a
refined response 1}, = M(1;, Qi, Fig)-

3 Methodology

We propose a Fine-Grained Multimodal Diag-
nostic Framework that transitions from holistic
ranking to structural diagnosis. As shown in Fig-
ure 2, the pipeline operates in five stages: (1) Cog-

nitive Replay to extract grounded Aromic Criteria;
(2) Dynamic Taxonomy Construction to evolve
an adaptive capability tree; (3) Checkpoint Scor-
ing to evaluate models against specific nodes; (4)
Diagnostic Attribution to synthesize qualitative
reports; and (5) a Closed-Loop Feedback mecha-
nism for targeted improvement.

3.1 Cognitive Replay with Visual Anchoring

We first employ Cognitive Replay, where the Judge
Model J generates a high-quality reference chain
of thought (Z) explicitly grounded in visual re-
gions. Crucially, to mitigate “Outcome Bias,” we
decompose Z into discrete Atomic Criteria A;
for fine-grained verification. Each criterion a; ; =
(qt, gt, wy) comprises a sub-question ¢; targeting a
specific reasoning step, a local ground truth g;, and
an importance weight w; € [1,10] reflecting the
step’s logical contribution. The extraction process
is defined as:

Ai = {a, 96, 0} = Toxmaet(Z5, 1, Qi) (1)

This factorization transforms unstructured grading
into a structured protocol, yielding an augmented
dataset D = {(I;, Qi, A;) }\, of verifiable check-
points.

3.2 Dynamic Capability Taxonomy
Construction

Unlike static taxonomies, we construct a dataset-
specific capability tree, 7.qp, to ensure evaluation
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Data ID: 17_Education-RelatedVQA 145 | Domain: Education (Geography/Biology) | Task: VQA with Logical Reasoning
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Step 2: Determine Change Direction

Step 3: Predict Outcome

Weight: 2 <Knowledge><Factual Knowledge>

Criterion: What is the starting biome category and climatic zone that a solution should identify for a ‘boreal forest”?

Ground Truth: Boreal forest (taiga) in the subarctic zone, characterized by cold conditions with moderate precipitation.

Weight: 2 <Understanding><{Language Understanding>

Criterion: What direction of climate change (in terms of temperature and moisture) should be applied to the boreal forest in this

Ground Truth: An increase in temperature and an increase in precipitation (warmer and wetter).

Weight: 5 <Reasoning><Outcome Prediction>

Criterion: According to the biome diagrams, what biome results when a boreal forest experiences warmer and wetter

3 3 2
3 o)
igure 33- ome Pyramid) onditions

Ground Truth: Temperate Forest.

User Prompt:

Given a set of diagrams from a textbook...

Question: What type of biome would a boreal forest become if it
experienced heavy rainfall and increased temperatures?

Step 4: Verify & Exclude

Weight: 1 <Reasoning><Comparative Reasoning>

Criterion: Which answer choices should be ruled out based on the specified climate shift, and why?

Choice list:
['Grassland', 'Desert', 'Tundra', 'Temperate Forest']

“ Ground Truth: Tundra (is colder, not warmer) and Grassland/Desert (are drier, not wetter).

Figure 3: An Illustrative Example of the ATOM Framework. Given an input context (left), our framework
decomposes the multimodal reasoning process into a structured sequence of Atom Criteria (right). Each atom
is assigned: (1) a Capability Tag (e.g., <Understanding>) for taxonomy mapping, (2) a Weight reflecting its
contribution to the total score, and (3) a precise Ground Truth for step-by-step verification. This granularity allows
us to pinpoint exactly where and why a model fails, unlike traditional evaluations that only reveal if it fails.

metrics align with the input distribution while filter-
ing out irrelevant capabilities. This data-oriented
approach captures nuanced capabilities often over-
looked by generic frameworks. The construction
proceeds in four phases:

Initialization and Candidate Proposal To ensure
high-level interpretability and prevent incoherent
clustering, we enforce a top-down constraint by
initializing 7.4, with five fixed anchors: Percep-
tion, Reasoning, Understanding, Trustworthiness,
and Generation. Using this skeleton, we employ a
bottom-up induction on the augmented dataset D.
The Judge Model analyzes each atomic criterion to
propose fine-grained capability requirements, gen-
erating a pool of raw candidates.

Merging and Pruning We refine the global candi-
date pool through an iterative process. The Judge
Model clusters semantically identical nodes, prunes
those with insufficient support or vague definitions,
and hierarchically attaches surviving leaves to the
appropriate root anchors. This step transforms raw
proposals into a compact, optimized tree structure
T cap-

Atom-to-Capability Mapping With the taxonomy
fixed, we perform a definitive mapping to assign ev-

ery atomic criterion to a specific leaf node in 77,,.
Unlike the proposal phase, this is formulated as a
classification task over the pre-defined set. This
verification step ensures precision, enabling us to
aggregate atom-level results into capability-level
scores for subsequent diagnostic analysis. An illus-
trative example is provided in Figure 3.

3.3 Fine-Grained Checkpoint Scoring

We instantiate the evaluation by directing the Judge
model to map each extracted atomic criterion to
a specific leaf node in the capability tree 7. This
transforms the unstructured evaluation into a se-
quence of measurable capability checkpoints.
Subsequently, we perform a fine-grained ver-
ification where the Judge evaluates the candi-
date response R; j against each atomic criterion
ait+ = (qt, gt,wt). Instead of a holistic assess-
ment, the Judge assigns a correctness score s; i, 4 €
{1,...,5} by verifying whether the model’s rea-
soning for the specific sub-question ¢; aligns with
the local ground truth g;. This isolation prevents
the “Outcome Bias,” ensuring that a correct final
answer does not mask intermediate reasoning er-
rors. Finally, the sample-level quality score S; j, is
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Table 1: Pairwise ranking accuracy (%) against human ground truth. We employ six diverse models as backbones
for ATOM to evaluate 5 candidate models via ternary comparisons (Win/Tie/Loss).Best results are bolded.

Dimensions

Backbone Method _ _ _ _ Average
Perception Reasoning Knowledge Understand Trustworthiness Generation

POINTWISE ~ 49.72 50.03 55.14 53.87 53.27 54.35 50.84
Gemini-2.5-Pro BATCH 54.52 55.28 56.36 57.77 55.96 64.78 55.39
’ SCAN 56.51 59.21 53.73 56.02 53.27 65.56 57.17
ATOM(Ours)  63.10 65.72 62.80 66.09 60.96 73.48 64.31
POINTWISE ~ 46.72 46.39 54.54 52.34 51.15 54.78 48.06
GPT5 BATCH 47.75 51.68 49.71 50.90 47.31 60.43 49.71
SCAN 52.55 56.10 48.36 52.32 42.59 61.26 53.25
ATOM(Ours) 59.94 63.68 57.60 60.78 59.42 70.22 61.17
POINTWISE ~ 44.60 44.72 50.40 47.10 49.24 53.15 45.66
GPT-5-mini BATCH 46.22 47.25 48.58 47.84 42.93 55.81 47.03
SCAN 50.23 52.82 47.26 51.42 48.34 59.49 50.94
ATOM(Ours)  53.95 55.28 52.69 55.86 53.93 63.17 54.53
POINTWISE ~ 42.83 42.94 48.41 45.23 47.29 51.04 43.85
QOwen3-VL BATCH 42.99 43.93 47.72 43.75 46.38 52.04 44.05
235B-A22B SCAN 49.38 50.81 47.85 48.35 52.16 53.38 49.73
ATOM(Ours)  53.70 55.86 55.44 54.63 52.04 60.45 54.76
POINTWISE ~ 45.36 45.27 50.30 47.90 51.84 55.40 46.30
InternVL3.5 BATCH 41.29 40.52 44.41 41.04 41.29 49.10 41.45
241B-A28B SCAN 48.42 49.66 50.49 49.83 42.94 56.17 49.19
ATOM(Ours)  53.01 52.83 55.86 55.16 56.44 59.20 53.56
POINTWISE ~ 45.80 45.80 50.28 47.84 52.25 54.89 46.65
LLaVA-OneVision BATCH 38.10 38.72 40.38 39.76 39.05 44.11 38.75
72B SCAN 47.48 47.53 43.87 48.36 49.98 61.00 47.38
ATOM(Ours)  50.38 49.16 53.55 49.83 59.19 58.91 50.52

computed as the weighted average of these atomic
scores:

T;
D iy Wt Sikt

Zﬁl Wy

By incorporating the importance weight w;, we en-
sure that critical decision points contribute more
significantly to the final evaluation than trivial
steps.

Sik = 2

3.4 Diagnostic Analysis & Attribution

To provide actionable insights beyond scalar scores,
we employ a “saturate-and-select” paradigm to
transform quantitative traces into qualitative re-
ports.

Asset Generation and Synthesis. We first gen-
erate a comprehensive library of statistical assets,
including capability radar charts and stability ta-
bles. The Judge Model M ; performs Information
Filtering, selecting only salient insights, such as
significant anomalies or distinct strengths, to en-
sure reporting focus (see Appendix H for asset
details). Reports are synthesized using a bottom-up
strategy: My first generates model-specific fail-
ure attributions and then aggregates cross-model
statistics into a global “model profile.” These re-
ports serve as the foundation for the fingerprinting
validation in §4.4.

3.5 Closed-Loop Feedback Mechanism

Beyond ranking, ATOM bridges evaluation and
alignment by transforming diagnostic traces (§3.1)
into actionable optimization signals. We establish
a Closed-Loop Feedback Mechanism with two
strategies targeting specific failure types:
Strategy 1: Criterion-Aware Self-Refinement.
We construct feedback prompts ]-";’;Zlf using queries
q: from failed atoms AZf Zil (while masking g;).
This explicitly queries ﬁeglected visual details,
forcing the model to perform Targeted Visual Re-
grounding without leaking the answer.

Strategy 2: Peer-Assisted Knowledge Transfer.
Addressing knowledge gaps, we leverage a Peer Ex-
pert M} € M that successfully solved the specific
atom a; ;. M generates a Guiding Hint h;, which
points to a plausible reasoning path without reveal-
ing the final answer and helps transfer fine-grained
expertise from stronger to weaker models.

4 Experiment

Moving beyond standard leaderboard rankings,
our empirical evaluation is structured to validate
ATOM’s capacity to resolve the three fundamen-
tal limitations of MLLM evaluation highlighted
in Section 1. We examine the framework’s effec-
tiveness through four key dimensions: Evaluation
Fidelity (§4.1): Verify whether atomic verifica-
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Table 2: Ablation Study. Impact of removing key components from the full model. Removing Afomic Decomposi-
tion leads to the most severe degradation across all models.

Backbone Gemini GPT-5 GPT-5-mini  Qwen3-VL  InternVL3.5 LLaVA-OV
Full ATOM (Ours) 64.31 61.17 54.53 54.76 53.56 50.52
— w/o CoT Reasoning 60.33 (14.0)  60.02(11.2) 52.80(11.7) 53.50(11.3) 52.77(10.8) 47.16 (13.4)
— wlo Atomic Decomposition ~ 58.14 (16.2)  56.87 (14.3) 47.89 (16.7) 49.97 (14.8) 48.99 (14.6)  44.95 (|5.6)
— w/o Adaptive Weighting 63.17 ({1.1)  60.66 (J0.5) 53.29(}1.3) 54.72(0.1) 51.37(2.2) 50.07 (]0.5)
tion mitigates “Outcome Bias” to achieve supe- Taxonomy #L Valid MAE; MAE; A
rior alignment with human judgments. Diagnostic Baselines
Resolution (§4.2): Assess if the dynamic taxon- Handcraft 41 4667 20.88 22.00 -1.12
omy resolves attribution ambiguity by capturing Generalist 120 4282 21.28 21.86 -0.58
. .. . . Scan (Vis.) 52 3813 21.55 21.54 +0.01
precise capability boundaries compared to static MMBench Orig. 21 4757 20.53 2026 +0.27
labels. Closed-Loop Actionability (§4.3): Val- No Data 54 4296 21.19 20.75 +0.44
idate whether fine-grained feedback breaks the Ours
“Black Box” nature of scalar metrics to enable Ours (No Prune) 65 4548 20.08 18.90 +1.18
Ours (Final) 52 4557 20.40 18.83 +1.57

verifiable, training-free self-correction. Macro-
Insights (§4.4): Explore the utility of aggregated
diagnostic reports in revealing unique “Model Fin-
gerprints” and architectural behaviors.

4.1 Evaluation Fidelity: Mitigating Outcome
Bias via Process Verification

We validate evaluation fidelity on our benchmark
of over 3,000 samples(see Appendix A), each con-
taining five distinct model responses. The task
requires ranking these responses, quantified by the
accuracy of pairwise comparisons against human
annotations. As shown in Table 1, ATOM consis-
tently achieves state-of-the-art alignment across
all six judge backbones. Notably, it surpasses
the strongest baseline(see Appendix B for base-
line details) by 7.92% with GPT-5, suggesting that
atomic decomposition effectively captures subtle
logic flaws often overlooked by holistic scoring.

To isolate the source of these gains, our ablation
study (Table 2) reveals that the most significant
performance drop occurs in the w/o Atom setting.
This suggests that holistic scoring is prone to out-
come bias, as it may validate correct final answers
despite flawed intermediate reasoning, while our
atomic verification penalizes such spurious suc-
cesses. Furthermore, removing visual anchoring
(w/o CoT) leads to consistent degradation, high-
lighting the necessity of grounding criteria in visual
regions. Finally, human verification(Appendix C)
confirms the high quality of these generated crite-
ria (Accuracy > 2.7/3.0), ensuring that our perfor-
mance gains stem from rigorous structural advan-
tages rather than noise.

Table 3: Taxonomy Validity Assessment. Positive
A indicates effective clustering of homogeneous capa-
bilities. #L: Leaf count. MAEg/MAE;: Global vs.
Intra-node prediction error.

4.2 Diagnostic Resolution: From Macroscopic
Labels to Dynamic Attribution

We next examine whether our Data-Driven Dy-
namic Taxonomy resolves the ambiguity of macro-
scopic taxonomies by capturing precise capability
boundaries. We quantify this using a homogeneity
hypothesis: a valid capability node should group
atomic skills of similar difficulty, thereby minimiz-
ing intra-node variance.

Static vs. Dynamic Constraints. Using a
Leave-One-Out (LOO) strategy (formal definitions
in Appendix F.1), the results in Table 3 reveal
a critical insight. Our dynamically evolved tree
significantly reduces prediction uncertainty (A =
+1.57) compared to the global baseline. In con-
trast, rigid, handcrafted taxonomies often yield neg-
ative gains (A < 0). This quantitative gap suggests
that static labels may misclassify heterogeneous
cognitive tasks into coarse categories, whereas our
data-driven approach better captures the underlying
capability structure.

Granular Error Attribution. This structural
precision enables diagnostic resolution beyond
broad domain labels. As illustrated in the case
study (Figure 3), instead of labeling a failure sim-
ply as “Reasoning,” ATOM traces the error to a
specific leaf node in the hierarchy (visualized in
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Table 4: Correction performance on candidate models’ initially failed samples. Upper rows (Black) denote final
response Accuracy (0-100%), while lower rows (Green) indicate Atom-Level Quality Scores (1-5) evaluated
by ATOM. All strategies operate without revealing ground truth; Re-eval prompts a retry upon error notification,
whereas ATOM methods utilize diagnostic criteria. Gain(A) denotes improvements over the Re-eval.

Capabilities

Candidate Model Strategy . . - _ . Gain (A)
Perception Reasoning Knowledge Understanding Trustworthiness Generation Average
or 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -
r 2.94 278 2.88 3.29 278 2.60 2.90
Gemini-2.5-Pro Re-eval 2225 2434 38.00 30.23 46.15 55.56 25.24 +0.00
c-cval. 3.12 291 3.04 3.36 273 2.96 3.04 +0.00
Atom-Self. 29.67 3871 36.00 34.88 53.85 11.11 34.27 +9.03
om-seli-corr. 3.55 3.58 3.54 4.01 4.19 3.48 3.62 +0.58
Peer-Assisted 32.97 41.06 36.00 51.16 61.54 33.33 3793 +12.69
Cer-ASSISte 3.80 4.12 4.01 432 4.41 4.43 4.01 +0.97
Ori 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Owen3-VL mn 221 223 1.71 2.46 1.41 2.00 2.19 -
g 10.41 10.76 7.59 11.11 345 476 10.08 +0.00
235B-A22B Re-eval. 227 232 1.89 2.60 1.42 211 2.28 +0.00
Atom-Self 25.85 26.29 31.65 28.40 79.31 2.38 2698  +16.90
om-seli-corr. 3.12 3.15 3.27 3.63 1.69 3.11 3.11 +0.83
Pesr-Assisted 3232 29.88 43.04 32.10 75.86 2.38 3202  +21.94
Cer-Assiste 3.65 3.92 3.64 3.76 4.46 2.36 3.74 +1.46
Ori 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Owen2-VL n 1.84 1.74 1.82 2.13 1.17 1.56 1.81 -
7B Re-eval 7.56 6.43 8.60 778 5.56 0.00 6.96 +0.00
e-eval. 1.92 1.80 1.87 2.22 1.12 1.46 1.87 +0.00
Atom-Self. 26.60 21.14 38.71 32.22 77.78 2.33 2624  +19.28
om-Seli-cort. 2.81 2.77 3.17 3.07 3.31 1.85 2.83 +0.96
Peer-Assisted 32.12 29.60 50.54 43.33 77.78 4.65 3333 +26.37
cer-Assiste 3.31 3.56 3.84 3.58 4.14 2.72 3.46 +1.59
O 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -
InternVL3.5 Tl 1.94 1.68 1.57 2.14 1.11 1.76 1.82 -
g 14.35 11.48 10.53 19.05 22.86 0.00 13.10 +0.00
241B-A288 Re-eval. 2.03 1.82 1.57 233 132 1.76 1.93 +0.00
Atom-Self. 29.48 29.78 36.84 39.05 80.00 0.00 31.04 41794
om-seli-corr. 2.86 261 2.93 3.06 3.07 2.04 2.77 +0.84
Peer-Assisted 37.50 38.77 47.37 52.38 88.57 6.98 3995  +26.85
CEr-ASSISte 3.47 3.60 3.75 3.83 4.14 2.88 3.58 +1.65
ori 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -
LLaVA-OneVision 1.89 1.47 1.67 2.10 1.23 1.38 1.71
728 Re-eval 5.76 4.46 7.44 6.30 7.89 0.00 532 +0.00
c-cval. 1.93 1.52 1.75 2.09 1.33 1.35 1.75 +0.00
Atom-Self 2225 19.76 33.06 24.41 71.05 227 2275  +17.43
om-seli-corr. 2.64 237 2.93 2.85 291 1.73 2.56 +0.81
Peer-Assisted 24.21 26.45 38.84 32.28 81.58 455 2739 +22.07
CCI-ASSISte 3.07 3.05 3.29 3.45 3.89 2.70 3.13 +1.38

Figure 12), such as failing at verify & exclude de-
spite succeeding in visual identification. This level
of resolution effectively disentangles perception
blindness from reasoning deficits, providing the
necessary prerequisite for targeted improvement.

4.3 Closed-Loop Actionability: Breaking the
Black Box for Self-Correction

Moving beyond static diagnosis, We investigate
whether diagnostic feedback can effectively guide
candidate models to rectify their own errors. To
this end, we isolate the subset of samples where
each model initially failed (Ori), establishing a 0%
baseline.

From Diagnosis to Self-Refinement. Table 4 re-
veals a stark contrast. Simple Re-evaluation, which
signals an error and requests a retry, yields neg-
ligible gains. In contrast, Atom-Guided Strategy
uses diagnostic criteria to guide reasoning (while
masking specific ground truths), achieving substan-
tial improvements in Accuracy (+26.85% on In-
ternVL3.5). Crucially, the concurrent rise in Atom-

Level Quality Scores (1.82 — 3.58) confirms that
the framework rectifies the underlying reasoning
process rather than merely refining the output for-
mat.

Peer-Assisted Knowledge Transfer. Further-
more, the Peer-Assisted setting demonstrates that
atomic reasoning paths are transferable. By lever-
aging diagnostic traces from a stronger peer (e.g.,
Gemini) to guide a weaker model, we observe even
higher accuracy gains, proving that atomic criteria
serve as interpretable, model-agnostic instructions.

4.4 Macro-Insights: Model Fingerprinting
and Behavioral Profiling

Finally, we explore whether the aggregated diag-
nostic reports can serve as unique “fingerprints” to
reveal architectural behaviors that holistic scores
obscure.

Discriminability and Fidelity. We conducted a
blinded Model Fingerprinting Experiment (pro-
tocol in Appendix G.1), where human annotators
matched diagnostic reports to raw model responses.
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Figure 4: Model Fingerprinting Accuracy Heatmap.
This heatmap visualizes accuracy in matching reports
to models. Higher values (darker blue) indicate strong
discriminability; lower values reflect genuine behavioral
similarities within model families.

The Similarity Heatmap (Figure 4) demonstrates
that ATOM’s reports capture distinct behavioral sig-
natures, achieving near-perfect identification ac-
curacy (=~ 1.00) when distinguishing between dif-
ferent model families (Intern vs. LLaVA). Con-
versely, the reduced accuracy among closely re-
lated variants (InternVL3.5-1B vs. 2B) actually
validates the fidelity of our insights: the framework
correctly reflects genuine behavioral commonal-
ities rather than fabricating artificial distinctions,
ensuring the analysis is both precise and trustwor-
thy.

Granular Capability Landscape. Beyond iden-
tification, the generated assets, including capabil-
ity radar charts and fine-grained skill bars (Fig-
ure 16), provide a structured view of model evolu-
tion. These visualizations reveal that even models
with similar overall rankings often possess drasti-
cally different capability profiles, providing action-
able roadmaps for architectural optimization.

5 Related Works

Evaluating Multimodal Large Language Models
(MLLMs) has evolved from static QA benchmarks
(Fuetal., 2023; Liu et al., 2024; Yue et al., 2024; Lu
et al., 2023) to dynamic, judge-based assessments,
aiming to capture the complexity of open-ended
generation.

MLLM-as-a-Judge. The “LLM-as-a-Judge”
paradigm (Zheng et al., 2023; Zhu et al., 2023;

Kim et al., 2023) reduces reliance on human
annotation. Recent multimodal adaptations, such
as the MLLM-as-a-Judge benchmark (Chen et al.,
2024), UPME (Zhang et al., 2025b), and AUTO-J
(Li et al., 2023), have focused on assessing
judge consistency and mitigating hallucinations.
However, these frameworks predominantly operate
on a holistic level, assigning coarse-grained scores
based on general impressions. Our approach shifts
from this “black-box™ scoring to Atom Criteria
verification, requiring judges to validate indivisible
evidence points for enhanced interpretability.

Rating & Ranking. While the Elo rating sys-
tem (Bradley and Terry, 1952; Chiang et al., 2024)
remains the industry standard, it is susceptible
to biases like verbosity (Saito et al., 2023). Ad-
vanced methods such as AlpacaEval 2.0 (Dubois
et al., 2024), TrueSkill (Herbrich et al., 2006),
and PolyRating (Dekoninck et al., 2024) introduce
length-control or Bayesian modeling to refine rank-
ing robustness. Despite these statistical improve-
ments, they primarily yield scalar rankings (e.g.,
“Model A > Model B”). In contrast, our framework
complements these metrics by grounding scores in
a structured Capability Tree, generating detailed
diagnostic reports and “model fingerprints” rather
than simple numerical values.

Structured Evaluation. Recent works empha-
size structured capability assessment. (Lin et al.,
2024) and (Li et al., 2024) highlight the impor-
tance of real-world query distributions. Notably,
SCAN (Wang et al., 2025) and EvalTree (Zeng
et al., 2025) introduce hierarchical taxonomies to
map performance across domains. Crucially, while
these works categorize based on query types (e.g.,
coding vs. math tasks), we decompose the solu-
tion process itself. By constructing a taxonomy
based on execution criteria (e.g., spatial perception
— logic inference), we provide a bottom-up diag-
nostic view that identifies latent bottlenecks often
missed by query-based classifications.

6 Conclusion

In this paper, we introduced ATOM, a novel
fine-grained diagnostic framework that shifts the
MLLM evaluation paradigm from static, holistic
ranking to structural, process-oriented diagnosis.
Our approach effectively mitigates the "Outcome
Bias" and reduces hallucinations inherent in tradi-
tional "Black Box" judge models. Beyond evalu-

20354



ation, ATOM establishes a critical link between
assessment and model alignment. Collectively,
ATOM functions as both a high-precision, human-
aligned judge and a robust guide for the continuous
optimization of next-generation multimodal sys-
tems.

Limitations

Despite the promising results achieved by ATOM
in fine-grained diagnostics and visual anchoring,
we acknowledge several limitations.

First, we acknowledge that ATOM’s current im-
plementation is primarily designed for single-turn
QA and independent generation tasks. This scop-
ing aligns with recent structured evaluation frame-
works, prioritizing the establishment of a robust ver-
ification protocol for static visual reasoning before
introducing complex conversational state tracking.

Second, our framework relies on the capabil-
ity of the Judge Model. Although Visual Anchor-
ing significantly reduces hallucinations, the accu-
racy of the generated "Textbook-Quality Chain of
Thought" and subsequent evaluation still depends
on the underlying strong MLLM. Extremely subtle
visual details or highly specialized domain knowl-
edge might still exceed the judge’s perception lim-
its.

Finally, the Dynamic Capability Tree is con-
structed in a data-driven manner. While this en-
sures high alignment with the current benchmark,
applying the framework to a radically different do-
main may require re-evolving the taxonomy to cap-
ture new capability dimensions effectively.

Ethics Statement

This research investigates the evaluation and self-
improvement of Multimodal Large Language Mod-
els (MLLMs) and follows standard ethical practices
in data collection and annotation.

In our human meta-evaluation and diagnostic
validation phases, we recruited 12 annotators with
graduate-level training. Prior to the tasks, all par-
ticipants were fully informed of the research objec-
tives and the intended academic use of the collected
data. We obtained explicit informed consent from
all individuals. To ensure fair labor practices, anno-
tators were compensated with a competitive hourly
wage that aligns with or exceeds the local standard
for research assistants. We strictly prohibited the
collection of any personally identifiable informa-
tion (PII) during the annotation process, ensuring

complete anonymity.

We carefully curated the benchmark data and
multimodal queries used in this study. All sam-
ples underwent rigorous pre-screening to filter out
offensive, toxic, or sensitive content. This rigor-
ous filtering not only guaranteed a safe working
environment for our human annotators but also pre-
vents the propagation of harmful materials in future
evaluations.

Our proposed ATOM framework relies on state-
of-the-art MLLMs to serve as the Judge Model.
While our “Cognitive Replay” and visual anchor-
ing mechanisms significantly mitigate hallucina-
tions and the “Outcome Bias” in evaluation, we ac-
knowledge that the judge models themselves may
carry inherent cultural, linguistic, or demographic
biases stemming from their pre-training corpora.
Consequently, the dynamically evolved Capability
Tree and the generated atomic criteria might inad-
vertently reflect the perspectives of these specific
models. We encourage the community to contin-
uously audit strong judge models for underlying
societal biases.

The primary objective of the ATOM framework
is to promote transparency, reliability, and safety
in multimodal Al systems. By transitioning from
opaque, holistic scoring to fine-grained, verifiable
diagnostics, our work prevents models from mask-
ing fundamental reasoning deficits behind seem-
ingly correct final answers. The autonomous self-
correction mechanism further provides a verifiable
path for aligning Al models with human values
without requiring extensive retraining. We foresee
no direct risk of malicious dual-use arising from
our evaluation framework.
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A Dataset Composition and Statistics
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Figure 5: Data distribution across domains and sub-
categories.

To provide a comprehensive understanding of
our evaluation benchmark, we visualize the dis-
tribution of the curated samples across different
domains. Organized following the methodology of
(Fei et al., 2025), the dataset is designed to cover a
wide range of multimodal capabilities and knowl-
edge areas. Full data sources and details are pro-
vided in Table 6.

Figure 5 illustrates the hierarchical composition
of the benchmark. The data is categorized into
three primary domains: General (42.7%), Social
Science (32.4%), and Natural Science (24.9%).
These are further divided into fine-grained sub-
categories, including but not limited to Medicine,
Physics, History, and Culture, ensuring a balanced
and rigorous assessment of MLLMs.

Dataset Construction and Annotation Proto-
col. To construct the candidate response pool, we
generated outputs for each sample using five repre-
sentative MLLMs: Gemini-2.5-Pro, Qwen3-VL-
235B-A22B-Instruct, Qwen2-VL-72B-Instruct,
InternVL3.5-241B-A28B-Instruct, and LLaVA-
OneVision-Qwen2-72B. The ground truth rank-
ings were established through a rigorous human
annotation campaign involving 12 qualified anno-
tators. Each sample was independently evaluated
by two annotators. To ensure high-quality labels,
we implemented a consensus-based conflict resolu-
tion mechanism: in cases of disagreement, a third
annotator joined to adjudicate and discuss with the
original pair until a final consensus was reached.
The specialized interface used for this process is
illustrated in Figure 18.

Experimental Stability. Finally, unless other-
wise specified, all experimental results reported in

Cap. Metric Gemini GPT-5 GPT-5-mini Qwen3-VL InternVL3.5 LLaVA-OV

Acc. 2.73 2.72 2.61 2.64 2.52 2.69
Perc.

Nec. 2.87 2.84 2.80 2.78 2.71 2.56

Acc. 2.64 2.65 2.61 2.62 2.62 2.33
Reas.

Nec. 2.85 2.81 2.66 2.73 2.70 2.71

Acc. 2.82 2.86 2.84 2.85 2.81 2.58
Know.

Nec. 2.74 2.72 2.70 2.70 2.58 2.59

Acc. 2.81 2.69 2.62 2.69 2.64 2455
Und.

Nec. 2.83 2.63 2.62 2.67 2.64 2.51

Acc. 2.05 2.58 2.68 2.62 2.14 2.26
Trust.

Nec. 3.00 2.83 2.53 2.75 2.68 2.52

Acc. 2.36 3.00 2.50 2.76 2.73 2.00
Gen.

Nec. 245 2.71 2.47 2.62 2.62 2.50

Ace. 2.72 2.73 2.62 2.66 2.61 2.58
Avg.

Nec. 2.84 2.80 2.72 2.75 2.73 2.60

Table 5: Combined evaluation. Blue rows : Accuracy,
Orange rows : Necessity.

this paper represent the average of three indepen-
dent runs to ensure statistical reliability.

B Baseline Implementation Details

To rigorously evaluate the ranking effectiveness of
ATOM, we compare it against three representative
paradigms in automated evaluation. All baselines
utilize the same judge backbones as our method to
ensure fair comparison.

Pointwise Scoring (Holistic). The judge model
evaluates a single candidate response (1, @, R) in-
dependently. It is prompted to assign a scalar score
based on general quality dimensions such as help-
fulness, relevance, and accuracy. This method rep-
resents the most coarse-grained evaluation, suscep-
tible to the generic "helpfulness bias" of LLMs.

Batch Ranking. The judge model is presented
with the visual input I, the query (), and a set of
anonymized responses { Ry, ..., Ry} from differ-
ent models simultaneously. The judge is instructed
to rank these responses based on their overall qual-
ity. This approach, widely used in benchmarks like
Chatbot Arena (Automated), allows for relative
comparison but often struggles with long-context
attention and lacks explicit justification for its rank-
ings.

SCAN (Adapted). We adapt the Pre-
Comparison-based Pointwise Evaluation(Wang
et al., 2025) to the multimodal setting. SCAN
bridges the gap between pointwise and pairwise
evaluation through a three-stage process:
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Prompt: Chain of Thought (CoT) Generation

#i#t## System Prompt

You are an expert specialized in multimodal question answering, generating a "Textbook-Quality
Chain of Thought”. Your goal is to generate a "Textbook-Quality Chain of Thought”(CoT). This CoT
will serve as a high-quality exemplar for other models.

#### Instructions

@. You should record your whole thinking process in the output.

1. Carefully examine the input image, and the question to understand all components of the task.

2. Begin your CoT by providing a concise summary of the image, extracting all useful content from
the image.

3. Construct a step-by-step reasoning process that logically progresses from the image analysis
to the final answer. Each step should build upon the previous one, clearly explaining the
deductions made.

4. Conclude your reasoning process by explicitly stating the final answer.

#it## Output Format
Strictly output your analysis within the following XML tags:

<cot>

[Your detailed, complete thinking process.]
</cot>

<answer>

[Your final answer to the user’s question.]
</answer>

#### Input Data

<question> {prompt_text} </question>
<reference_answer> {reference_answer} </reference_answer>

Figure 6: The system prompt used for generating Textbook-Quality Chain of Thought (CoT).

Unlike ATOM, SCAN derives criteria solely from
textual response differences without explicit visual
grounding, making it a strong baseline for struc-
tured evaluation but potentially weaker in verifying
visual faithfulness.

Judge Backbone
Hit Rate (%)

Clarification on Pointwise vs. w/o Atomic De-
composition. To clarify the distinction between
the baseline methods in Table 1 and the ablation
settings in Table 2, we explicitly highlight the dif-
ference between the Pointwise baseline and the w/o
Atomic Decomposition ablation:

InternvL3.5 RN 364 475 385 222 a7 |
= .
-
50.8 426 426 714 58.3 I a7.4
I
Figure 7: Capability tagging hit rate across different

judge backbones and capability dimensions. The last
column shows the average hit rate.

LLaVA-OneVision -

» Pointwise (Table 1): This serves as the stan-
dard holistic baseline. The Judge model di-
rectly evaluates the candidate response and
outputs a single scalar score. It does not gen-
erate any intermediate reasoning steps or struc-
tured criteria.

1. Criteria Extraction: We prompt the judge to
compare a diverse set of auxiliary responses
{y1,...,yn} to identify key distinguishing
factors.

2. Weighting: The judge assigns importance
weights T to these extracted criteria based * w/o Atomic Decomposition (Table 2): In this

on their relevance to the query.

3. Scoring: The target response is evaluated
against these weighted criteria to produce a
final score.

ablation setting, the Judge retains the “Cog-
nitive Replay” (CoT generation) phase and
still attempts to score multiple fine-grained as-
pects. However, it explicitly skips the “Crite-
ria Extraction” phase. Instead of deconstruct-
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#it## System Prompt

You are an expert specialized in multimodal question answering, extracting #**Critical Point#*x
from a question and its solution. A #**Critical Point** is defined as an essential step, a
significant challenge, a key milestone, or a crucial checkpoint within the solution. These points
serve as standardized scoring criteria for evaluating other potential solutions. Your goal is
to deconstruct the provided solution into a set of Critical Points. Each Critical Point must
contain a criterion, a ground truth answer, and an allocated weight.

#### Instructions

1. Carefully examine the input image, and the question, and the reference CoT (i.e. the solution).

2. Identify the essential steps, significant challenges, key milestones, crucial checkpoints of
the solution. This could include factual or logical or other content.

3. Select 3 to 5 of the most significant points to formulate as Critical Points.

4. For each Critical Point, deconstruct the point into open-ended question (namely criterion)
and corresponding ground truth. Avoid embedding the ground truth within the criterion itself.
Make sure that the criterion is about how to evaluate another predefined solution.

5. Allocate a weight to each Critical Point. Assume the total weight for the entire question is
10. Distribute these weights based on the relative difficulty and importance of each Critical

Point.

#i#t## Output Format

[
{{
"criterion”:
interrogative word like what, etc.”,
"ground_truth”:
solution”,
"weight": 2
Bhe

#### Input Data

<question> {prompt_text} </question>
<cot> {cot} </cot>

Strictly output your analysis within the following json format:

"a open-ended question evaluating a predefined solution,

"The corresponding answer to the criterion,

start with an

derived from the reference

Figure 8: The system prompt used for extracting fine-grained Atomic Criteria from the solution.

ing the task into independent, verifiable tuples
((gt, gt, wy)) for step-by-step verification, the
Judge implicitly assigns scores based on the
general context of the generated CoT.

This comparison underscores that merely prompt-
ing the judge to generate a CoT is insufficient; the
explicit structural breakdown into atomic criteria is
essential for pinpointing errors and mitigating the
Outcome Bias.

C Atomic Criteria Quality Verification

The reliability of our framework hinges on the qual-
ity of the generated Atomic Criteria. To validate
this, we conducted a human meta-evaluation on a
stratified sample of generated criteria. Human ex-
perts rated each criterion on a 3-point scale across
two dimensions:

* Accuracy: Is the local ground truth (g;) factu-
ally correct with respect to the image content?

* Necessity: Is the sub-question (g;) necessary
for answering the user’s original query?

Table 5 presents the results. The high aver-
age scores across all judge backbones (Accuracy
> 2.6/3.0, Necessity > 2.7/3.0) confirm that
modern MLLMs, particularly Gemini and GPT
class models, can generate high-fidelity, visually
grounded checkpoints. This validates that the per-
formance gains observed in our main experiments
are driven by the structural advantages of our frame-
work rather than noise in the criteria generation
process.

Figure 7 reveals a critical insight: while most
models can generate valid atomic questions, they
exhibit significant disparity in mapping these ques-

20362



#i#t## Instructions

You are given an input JSON list called "atom”, where each element contains a criterion,
ground_truth, and weight. Your task is to map each criterion to exactly one leaf node in
the capability tree provided below. Then output a JSON list in which each original element from
"atom” is copied verbatim, with the only modification being the addition of a new field "cap”,
whose value is one leaf-node path in the format:

"<Levell1><Level2><Level3>"

##i## Capability Tree
{Tree}

#i### Output Format

Strictly output:

L
8

n

1%

. original atom element fields ...,
": "one selected leaf node path”

cap”:
]

#i### Input Data

<question> {prompt_text} </question>
<atom> {atom} </atom>

For example: "<Knowledge><Knowledge Retrieval><Table Lookup>".

Figure 9: The system prompt used for mapping atomic criteria to the dynamic capability tree.

tions to the abstract capability taxonomy. Strong
models like Gemini and GPT-5 achieve high align-
ment with human experts in capability attribution
(Hit Rate > 81%), whereas weaker models struggle
with abstract dimensions such as Trustworthiness
and Reasoning. This empirical finding provides ro-
bust justification for our Dynamic Capability Tree
construction strategy: employing the “higher-order
cognition” of SOTA models as the backbone is in-
dispensable for ensuring the structural precision
and human alignment of the diagnostic reports.

D Prompt Templates

To facilitate reproducibility, we provide the full sys-
tem prompts employed across the different stages
of the ATOM framework. The specific prompts for
each module are organized as follows:

* Cognitive Replay (CoT Generation): The
prompt used to generate the textbook-quality
chain of thought is shown in Figure 6.

e Atomic Criteria Extraction: The prompt
for decomposing reasoning into fine-grained
checkpoints is presented in Figure 8.

» Capability Mapping: The instruction for
mapping atomic criteria to the dynamic ca-
pability tree is detailed in Figure 9.

* Fine-Grained Scoring: The final evaluation
prompt used by the judge to score candidate
responses against atomic criteria is provided
in Figure 10.

E Details of Dynamic Capability
Taxonomy Construction

In this section, we provide the implementation de-
tails, algorithmic parameters, and the visual struc-
ture of the capability taxonomy 7., discussed in
Section 3.2.

E.1 Taxonomy Induction Setup

The construction of 7, follows a hybrid approach,
initializing with top-down architectural constraints
and refining via bottom-up data induction.

Data Sampling and Stability To ensure the tax-
onomy is representative yet computationally effi-
cient to induce, we constructed a balanced subset
Dyuy C D containing approximately 260 instances.
This subset was uniformly sampled across different
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#it## System Prompt
Please act as an impartial evaluator.

#### Instructions
For each item in the Evaluation System:

- N W

#i### Output Format
<The Start of Evaluation Result>

<The End of Evaluation Result>

Do not add extra categories.

- The brackets [ ] are mandatory.

#i### Input Data
<question> {prompt_text} </question>

Your task is to score the assistant’s answer using the
evaluation criteria provided in the Evaluation System below.

1. Read the criterion and the corresponding ground_truth.

2. Compare the assistant’s answer with the ground_truth.

3. Give a score from 1 to 5 based on the following rubric:
5 — Excellent: Fully aligned with ground_truth; accurate, detailed, and well-reasoned.
4 — Good: Mostly aligned; minor omissions or small inaccuracies.

- Adequate: Partially aligned; shallow coverage or notable gaps.

— Poor: Major missing elements or noticeable misunderstandings.

- Failing: Incorrect, irrelevant, or contradicts the ground_truth.

<Understanding><Scene Understanding><Scene Classification> | score: [2]
<Perception><Fine-grained Perception><Attribute Recognition> | score: [5] | Weight 3
<Perception><Spatial Perception><Object Relationship Recognition> | score: [1]

Do not modify or interpret the capability tags.

Evaluate strictly according to the criteria and ground_truth.

Do not explain the scoring reasons; directly output the score in the specified format.
Every score MUST be written strictly as: score: [x]

- No other formats like score: x or score:[x] or score: x] are allowed.

<evaluation_system> {eval_system} </evaluation_system>
<assistant’s_answer> {ans} </assistant’s_answer>

| Weight 3

| Weight 4

Figure 10: The system prompt used for scoring the model’s response against the fine-grained checkpoints.

data sources to maintain diversity. To verify the
sufficiency of this sample size, we performed multi-
ple rounds of resampling with consistent sizes; the
resulting tree structures demonstrated negligible
variance in leaf node distribution, confirming the
stability of the induction process.

Judge Model and Parameters We employ a
generic SOTA LLM as the Judge Model to drive
the proposal and merging phases. The induction
process is controlled by the following parameters:

* Support Threshold: During the pruning
phase, any leaf node supported by fewer than
N = 5 atomic criteria is considered an out-
lier or overly task-specific. These nodes are
merged into their nearest semantic neighbors
or pruned.

e Structure Hierarchy: We enforce a strict
four-layer hierarchy: Root — Category —
Parent — Capability (Leaf).

* Iterative Refinement: The taxonomy is re-
fined over fixed iterations. In each step, the
Judge Model clusters nodes with semantic re-
dundancy (e.g., merging synonyms) to ensure
a compact representation.

E.2 Taxonomy Structure Visualization

Figure 12 illustrates the final induced taxonomy
Tcap> sShowcasing the hierarchical organization of
the six root anchors into fine-grained capability
requirements.

E.3 Prompt Templates

The prompt used for the Proposal phase (Cap-
Worker), which identifies gaps in the existing tree
and proposes new nodes, is detailed in Figure 11.

F Extended Analysis of Taxonomy
Validity
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#it## System Prompt

the creation of a new node in the CapT.

#i#t## Instructions

reusable skill.
3. Hierarchy Rules:
capability.

category.

#i#t## Output Format

<proposal> <ADD, [path], [name]> </proposal>

#### Input Data

<question> {prompt_text} </question>
<criterion> {criterion_list} </criterion>
<CapT> {cap_tree} </CapT>

You are an expert in knowledge taxonomy and capability analysis.
analyze reasoning criteria against the Capability Tree (CapT) and propose additions where gaps
are identified. A Proposal is a structured command in the format <ADD,path,name> used to suggest

1. Reuse Existing Capability (Top Priority): Traverse the CapT to find the most relevant existing
leaf node that encapsulates the skill described. Try your best to reuse existing nodes.

2. Proposal Formulation: If no match exists, name a new capability node representing a general,

The CapT has a strict four-layer hierarchy:

4. Node Creation: If no suitable parent exists, propose a new parent first under an appropriate

Output your proposals in the following XML-style:
<analysis> [Your reasoning process] </analysis>

Your primary function is to

root > category > parent >

Figure 11: The system prompt for the Candidate Proposal phase in taxonomy construction.

F.1 Detailed Metric Definitions

To quantify the homogeneity of a capability node,
we use the following Leave-One-Out (LOO) met-
rics:

* Global MAE (MAEg): For a given model
M and an atom criterion a, we predict M (a)
as the average score of M across all atoms
in the dataset excluding a. This represents a
structure-agnostic baseline.

* Intra-Node MAE (MAE;): We predict M (a)
as the average score of M across only those
atoms @’ € N (a) where N'(a) is the set of
atoms sharing the same leaf node as a.

The gain A measures the reduction in prediction
uncertainty provided by the taxonomy. A negative
A suggests that the intra-node variance is higher
than the global variance, indicating a poor cluster-
ing of capabilities.

F.2 Baseline Descriptions
The taxonomies compared in Table 3 are defined

as follows:

* Handcraft: A manually defined hierarchy
based on traditional CV task categories.

* Generalist: A broad taxonomy used in
general-purpose LLM evaluations, adapted for
multi-modal tasks.

* Scan (Vis.): A structure derived solely from
visual similarity of the input images using
clustering algorithms.

* No Data: A data-blind tree generated by an
LLM using only the text descriptions of crite-
ria, without considering actual model perfor-
mance.

F.3 Pruning Efficiency and Robustness

Our pruning pipeline serves two purposes: reduc-
ing redundancy and improving generalization. As
observed in Section 4.2, Ours (Final) is more
compact than Ours (No Prune). The decrease
in MAE; (from 18.90 to 18.83) after pruning indi-
cates that several small, fragmented nodes in the
unpruned version were likely capturing noise. By
merging these into statistically significant clusters,
we achieve a more robust representation of model
capabilities. Detailed leaf-node merging logs and
the final tree visualization are available in our repos-
itory.
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G Human Meta-Evaluation and
Improvement Attribution

G.1 Model Fingerprinting Experimental
Protocol

To ensure a rigorous validation of report distinctive-
ness, our blinded matching experiment followed
these steps:

* Anonymized Diagnostic Reports: We pro-
vided qualitative reports generated by ATOM,
masking all model identities. These reports
highlight failure patterns (e.g., “struggles with
spatial relations in low-contrast images”).

¢ Ground-truth Behavioral Evidence: An-
notators were given 30-50 random raw re-
sponses from the two models (M4, Mp) be-
ing compared.

* The Task: Annotators had to link each report
to the model that most likely produced the
observed behaviors. Each pair was evaluated
by 10 independent annotators.

The high accuracy observed across architectures
confirms that the judge model is not generating
generic templates but is sensitive to the specific
error distributions of the target model.

G.2 Sub-Capability Gain Breakdown

The improvement from 1.82 to 3.58 for
InternVL3.5 (as mentioned in Section 4.3)
is not uniform across all tasks. Our analysis reveals
that:

* Reasoning tasks: Saw the highest gain
(+1.92), as the atom-level checkpoints forced
the model to re-examine visual evidence it
previously ignored.

* Trustworthiness: Improved because the di-
agnostic feedback specifically flagged hallu-
cinated entities, causing the model to adopt a
more conservative and grounded generation
strategy.

* Understanding scores: Showed that while
the model had the requisite knowledge, it
often failed to “activate” it without the fine-
grained diagnostic prompts provided by our
framework.

G.3 Clarification on Self-Correction
Attribution

To address potential concerns regarding whether
the performance gains in Section 4.3 stem from
genuine autonomous refinement or merely knowl-
edge transfer from a stronger judge, we clarify the
mechanics of our Criterion-Aware Self-Refinement:

* Strict Information Masking: In this strat-
egy, we strictly mask the ground truth answer
(g¢) and provide only the atomic question (g).
This ensures no answer leakage occurs. The
prompt acts purely as an attention-guiding
mechanism, forcing the model to re-evaluate
neglected visual evidence.

* Internal Capability vs. External Help:
The significant performance gains under this
strictly masked setting demonstrate that the
candidate models often already possess the
latent capability to solve the task, but initially
fail due to “attention drift.” Our diagnostic
prompts simply reactivate this internal capa-
bility.

* Validation of Diagnostic Precision: Ulti-
mately, the primary objective of our self-
correction experiments is not merely to claim
state-of-the-art refinement scores, but to val-
idate the effectiveness and precision of the
ATOM framework. The fact that a model can
autonomously rectify its error when directed
to a specific atomic failure proves that ATOM
accurately pinpoints the true root cause of the
hallucination.

H Diagnostic Analysis Assets

This section complements the Diagnostic Analysis
methodology. We present the concrete statistical
assets generated during the “saturate-and-select”
phase. These visual artifacts serve as the quantita-
tive inputs that enable detailed failure attribution
and model fingerprinting.

We present the full outputs of ATOM’s auto-
mated diagnostic pipeline, illustrating how raw
evaluation data is synthesized into actionable qual-
itative insights. All qualitative diagnostic reports
presented in this section were autonomously gen-
erated by Gemini-2.5-pro, serving as the Judge
Model within our framework. The diagnostic gen-
eration operates at two distinct levels of granularity:
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Comprehensive Analysis (Macro-Level). This
analysis aggregates performance metrics across all
18 evaluated models to identify landscape-level
trends. The quantitative foundation for this re-
port(Figure 13 and Figure 14) is the Global Ca-
pability Heatmap (Figure 17), which visualizes the
proficiency of all models across the full taxonomy
constructed in Appendix E.

Model-Specific Profiling (Micro-Level). To
demonstrate deep-dive diagnostics, we provide a
case study on Qwen3-VL-30B-A3B. Unlike the
macro analysis, this report is grounded in model-
specific visual fingerprints (Figure 16), including
radar charts and fine-grained skill bars. The result-
ing text report, shown in Figure 15, synthesizes
these visual signals to critique the model’s specific
Strengths/Weaknesses, offering a detailed expla-
nation for the performance gaps observed in the
global ranking.

I Qualitative Analysis and Failure Modes

To further illustrate the practical value of ATOM
and address the nuances of our framework, we
provide a qualitative analysis focusing on two as-
pects: demonstrating “capability disentanglement”
(mitigating the “right answer, wrong reason’ phe-
nomenon) and analyzing the failure modes of the
ATOM pipeline itself.

Demonstrating Capability Disentanglement.
Traditional holistic evaluations often suffer from
“Outcome Bias.” For instance, in a complex visual
reasoning task, a model might correctly guess the
final multiple-choice answer while hallucinating
the relative positions of objects in its intermediate
steps. A holistic judge typically rewards this spuri-
ous guess. In contrast, ATOM explicitly disentan-
gles capabilities by evaluating atomic steps. In such
a scenario, ATOM would score the Visual Identi-
fication atom as correct (5/5) but flag the Spatial
Relationship atom as failed (1/5). This granularity
proves that the model possesses basic perceptual
skills but lacks reasoning capability, explicitly ex-
posing the “right answer, wrong reason” flaw.

Failure Modes of the ATOM Framework. De-
spite its robust verification capabilities, we con-
ducted a manual error analysis on ATOM’s gener-
ation pipeline and identified two primary failure
modes:

* Granularity Mismatch: Extremely subtle vi-
sual details might occasionally be overlooked

by the Judge Model during the initial “Cogni-
tive Replay” phase. Consequently, the frame-
work may fail to extract atomic criteria for
these fine-grained features, leading to an in-
complete evaluation checklist.

* Ambiguous Criteria: In rare instances, the
generated atomic criteria may be overly sub-
jective or vaguely phrased, making it difficult
for the scoring module to perform a deter-
ministic verification. However, our human
meta-evaluation on the “Necessity” dimension
(detailed in Appendix C) demonstrates that
such ambiguous cases are highly infrequent,
occurring in less than 10% of the generated
samples.

J Comparison with Other Evaluation
Frameworks

While our main text discusses general MLLM-as-
a-Judge paradigms, it is also important to contrast
ATOM with other evaluation frameworks that em-
ploy fine-grained or checklist-based methods:

¢ Prometheus-Vision (Lee et al., 2024): This
framework relies on fine-tuning specific open-
source models to act as judges. In contrast,
ATOM is a training-free prompting framework
that can leverage any capable off-the-shelf
MLLM without additional training costs.

* MLLM-Bench (Ge et al., 2025) and Judge
Anything (Pu et al., 2025): While these
frameworks also utilize per-sample criteria or
checklists, they heavily rely on human anno-
tation or human-in-the-loop curation, which
limits their scalability. ATOM is fully auto-
mated, generating visually-anchored atomic
criteria via the “Cognitive Replay” mecha-
nism. Furthermore, rather than relying on
fixed taxonomies for static scoring, ATOM
builds a data-driven Dynamic Capability Tree.
This structured diagnosis allows ATOM to
move “Beyond Ranking” to support targeted,
autonomous model self-correction.

K Computational Efficiency and
Scalability

While the ATOM framework introduces a multi-
stage pipeline, it is specifically architected to re-
main highly efficient and scalable for large-scale
leaderboard evaluations. We clarify two key design
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choices that significantly mitigate computational
costs:

* Dataset-Level Preprocessing (‘““Generate
Once, Reuse Infinitely”’): The most compute-
intensive phases (Cognitive Replay and
Atomic Criteria Extraction) are executed as
dataset-level preprocessing rather than per-
model inference. These visually-anchored
criteria are generated only once per sample
and are fixed as a static benchmark reference.
When evaluating a new candidate MLLM,
these extraction stages are completely by-
passed, requiring only the final scoring step.

Single-Pass Atomic Scoring: Contrary to the
potential concern that each atomic criterion
requires a separate API call, ATOM employs
a batch prompting strategy. As illustrated in
Figure 10, all atomic criteria for a given sam-
ple are aggregated into a single system prompt.
The Judge Model evaluates the candidate’s re-
sponse against all fine-grained checkpoints
simultaneously within a single inference call,
ensuring that the evaluation latency and cost
remain comparable to traditional pointwise
judges.

L Ethical Considerations and Human
Evaluation

For the human meta-evaluation and diagnostic val-
idation described in this paper, we recruited 12
human annotators. All participants had graduate-
level training in Computer Science or related fields,
ensuring they possessed the necessary expertise to
serve as subject matter experts in MLLMs.

To facilitate rigorous and granular assessment,
we employed a specialized annotation interface, as
illustrated in Figure 18. This interface presented
annotators with a unified view of the visual inputs,
generated Chain-of-Thought (CoT) analyses, and
atomic criteria, thereby streamlining the verifica-
tion of ground truth and candidate comparisons.

Prior to the evaluation, all annotators were fully
informed of the research’s objectives, the specific
tasks involved via the aforementioned interface,
and the intended academic use of the collected data.
They provided explicit informed consent for their
contributions to be used in this research. To ensure
fair treatment and ethical labor practices, all anno-
tators were compensated with a competitive hourly
wage, which is aligned with the local standard for
research assistants in their region.

The evaluation process did not involve the col-
lection of any personally identifiable information.
Furthermore, we carefully screened the data sam-
ples to ensure they did not contain offensive, harm-
ful, or sensitive content, thereby ensuring a safe
working environment for the annotators.
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Figure 12: Visualization of the Dynamic Capability Taxonomy (7,,). To balance the visualization structure, the
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Table 6:

Detailed list of all tasks and skills (meta-tasks) under image and comprehension.

Task Description

Data

Skill (Meta-Task) # Task Short Name Domain Capability Data Source Number
#l . . Sports image classification Sports Content Recognition, Kaggle, 2023a 50
Behavior Recognition Commonsense Know.
#2 . Creativity,
Code Generation 1 Sketch2html code generation Code Reasoning Ability Kaggle, 2022b 50
1 Fruit disease recognition General Content Recognition Kaggle, 2025b 50
#3 2 Abnormal Heartbeat Patients Medicine Content Recognition Kaggle, 2025a 50
Disease Recognition 3 Pumpkin Leaf Diseases Recognition Biology Content Recognition Kaggle, 2024a 50
4 Leukemia Classification Medicine Content Recognition Kaggle, 2019b 7
1 Multi-Page Letter Document VQA General Content Recognition Tito et al., 2023 50
Etcument Visual 2 Multi-Page Form Document VQA General Content Recognition Tito et al., 2023 50
Question Ans§verin g 3 Multi-Page Poster Document VQA General Content Recognition Tito et al., 2023 50
4 Multi-Page Infographic Document VQA General Content Recognition Tito et al., 2023 50
#5 1 Face emotion recognition General gzx?&iﬁifr}gg&; Kaggle, 2023d 50
Emotion Detection 2 Emotion detection fer Humanities Affective Analysis Kaggle, 2020b 50
#6 . L . . . .
Hallucination Detecti Object Hallucination Detection General, Ethics ~ Content Recognition Liu et al., 2025 50
allucination Detection
e - . Content Recog., .
w7 1 Satellite image caption General Reasoning Ability Luetal., 2017 50
Image Captioning . . . . . Content Recog.,
2 Instagram image caption Humanities, Social Reasoning Ability Kaggle, 2020c 50
. - . Content Recog.,
3 Astronomy image captioning Astronomy Reasoning Ability Alam et al., 2024 50
#8 1 Letter and number ocr General Content Recognition Kaggle, 2021c 50
Image OCR 2 License plate ocr General Content Recognition Kaggle, 2020a 50
#9 .. .
Image Recognition 1 Latex Code Recognition Code Content Recognition Blecher, 2022 50
1 Culture Image VQA Culture Content Recog., Zhang et al., 2025a 50
uita 8 uitw Reasoning Ability 2 ”
2 Geography VQA Geography Reasoning Ability Lu et al., 2022 50
3 Chemistry VQA Chemistry Reasoning Ability Lu et al., 2022 44
4 Mathematical statistical reasoning VQA Mathematics Reasoning Ability Lu et al., 2023 46
5 Medical image QA Medicine Commonsense Know. Kaggle, 2023e 50
#10 6 Sporting-related VQA Sports Content Recognition Lietal., 2022 50
Image Visual 7 Art Image Visual Question Answering Art gontem' Rex)gif Garcia et al., 2020 50
Question Answering easoning Ability
8 Webpage Content VQA General Content Recognition Chang et al., 2022 50
o o . Content Recog., S
9 Reasoning and compositional image QA General Reasoning Ability Hudson and Manning, 2019 50
10 Remote sense VQA Earth Reasoning Ability Wang et al., 2024 50
11 Physics VQA Physics Reasoning Ability Luetal., 2022 50
12 Education-related VQA Education Content Recognition Kembhavi et al., 2017 50
13 Historical MultiSource Dialogue General Content Recognition Lietal., 2022 50
14 Financial Dialogue VQA Finance Content Recognition Liet al., 2022 50
#11 1 Digital Consistency Comparison General Reasoning Ability LeCun 50
Multi-image VQA 2 Pose and Activity Consistency General Action Affective Analysis Lietal., 2014 50
1 Environment Based Next action General Interactive Capability Shridhar et al., 2020 50
:/}21 imodal Dial Description
ultmodal Dialogue 2 Comic Dialogue Completion Art Interactive Capability Iyyer et al., 2017 50
3 Egocentric Daily Tasks Action Planning General Plannmg Ability, - Shridhar et al., 2020 50
Interactive Capability
413 1 Cloth Color Visual Question Answering Fashion Reasoning Ability Han et al., 2017 50
Multimodal Reasoning 2 Visual Step Matching Reasoning General Reasoning Ability Yagcioglu et al., 2018 50
ComicPanel VQA Art Reasoning Ability Iyyeretal., 2017 50
#14 1 Seed counting General gontenl- Re;j)gift Kaggle, 2023f 50
Object Counting Ceaionﬂf ity
2 Vehicle counting General ontent Recog., Hsieh et al., 2017 50
Reasoning Ability
#15
Multimodal Neural 1 Multimodal Neural Translation Linguistics Reasoning Ability Chumpu 50
Translation
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... continued from previous page

SKkill (Meta-Task) # Task Short Name Domain Capability Data Source Number
1 Infrared Thermal Image Classification Infrared Content Recognition Kaggle, 2024b 50
2 Image style classification Art Content Recognition Han et al., 2025 50
3 Famous iconic women Humanities, History Commonsense Know. Kaggle, 2021b 50
#16 4 Animal Recognition Animal Content Recognition Kaggle, 2023b 50
. . 5 Deep fake detection Ethics Content Recognition Yan et al., 2024 50
Object Recognition Content Recog
6 Vegetable recognition General Commonsense Know. Kaggle, 2021a 50
7 Microorganism image classification Biology Content Recognition Kaggle, 2022a 50
8 Dog breeds recognition General Content Recognition Kaggle, 2023c 50
#17 n L.
. 1 Yoga pose classification Sports Content Recognition Kaggle, 2022¢ 50
Pose Recognition
. . . . Content Recog.,
#18 1 Classification of Visual Spatial General . ; Zhao et al., 2022 50
. . . R Spatial Perception
Relation Reasoning Relationship
2 Description of Single Spatial General Cont'em Recog:, Zhao et al., 2022 50
. X Spatial Perception
Relationship
#19 . .. L.
. . 1 Strawberry ripeness recognition General Content Recognition Kaggle, 2023¢g 50
Ripeness Recognition
#20 . . . .
1 Image Scene Graph Parsing General Reasoning Ability Krishna et al., 2017 50
Scene Graph Gen.
#21 . .. L.
L. 1 Terrain recognition Nature Content Recognition Kaggle, 2024c 50
Scene Recognition
#22
Sign Language 1 American Sign Language Recognition Linguistics Content Recognition Kaggle, 2019a 50
Recognition
#23 1 Before After Relationship Caption General Content Recognition Bodur et al., 2024 50
Visual Relation 2 Bird Variation Comparison Description Biology Content Recognition Forbes et al., 2019 50
Inference 3 Multi Image Alteration Description General Content Recognition Johnson et al., 2017 50
a4 1 Cartoon Story Telling General Commonsense Underst. Lietal., 2019 50
. . 2 Sequential Story Completion Humanities Commonsense Underst. Mabharana et al., 2022 50
Visual Storytelling . -
3 Multi-image Next frame Description General Commonsense Underst. Gupta et al., 2018 50
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ATOM Diagnostic Report: Comprehensive Analysis (Page 1/2)

Overview

Relative Performance

The Model Rank Distribution reveals that the Gemini-2.5-pro model dominates the highest ranks,
achieving first place in 62.52% of the samples, significantly outperforming all other models. The
Qwen3-VL-235B-A22B model follows with a strong presence in the top ranks, securing first place in
29.19% of the samples. In contrast, smaller models like InternVL3.5-1B shows lower frequencies
in the top ranks, indicating weaker overall performance compared to larger models.

The Top Tie highlights that tie patterns are relatively rare, with no single pattern occurring more
than 5% of the time. This suggests that most models exhibit distinct performance levels, allowing
for clear differentiation in rankings. However, the presence of ties indicates that some models
perform similarly in certain contexts, particularly among mid-sized models like Qwen3-VL-8B and
Qwen3-VL-30B-A3B, which occasionally share the top rank.

Overall, the ranking pattern demonstrates that larger models, especially Gemini-2.5-pro and Qwen3-
VL-235B-A22B, consistently achieve higher ranks, indicating superior relative capabilities. Smaller
models struggle to compete in the top positions, suggesting a significant performance gap between
large and small models.

Absolutely Capability

The Top-Level Score provides insights into the absolute capabilities of each model across various
top-level skill categories. The Gemini-2.5-pro model excels in most categories, achieving the
highest average scores across all dimensions, including Generation, Knowledge, Perception,
Reasoning, and Trustworthiness. This indicates that the model performs exceptionally well across
a wide range of tasks.

In contrast, the Qwen3-VL-235B-A22B model shows strong performance in Understanding and
Trustworthiness, but its scores in other categories are lower compared to Gemini-2.5-pro. The
Qwen3-30B-A3B model also performs well, particularly in Reasoning and Generation, but it lags
behind in Perception and Knowledge.

Smaller models exhibit lower average scores across all categories, indicating weaker overall capabil-
ities. These models struggle to match the performance of larger models, particularly in complex
tasks requiring advanced reasoning and perception skills.

In summary, Gemini-2.5-pro demonstrates near-perfect performance across all tasks, while Qwen3-
VL-235B-A22B excels in specific areas like Understanding and Trustworthiness. Smaller models,
however, fall short in most categories, highlighting the importance of model size in achieving high
absolute capabilities.

Figure 13: Comprehensive Diagnostic Report generated by ATOM. This automatically synthesized report

identifies macro-level. (Continued on next page)
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ATOM Diagnostic Report: Comprehensive Analysis (Page 2/2)

Model Profiling

Based on the analysis of the provided data, the following key characteristics emerge for each model:

* Gemini-2.5-pro: This model stands out as the most capable, excelling in all top-level skill
categories. Its defining strength lies in its versatility and robust performance across diverse tasks,
particularly in Generation, Reasoning, and Understanding. The model’s ability to maintain
high scores in multiple domains makes it a top choice for complex, multi-faceted tasks.

* Qwen3-VL-235B-A22B: This model excels in Understanding and Trustworthiness, making it
ideal for tasks requiring nuanced comprehension and secure content detection. However, it lags
behind in Generation and Reasoning, indicating a specialization in understanding-based tasks
rather than creative or analytical ones.

¢ Qwen3-VL-30B-A3B: While not as dominant as Qwen3-VL-235B-A22B, this model demon-
strates strong performance in Reasoning and Generation, particularly in narrative and deductive
tasks. However, it struggles in Perception and Knowledge, indicating a specialization in
language-related tasks rather than spatial or factual recall.

* Qwen3-VL-8B: This model shows moderate performance across most categories but lacks
standout strengths. It performs reasonably well in Generation and Understanding but falls
short in Reasoning and Perception, suggesting it is best suited for general-purpose tasks rather
than specialized ones.

* InternVL3.5 Models (1B to 38B): These models exhibit progressively better performance as
their size increases, but they still lag behind the larger models like Qwen3-VL-235B-A22B and
gemini. Their defining characteristic is limited capability in complex reasoning and perception
tasks, making them suitable for simpler, less demanding applications.

* LLaVA Models (4B to 72B): These models show moderate performance in Understanding
and Generation but struggle in Reasoning and Perception. Their defining characteristic is a
focus on visual understanding tasks, but they lack the depth required for advanced reasoning and
spatial perception.

In conclusion, the Gemini-2.5-pro model is the most versatile and capable, while other models
specialize in specific areas such as Understanding, Generation, or Trustworthiness. The size of
the model plays a crucial role in determining its absolute capabilities, with larger models generally
outperforming smaller ones.

Figure 14: Comprehensive Diagnostic Report generated by ATOM. This automatically synthesized report
identifies macro-level.
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ATOM Diagnostic Report: Model Specific Profiling (Case Study: Qwen3-VL-30B-

A3B)
Model Specific: Qwen3-VL-30B-A3B

As illustrated in Figure 16, the radar and bar charts for Qwen3-VL-30B-A3B provide a comprehen-
sive view of the model’s performance across various skills.

Strengths/Weaknesses

The radar charts for Qwen3-VL-30B-A3B provide a comprehensive view of the model’s perfor-
mance across various skills, categorized under Perception & Comprehension and Reasoning &
Generation.

In the Perception & Comprehension category, the model demonstrates strong capabilities in
areas such as Action Recognition (3.56), Emotion Recognition (2.98), and Object Recognition
(2.91). However, it shows notable weaknesses in Depth Perception (1.85) and Object Relationship
Recognition (2.37), indicating potential gaps in understanding spatial relationships and object
interactions.

In the Reasoning & Generation category, the model excels in tasks like Information Consistency
Evaluation (3.23) and Deductive Reasoning (3.58), suggesting robust reasoning abilities. Con-
versely, it struggles with Alternative Categorization (1.15) and Hypothesis Formulation (1.25),
highlighting areas where the model may need improvement in creative and analytical reasoning.

The bar chart further elaborates on these strengths and weaknesses by presenting average normalized
scores for each bottom-level skill. The model performs exceptionally well in Semantic Similarity
(4.67), Information Extraction (4.49), and Translation (4.33), which are critical for understanding
and generating human-like language.

On the other hand, skills like Plausibility Assessment (1.00) and Prerequisite Analysis (1.14)
show significant room for improvement, indicating challenges in assessing logical consistency and
breaking down complex tasks into manageable steps.

The best-performing skills include Semantic Similarity, Information Extraction, and Translation,
reflecting the model’s proficiency in understanding and generating nuanced language. In contrast,
the worst-performing skills are Plausibility Assessment, Prerequisite Analysis, and Alternative
Categorization, suggesting that the model may struggle with tasks requiring creative categorization
and logical assessment.

Figure 15: Comprehensive Diagnostic Report generated by ATOM. This automatically synthesized report
identifies model-specific profiling.
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Figure 16: Model-Specific Diagnostic Fingerprints (Case Study: Qwen3-VL-30B-A3B). (a) & (b) Radar charts
visualize the model’s structural biases across four major dimensions (Perception, Comprehension, Reasoning,
Generation). (c) The granular bar chart serves as the source for specific failure attribution. The Judge Model
synthesizes these visual anomalies (e.g., the sharp drop in specific perception sub-tasks shown in the bar chart) to
generate the final qualitative report.
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