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Abstract. Modern multimodal large language models (MLLMs) achieve
impressive results on vision-language benchmarks, yet existing evalua-
tions judge only final answers, making shortcuts indistinguishable from
genuine understanding. We introduce CRYSTAL ( Clear Reasoning via
Yielded Steps, Traceability and Logic), a diagnostic benchmark with
6,372 instances that evaluates multimodal reasoning through verifiable
intermediate steps. We propose two complementary metrics: Match F1,
which scores step-level precision and recall via semantic similarity match-
ing, and Ordered Match F1, which further penalizes disordered reasoning
chains. References are constructed through a Delphi-inspired pipeline
where four independent MLLMs generate trajectories, aggregated via
semantic clustering and validated through human quality gates. Evalua-
tion of 20 MLLMs, including commercial frontier systems not used during
benchmark construction, reveals systematic failures invisible to accuracy:
universal cherry-picking (precision far exceeds recall), non-monotonic
scaling trade-offs, and disordered reasoning, where even the strongest
reasoners preserve under 60% of matched steps in correct order. Beyond
evaluation, we propose the Causal Process Reward (CPR), a mul-
tiplicative reward that couples answer correctness with step-level align-
ment, and CPR-Curriculum, which progressively increases reasoning
difficulty during training. CPR-Curriculum achieves +32% Match F1 via
GRPO where additive reward strategies fail, improving reasoning with-
out manual step annotation.

Keywords: Multimodal reasoning - Vision-language models - Bench-
mark - Process evaluation - Reinforcement learning

1 Introduction

Modern multimodal large language models (MLLMs) have achieved impressive
performance on vision-language benchmarks by integrating pretrained visual en-
coders with large language models [24.42/|46]. Datasets such as MathVista [24]
consolidate diverse mathematical reasoning tasks, while RealWorldQA [46] chal-
lenges models with spatial understanding in real-world images. Yet a critical
limitation persists: these benchmarks judge performance by final answers alone.
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Q: Which of the 3 objects is the smallest?
A. Right B. Left C. Middle Ground-Truth: C

Model Answer: C v Accuracy: 100% (reasoning invisible)

Model’s Predicted Steps

Three gaming consoles on desk Contradiction!

Middle is larger than others Claims larger

Most powerful based on size but answers
Input image Final Answer: C smallest

Match F1: 0.15 Accuracy: 100%

Fig.1: The lucky guess problem. LLaVA-v1.6-7B answers correctly (C) but con-
tradicts itself by claiming the middle console is larger while selecting it as smallest.
Previous benchmarks score 100%; CRYSTAL compares the model’s predicted steps
against reference reasoning steps via Match F1 (0.15), exposing flawed reasoning.

Without observing intermediate steps, shortcuts become indistinguishable from
genuine understanding [55]. Recent theoretical analysis shows that answer-centric
evaluation structurally incentivizes hallucination by penalizing models that sig-
nal uncertainty [19]. This motivates evaluation frameworks that assess how mod-
els reason, not merely whether answers are correct.

Consider the example in Figure [I] from RealWorldQA, which asks “ Which
of the 8 objects is the smallest?” given an image of three Xbox consoles. A
model answers correctly (C: middle console), but its reasoning reveals a critical
contradiction: it states the middle console is larger than the others while claim-
ing it is the smallest. Traditional benchmarks award full credit to this “lucky
guess” despite fundamentally flawed reasoning (Match F1: 0.15). When reason-
ing trajectories remain unobserved, systematic errors in perception or logic go
undetected, and models exploit evaluation shortcuts rather than develop genuine
understanding. Recent work addresses this by separating rationale generation
from answer inference [5,[55]. However, elicited steps typically lack structured
checkpoints for machine-verifiable evaluation [48|, and rarely expose where in
the reasoning chain a failure originates |55].

We introduce CRYSTAL ( Clear Reasoning via Yielded Steps, Traceability
and Logic), a diagnostic benchmark with verifiable intermediate checkpointsﬂ
FEach instance contains reasoning steps scored via two novel metrics: Match F1,
which evaluates step-level precision and recall through semantic similarity match-
ing, and Ordered Match F1, which further penalizes disordered reasoning chains.
By exposing the intermediate steps, CRYSTAL makes visible where a model’s

! Benchmark and data: https://huggingface.co/datasets/waybarrios/CRYSTAL;
code: https://github.com/SEE-AI-Lab/crystall


https://huggingface.co/datasets/waybarrios/CRYSTAL
https://github.com/SEE-AI-Lab/crystal

CRYSTAL: Transparent Multimodal Reasoning Evaluation 3

reasoning breaks down, whether at perception or inference, rather than collaps-
ing every failure into a single binary outcome.

We construct references through a Delphi-inspired pipeline [30]: four indepen-
dent MLLMs from different families generate trajectories, which are aggregated
via semantic clustering and validated by a fifth model plus human quality gates
(Section [3.1)).

Beyond evaluation, CRYSTAL’s step-level references enable a new training
paradigm. Standard reinforcement learning rewards combine accuracy and rea-
soning as independent additive terms, allowing models to maximize accuracy
through guessing while ignoring reasoning quality. We propose the Causal Pro-
cess Reward (CPR), which multiplicatively couples both objectives: the model
receives full reward only when it answers correctly and produces faithful reason-
ing steps. We further introduce CPR~Curriculum, which stabilizes learning by
progressively increasing reasoning difficulty during training.

Our contributions: (i) CRYSTAL, a diagnostic benchmark with 6,372 in-
stances containing verifiable intermediate reasoning steps for fine-grained eval-
uation; (ii) Match F1 and Ordered Match F1, two complementary metrics that
measure step-level reasoning quality via semantic similarity matching and penal-
ize disordered reasoning chains, respectively; (iii) CPR and CPR-Curriculum,
multiplicative reward strategies that improve both accuracy and Match F1 via
GRPO [37] without manual step annotation; (iv) evaluation of 20 MLLMs re-
vealing universal cherry-picking behavior, persisting even in commercial frontier
systems not used during benchmark construction.

2 Related Work

Answer-Centric Benchmarks. Recent evaluation suites remain largely answer-
centric despite broader scope. MathVista and MathVision probe mathematical
reasoning with 3,040 competition-level problems across 16 disciplines [24}[42],
MMMU targets expert-level multi-discipline understanding [52], while SUGAR-
CREPE and VisMin isolate compositional failures through minimal-pair con-
trastive examples [1}[15]. MMFEvalPro calibrates multimodal benchmarks with
triplet-based evaluation to reduce lucky guessing [17], and LIME demonstrates
that carefully curated subsets can match full-benchmark signal at lower cost [57].
Despite their breadth, these benchmarks score only final answers, limiting visi-
bility into intermediate reasoning.

Process Evaluation & Decoupling. Complementary work evaluates reason-
ing processes through intermediate steps. Multimodal-CoT separates rationale
generation from answer inference to reduce hallucination [55|, Visual CoT and
Visual Sketchpad provide step-annotated rationales and diagrammatic chains of
thought [16,36], while MME-CoT benchmarks CoT quality and robustness |18].
CoMT requires multimodal outputs (creation, deletion, update, selection) [5],
and MINERVA evaluates complex video reasoning with LLM judges for multi-
step temporal inference [29]. Decoupling approaches like Prism and ViperGPT
separate perception from symbolic reasoning [33}|40], and MPBench emphasizes
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Table 1: Key statistics of CRYSTAL.

Statistic Value Source Count
Total examples 6,372 MathVision [42] 3,039 (47.7%)
Avg. steps 11.6  ScienceQA-IMG |25] 2,017 (31.7%)
Step range 3-42 RealWorldQA [46] 765 (12.0%)
Easy / Med / Hard  48.5 / 44.1 / 7.4% MMVP |4]1| 299 (4.7%)
Annotation Multi-agent + human PlotQA |28| 252 (3.9%)

trajectory-level scoring [48]. These motivate machine-checkable, step-level veri-
fication of reasoning chains.

Evaluation Methodology & Hallucination. Binary answer-centric evalua-
tion structurally incentivizes hallucination by penalizing abstention over guess-
ing, favoring confident incorrect predictions over calibrated uncertainty [19]. This
misaligns evaluation with trustworthy deployment. Our work addresses this by
evaluating reasoning processes: Match F1 rewards semantically justified steps
while penalizing spurious reasoning (low precision) and incomplete coverage (low
recall), aligning incentives with transparent, verifiable inference.

Robustness & Reliability. Trustworthy reasoning requires robustness and
calibration. MultiTrust covers truthfulness, safety, and fairness across 32 tasks
[54]. MLLMs remain vulnerable to adversarial attacks despite instruction tun-
ing [6], while calibration methods like Self-Calibrated Tuning and CaRot im-
prove OOD detection [311/50]. Real-world benchmarks reveal persistent gaps in
long-horizon multimodality [53|, and compositional probes expose sensitivity to
minimal changes [1,/15]. Our design emphasizes deterministic step graders and
trajectory coherence at the process level.

3 CRYSTAL Dataset & Benchmark

We introduce CRYSTAL (Clear Reasoning via Yielded Steps, Traceability
and Logic), a diagnostic benchmark that evaluates multimodal reasoning step
by step. Unlike traditional VQA benchmarks that only assess final answer cor-
rectness, CRYSTAL provides each question with a sequence of natural language
reference reasoning steps that capture the intermediate inferences required to ar-
rive at the correct answer. These references are generated through a multi-agent
framework (Section that aggregates outputs from independent MLLMs via
semantic clustering, ensuring diverse yet high-quality reasoning paths. CRYS-
TAL spans 6,372 questions covering visual perception, compositional reasoning,
spatial relations, counting, and logical inference. Evaluation compares predicted
steps against references using semantic similarity matching (Match F1) along-
side answer accuracy, enabling fine-grained analysis of where and why models
fail. Table [I] summarizes key statistics.

Figure[2]illustrates representative examples from CRYSTAL spanning diverse
reasoning scenarios. Each instance combines visual inputs with natural language
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RealWorldQA MMVP ScienceQA

Q: In which direction is the  Q: Can you see the key “Z” in  Q: Which organism contains

dog traveling? the image? matter from lichen?

GT: Left to Right GT: No GT: Mushroom

Reference Steps (6): Reference Steps (10): Reference Steps (15):

1. Person walking dog across 1. The image shows a close-up 1. Food web shows energy
street. of keyboard keys. flow.

2. Dog’s head turned toward 2. Foreground keys include a 2. Arrows = matter transfer
right. key labeled ‘9’ with ‘Pg Up’ direction.

3. Body orientation indicates text. 3. Lichen at bottom level.
rightward movement. 3. Another visible key is la- 4. Arrow from lichen to mush-

4. Motion blur suggests active beled ‘6’ with a right arrow. room.
movement. 4. Other keys in view carry 5. Mushroom consumes lichen

5. Leash extends from left to navigation labels rather matter.
right. than letters. 6. Mushroom contains lichen

6. Dog traveling left to right. [6 more steps] matter.
[9 more steps|

Fig.2: CRYSTAL spans diverse multimodal reasoning scenarios. Three ex-
amples: (Left) RealWorldQA (spatial understanding), (Middle) MMVP (fine-grained
perception), (Right) ScienceQA (multi-hop logic). Parentheses give the reference step
count per example.

questions and verifiable step-by-step reasoning paths, enabling fine-grained eval-
uation of where models succeed (correct perception, valid inference) versus where
they fail (hallucinated objects, logical errors).

3.1 Multi-Agent Reasoning Step Generation

Each input consists of a question ), an image I, and the correct answer A. Our
goal is to produce an ordered sequence of minimal reasoning steps necessary to
derive A from @ and I. The pipeline comprises four phases with two iterative
quality gates inspired by the Delphi method .

Phase 1: Independent generation. Four open-source MLLMs from differ-
ent architecture families (Qwen2.5-VL-72B , InternVL3-76B , Gemma3-
27B , and Llama-4-Maverick ) independently generate candidate reason-
ing steps from the triplet (@, I, A), using distinct random seeds to reduce corre-
lated errors .

Phase 2: Semantic clustering and ordering. We embed all candidate steps
using a sentence encoder f(-) and compute pairwise cosine similarity. Steps with
similarity > 7 form edges in an undirected graph; connected components define
semantic clusters {Cj}, each grouping paraphrastic formulations of the same
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reasoning step. For each cluster, we select the representative minimizing average
within-cluster dissimilarity:

1

T} = arg min —— 1 —sim(x,y)). 1

Representatives are ordered into a coherent reasoning chain. On the first Delphi
round, ordering follows the original question logic. On each subsequent round
t, the ordering is updated by minimizing edit distance to the previous round’s
sequence, stabilizing step order across refinements. This clustering effectively
implements self-consistency voting [45] at the step level.

Phase 3: Automated validation. A fifth MLLM (Molmo-72B [9]) validates
logical soundness, sequence coherence, visual grounding in I, and consistency
with answer A. Failed examples re-enter Phase 1 with fresh seeds (Iteration
Loop 1): new candidate steps are generated, re-clustered, and re-validated, mir-
roring Delphi consensus building where contributors revise proposals after ag-
gregated feedback [30].

Phase 4: Human quality gate. A trained annotator verifies that perceptual
claims are visible in I, reasoning transitions are logically sound, and executing
the steps yields A. Rejected examples restart from Phase 1 (Iteration Loop 2);
fewer than 5% require re-iteration. Together, both loops form a closed refinement
cycle that mirrors multi-annotator label aggregation [7,34]. The supplementary
material visualizes the overall pipeline workflow and provides prompt templates,
annotator guidelines, and the annotation interface.

3.2 Evaluation Metrics

We evaluate models via two metrics: Match F1 measures step-level reasoning
quality through semantic similarity matching, while Accuracy measures final
answer correctness.

Match F1. Given predicted steps P; = {p;;} and reference steps G; = {gs1} for
example i, we compute pairwise cosine similarity using sentence encoder f(-):

Sjk = cos(f(pij), fgin))- (2)

Steps are matched via greedy 1:1 assignment over pairs with Sj; > 7 (threshold),
producing a set of matched pairs A;. We define true positives TP; = |.A4;|, false
positives FP; = |P;| — TP;, and false negatives FN; = |G;| — TP;. Precision and

recall are:
TPZ‘ TPi

———, Recj= ————. 3
max{|P;|, 1} " max{|G|,1} (3)
Per-example F1 combines precision and recall via harmonic mean (0 if both
denominators are non-empty yet TP, = 0; 1 if |P;| = |G;| = 0). Dataset-level
Match F1 is the macro-average over all N evaluation examples:

Prec, =

N
1
Match-F1 = — ; F1,. (4)
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We use all-distilroberta-vl [35] with 7 = 0.35 (selected via ablation in
Section .
Ordered Match F1. We extend Match F1 with the Longest Increasing Sub-
sequence (LIS) ratio [10] to penalize disordered chains. Given m=|.A;| matched
pairs, we sort them by reference index and extract the corresponding prediction
indices (j1,...,Jm). The LIS ratio measures the fraction of these indices that
form a non-decreasing subsequence:

LIS-ratio; = M (5)

m

Ordered Match F1 combines content quality with ordering:
Ordered-F1; = F1; - ((1 — a) + o - LIS-ratio;), (6)

with a=0.3. When a=0, this reduces to standard Match F1.

Accuracy. Answer correctness uses type-adapted comparison: tolerance-based
matching for numerics, exact matching for categoricals, and LLM-as-judge for
free-form text, macro-averaged over all examples.

3.3 Causal Process Reward

Standard reward formulations for reinforcement learning from reasoning com-
bine accuracy and reasoning quality additively (e.g., R = wyRm + WeRacc +
Wy Rycason, Where wy, w,, w, weight format compliance, answer accuracy, and
reasoning quality respectively; see the supplementary material), allowing the
accuracy term to dominate and the model to maximize reward by guessing cor-
rectly while omitting reasoning steps. We propose the Causal Process Reward
(CPR), which uses a multiplicative interaction that causally links answer cor-
rectness to step-level alignment:

(7)

R Qw + Sw - Flgep  if answer correct
CPR = .
Suw - Flggep - A otherwise

where a,, is the answer bonus, s,, is the step bonus (weighting reasoning qual-
ity), Flgep is the step-level Match F1 between predicted and reference steps,
and A\ = 0.3 penalizes wrong answers. Under this formulation, a correct guess
without reasoning receives only a,, (no step bonus), while good reasoning with
a wrong answer is heavily discounted, ensuring neither objective can be inde-
pendently maximized. We extend CPR with CPR-Curriculum, a two-phase
training strategy inspired by staged reward shaping [8]. Phase 1 trains with only
format and accuracy rewards (no reasoning signal) to establish stable answer
generation. Phase 2 initializes from the Phase 1 checkpoint and introduces the
full CPR reward at a lower learning rate, preserving the accuracy foundation
while adding reasoning supervision. Within Phase 2, we apply progressive dif-
ficulty scheduling: training begins with examples having fewer reference steps
(simpler reasoning chains) and gradually introduces examples with more steps
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(complex multi-hop reasoning), preventing early-stage collapse before the model
learns to generate structured reasoning. Since accuracy and reasoning can pro-
duce conflicting gradients, both strategies use PCGrad [51] to project conflicting
gradient components, preventing one objective from undermining the other dur-
ing optimization.

4 Experiments

We evaluate 20 MLLMs (16 open-source, 1B-38B; 4 commercial) on CRYS-
TAL. Our experiments address: (i) step-level performance beyond accuracy,
(ii) cherry-picking in commercial frontier models, (iii) reasoning step ordering,
and (iv) step-level rewards for training.

4.1 Experimental Setup

Dataset. CRYSTAL contains 6,372 questions from five benchmarks (MathVi-
sion [42] 47.7%, ScienceQA-IMG [25] 31.7%, RealWorldQA [46] 12.0%, MMVP [41]
4.7%, PlotQA [28] 3.9%), averaging 11.6 reasoning steps per question (Table|[I).
Questions are stratified by complexity: easy (48.5%, 8.6 steps), medium (44.1%,
13.3 steps), hard (7.4%, 20.5 steps), using model-agnostic features (step count,
question length, linguistic markers).

Baselines. We evaluate 20 MLLMs spanning open-source and commercial sys-
tems. Open-source (16 models): Qwen2.5-VL (3B, 7B, 32B) [43], Qwen3-VL (2B,
8B, 32B) [2|, InternVL3.5 (1B to 38B) |44], Gemma3 (4B, 12B) [12], Llama 3.2-
11B [26], LLaVA-v1.6 (7B) [23], and MiniCPM-v2.6 (8B) [49]. Commercial (4
models): GPT-5, GPT-5-mini, GPT-5.2 Instant |32, and Gemini 2.5 Flash |13].
All models use official endpoints or pretrained checkpoints without task-specific
fine-tuning. Crucially, commercial models were not used in the CRYSTAL refer-
ence generation pipeline, providing an unbiased assessment of whether observed
patterns generalize to frontier systems.

Metrics. Accuracy measures final answer correctness via fuzzy matching; Match
F1 evaluates step-level reasoning through semantic similarity matching (all-
distilroberta-vl, 7 =0.35). Match F1 combines precision (fraction of predicted
steps aligned with references) and recall (fraction of reference steps covered).
GRPO Training Data. For the GRPO training experiment [37], we use 30,312
examples from ScienceQA-IMG [25] (6,218 samples) and TextVQA [38] (24,094
samples), generated via the pipeline from Section The supplementary mate-
rial provides the complete pipeline workflow diagram, prompt templates, bench-
marking settings, GRPO training configuration, and qualitative examples.

4.2 Main Results

Table [2| presents evaluation results across 20 MLLMs, revealing systematic gaps
between answer correctness and reasoning transparency.
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Table 2: Evaluation of 20 MLLMs on CRYSTAL. Match F1 (all-distilroberta-
vl, 7=0.35): step-level reasoning quality; P/R: step precision/recall; LIS: fraction of
matched steps in correct order; Ord. F1 (a=0.3): order-penalized Match F1. Top three
per column in green, blue, yellow.

Model Params Accuracy Match F1 P R Steps LIS Ord. F1
Commercial MLLMs

GPT-5 |32] n/a 57.99% 0.612 0.925 0479 529 0.636  0.539
GPT-5-mini |32] n/a 55.59% 0.773 0.978 0.669 7.57 0.560 0.670
GPT-5.2 Instant |32 n/a 47.35% 0.564 0.974 0.416 4.64 0.648 0.501
Gemini 2.5 Flash |13 n/a 53.95% 0.673 0.701 0.765 17.10 0.584  0.579
Quwen Family

Qwen3-VL-8B |2 8B 57.66% 0.659 0.827 0.590 7.37 0.624  0.572
Qwen3-VL-32B |2 32B 49.22% 0.718 0.819 0.704 10.56 0.581 0.617
Qwen2.5-VL-32B [43| 32B 47.63% 0.653 0.943 0.524 5.86 0.619 0.572
Qwen3-VL-2B |2 2B 34.15% 0.595 0.726 0.535 594 0.669 0.515
Qwen2.5-VL-7B [43| 7B 30.43% 0.475 0.765 0.365 4.07 0.717  0.422
Qwen2.5-VL-3B [43| 3B 39.85% 0.480 0.898 0.347 3.73 0.723  0.434
Intern VL Family

InternVL3.5-38B [44] 38B 51.21% 0.612 0.892 0.498 5.76 0.643  0.538
InternVL3.5-8B [44] 8B 51.98% 0.530 0.882 0.416 4.96 0.692  0.469
InternVL3.5-4B |44] 4B 37.61% 0.432 0.895 0.325 3.75 0.775  0.387
InternVL3.5-2B |44] 2B 33.02% 0.469 0.725 0.371 3.92 0.731 0.415
InternVL3.5-1B [44| 1B 30.13% 0.330 0.616 0.243 2,51 0.807 0.297
Other Open-Source

Gemma3-12B [12] 12B 33.83% 0.605 0.838 0.499 5.51 0.673 0.534
Gemma3-4B [12] 4B 28.65% 0.618 0.878 0.506 5.72 0.668  0.547
Llama 3.2-11B |26] 11B 24.83% 0.471 0.713 0.379 4.19 0.726  0.415
LLaVA-v1.6-7B 23] 7B 24.66% 0.512 0.961 0.370 3.94 0.675 0.459
MiniCPM-v2.6-8B [|49] 8B 25.54% 0.215 0.709 0.134 131 0.854 0.186

Finding 1: Cherry-picking is near-universal. 19 of 20 models exhibit pre-
cision substantially exceeding recall (ratios 1.2x to 5.3x), including commercial
systems absent from the reference pipeline: GPT-5 (P/R=0.925/0.479), GPT-
5-mini (0.978/0.669), and GPT-5.2 Instant (0.974/0.416). The sole exception
is Gemini 2.5 Flash, which generates 17.10 steps per question (vs. 11.6 refer-
ence average) with recall (0.765) exceeding precision (0.701). The persistence
of cherry-picking across scales (1B to frontier) and 7 model families suggests
a fundamental misalignment between training objectives and reasoning trans-
parency [19]. Even GPT-5 (57.99% accuracy) recovers only 47.9% of reference
steps. Importantly, commercial models were not part of the reference generation
pipeline, yet GPT-5-mini achieves the highest F1 (0.773) and Gemini the highest
recall across all 20 models, confirming that Match F1 captures genuine reasoning
quality without benchmark construction bias. Low recall reflects genuine omis-
sions rather than over-complete references: Gemini 2.5 Flash attains 0.765 recall
(coverage is achievable), while models generating few steps (LLaVA-v1.6: 3.94,
GPT-5.2 Instant: 4.64) still reach >0.96 precision, aligning with references yet
omitting intermediate reasoning.
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Finding 2: Accuracy and reasoning fidelity diverge. GPT-5 leads accu-
racy (57.99%) but ranks 8th in F1 (0.612), while GPT-5-mini leads F1 (0.773) at
lower accuracy (55.59%). Cross-family comparisons reveal architectural choices
dominate scale: Gemma3-4B (0.618 F1) outperforms InternVL3.5-38B (0.612 F1)
despite 9.5x fewer parameters [22,/39]. Models like LLaVA-v1.6 (0.961 preci-
sion, 3.94 steps) and GPT-5.2 Instant (0.974 precision, 4.64 steps) achieve near-
perfect step accuracy by generating fewer, safer steps, masking reasoning failures
through confident omissions [4,/47]. This divergence is enabled by the structure
of the evaluation: 36.4% of CRYSTAL questions are multiple-choice or binary
(ScienceQA-IMG, MMVP), where models can exploit statistical regularities in
answer distributions and surface-level visual cues to select correct answers with-
out complete reasoning [11,{14]. This motivates step-level rewards that explicitly
incentivize reasoning coverage (Section .

Finding 3: Scaling exhibits non-monotonic reasoning trade-offs. Within
model families, scaling parameters does not uniformly improve both accuracy
and reasoning quality. Qwen3-VL-32B achieves 0.718 F1 (2nd overall) but lower
accuracy (49.22%) than Qwen3-VL-8B (57.66%, 0.659 F1), indicating that the
larger model produces more thorough reasoning chains at the cost of answer cor-
rectness. Conversely, InternVL3.5-4B yields lower F1 (0.432) than InternVL3.5-
2B (0.469) despite higher accuracy (37.61% vs. 33.02%), suggesting that scale
can improve answer extraction while suppressing reasoning coverage. These non-
monotonic patterns demonstrate that accuracy and reasoning quality respond
differently to parameter scaling 39|, reinforcing the necessity of joint evaluation
through metrics like Match F1.

4.3 Reasoning Order Analysis

Match F1 measures what steps are present but not whether they appear in a
logically coherent sequence. Using Ordered Match F1 (Eq. @, which penalizes
out-of-sequence steps via the LIS ratio (Eq. , we evaluate whether models
organize reasoning chains in the correct order. The last two columns of Table [2]
report LIS and Ordered F1 across all 20 MLLMs.

Finding 4: No model preserves coherent reasoning order. Among the top
reasoners by Match F1 (> 0.66), no model preserves more than 60% of matched
steps in the correct relative order. GPT-5-mini achieves the highest Ordered
F1 (0.670) but with LIS =0.560, meaning 44% of its matched steps appear out
of sequence. Qwen3-VL-32B (LIS=0.581) and Gemini 2.5 Flash (LIS =0.584)
show similar ordering degradation despite strong Match F1. Notably, LIS alone
can be misleading: smaller models such as InternVL3.5-1B (LIS =0.807) and
MiniCPM-v2.6 (LIS =0.854) achieve high ratios simply because generating 2
to 3 matched steps is trivially ordered regardless of reasoning quality. Ordered
Match F1 accounts for this by weighting LIS with Match F1, ensuring that high
ordering scores require substantive step coverage.

Finding 5: Ordering is orthogonal to cherry-picking. Comparing Find-
ings 1 to 3 with ordering results reveals that cherry-picking (high precision, low
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recall) and disordered reasoning are independent failure modes. GPT-5.2 In-
stant (precision 0.974) cherry-picks aggressively yet maintains moderate order
(LIS = 0.648), while Gemini 2.5 Flash, the only model with recall exceeding pre-
cision, achieves comparable ordering (0.584). This suggests that current MLLMs
retrieve relevant reasoning steps but fail to organize them into coherent chains
regardless of their coverage strategy, pointing to a fundamental gap in sequential
reasoning that training objectives do not address.

4.4 Ablation Studies

We conduct 100 experiments testing 4 sentence encoders across 5 thresholds
(r € {0.30,0.35,0.40,0.45,0.50}) on 5 baselines. Figure [3[ shows encoder choice
dominates threshold selection: DistilRoBERTa-v1 [35] achieves 0.520 F1 ver-
sus 0.471-0.479 for competitors, with 4-8pp advantages transferring across all
model families. Threshold variation yields only 2-3pp swings, confirming that
evaluation reliability depends on encoder quality independent of the model be-
ing evaluated. Critically, model rankings remain stable across all 20 encoder-
threshold configurations, indicating that the matching captures consistent se-
mantic relationships rather than artifacts of a particular similarity function.
This cross-encoder stability serves as an empirical proxy for human alignment:
if the matching were unreliable, different encoders would produce contradictory
rankings. We adopt all-distilroberta-v1l with 7=0.35, and validate the matching
directly against human judgment below.

Match F1 b) Precisi Recall
(a) Matcl 095 (b) Precision o (c) Recal

MiniLM-L12
055 0.90 055 ~o— MinilM-L6
085 050 ~9- DistilRoBERTa
A MPNet

0.50 2 0.80

§ors
| &

04 5 i 0r0{ e
- o 0.65{ %
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0.30 035 045 050 030 035
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Similarity Threshold (t) Similarity Threshold (t) Similarity Threshold (t)

Fig. 3: Ablation: encoder and threshold. 4 encoders across 5 thresholds, averaged
over all models. (a) all-distilroberta-v1 achieves the highest Match F1 (44.9pp at
7 = 0.35). (b—c) higher thresholds reduce precision and recall for most encoders, while
DistilRoBERTa stays stable. We select 7 = 0.35.

Human agreement. A benchmark metric is only as trustworthy as its agree-
ment with human semantic judgment. We sample 100 (predicted step, reference
step) pairs from three models spanning the performance spectrum: GPT-5 [32]
(57.99% acc.), Qwen2.5-VL-7B [43] (30.43%), and Llama 3.2-11B [26] (24.83%).
To stress-test the decision boundary, we stratify pairs by cosine similarity: 33
low (<0.20), 33 borderline (0.20-0.50), and 34 high (>0.50). A human annota-
tor labels each pair as semantically equivalent or not, blinded to the encoder’s
score and decision; this adversarial sampling over-represents hard cases, yielding
a conservative estimate of agreement.
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Table 3: Human agreement with embedding-based step matching. Agreement
between the encoder’s decisions and a blinded human annotator on 100 step pairs
stratified by cosine similarity. Agreement is perfect below the operating threshold (7=
0.35); disagreements stay in the ambiguous borderline zone.

Similarity Band Pairs Agreement Note

< 0.20 33 100.0%  No false matches
[0.20,0.35) 14 100.0%  No false matches
[0.35,0.50) 19 68.4% Borderline zone
[0.50,0.70) 25 64.0% Borderline zone
> 0.70 9 88.9% Clear matches
Overall 100 84.0% k= 0.534

Below the operating threshold (7 = 0.35), encoder and annotator agree on
every pair (47/47): the encoder never produces a false match on seman-
tically unrelated steps, the most critical property for a benchmark metric,
since false matches would inflate scores and mask reasoning deficiencies. Overall
agreement is 84% (x=0.534), consistent with inter-annotator rates for compa-
rable tasks [35]; all 16 disagreements are false positives, cases where the encoder
proposes a match the annotator declines, and they concentrate in the borderline
band (15 at 0.35 < sim < 0.70, one at sim > 0.70) where semantic equivalence
is genuinely ambiguous. The encoder produces no false negatives, and because
this stratified sampling deliberately over-represents borderline pairs, effective
agreement in normal evaluation exceeds 84%.

Order metric selection. We compare two candidates for measuring step order-
ing in Ordered Match F1: Kendall’s Tau (normalized to [0, 1]) and LIS ratio
(Eq. [f). Figure [4] reports both metrics on a representative subset of six models
deliberately spanning strong (GPT-5-mini, Qwen3-VL-32B), moderate (Gem-
ini 2.5 Flash, GPT-5), and weak (InternVL3.5-1B, MiniCPM-v2.6-8B) reasoning
profiles to stress-test discrimination across the full performance spectrum.

0.9

m Kendall's T,
M LIS ratio

0.8

0.7

Score

0.6

0.5

v2.6

GPT-5 Qwen3 Gemini GPT-5 InternVL MiniCPM
3.5-1B

mini 32B Flash

Fig.4: Order metric comparison on a representative subset of 6 models.
Both metrics rise for weak models generating few steps, but LIS ratio provides wider
inter-group discrimination (0.56-0.85 vs. 0.58-0.81), clearly exposing trivially ordered
few-step outputs.
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Kendall’s 7, shows limited discrimination: GPT-5-mini (7.57 steps, 7, =
0.586) and InternVL3.5-1B (2.51 steps, 7, =0.751) differ by only 0.165 points. LIS
ratio exposes this contrast more clearly (0.560 vs. 0.807, gap of 0.247), reflecting
that models generating few matched steps achieve trivially high ordering. We
adopt LIS for its wider dynamic range and direct interpretability as the fraction
of steps readable in correct order.

4.5 Reinforcement Learning with Step-Level Rewards

A key question is whether CRYSTAL can guide model improvement through
training, not just evaluation. We apply our Causal Process Reward (CPR) and
CPR-Curriculum (Section as GRPO [37] reward strategies to two architec-
turally distinct models under identical reward weights, learning rate, and data:
Qwen2.5-VL-3B-Instruct |43] and InternVL3.5-4B [44], the latter pairing an In-
ternViT encoder with a Qwen3-based backbone (4xA100, DeepSpeed ZeRO-3;
full hyperparameters in the supplementary material). Both baselines already ap-
pear in Table[2] so the comparison rests on pre-existing references. Table [d]shows
CPR-Curriculum simultaneously improves accuracy and Match F1 on both:
Qwen gains +7.67pp accuracy and +0.153 F1, while InternVL gains 4+8.15pp and
+0.401 F1, its recall more than doubling (0.325—0.811) as it expands from 3.75
to 9.49 steps, exceeding even Qwen3-VL-32B’s coverage (0.704 recall, Table [2))
at 8x fewer parameters. Both show a small LIS drop (longer chains add ordering
noise) yet higher Ordered F1, so content gains outweigh the ordering cost. With
no architecture-specific tuning, CPR-Curriculum is not a Qwen-specific artifact
but a reward formulation that transfers across multimodal architectures, im-
proving reasoning without manual step annotation (qualitative examples in the
supplementary material).

Table 4: GRPO with step-level rewards. CPR-Curriculum improves both accu-
racy and Match F'1 over the base model on two architecturally distinct backbones, using
identical reward weights and protocol. All metrics use all-distilroberta-v1, 7=0.35.

Configuration Acc (%) Match F1 Prec Rec Steps LIS Ord. F1
Qwen2.5-VL-3B
Baseline 39.85 0.480 0.898 0.347 3.73 0.723 0.434
CPR-Curriculum 47.52 0.633 0.963 0.493 5.10 0.626 0.560
A +7.67 +0.153 +0.065 +0.146 +1.37 —0.097 +0.126
InternVL3.5-4B
Baseline 37.61 0.432 0.895 0.325 3.75 0.775 0.387
CPR-Curriculum  45.76 0.833 0.903 0.811 9.49 0.562 0.719
A +8.15 +0.401 +0.008 +40.486 +5.74 —0.213 +0.332

Reward Strategy Comparison. We compare four reward strategies (Table
to isolate the effect of step-level supervision. The Composite reward combines
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Match-F1 Trajectory: Four GRPO Strategies Accuracy Trajectory: Four GRPO Strategies

Match-F1
Accuracy (%)

30

Hard collapse

] 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
Training Step Training Step

Fig. 5: Training dynamics. Left: Match F1; Right: Accuracy. Composite and Answer-
Only diverge to NaN gradients by step 1,500 (Composite collapses at 600), while CPR
variants train stably through 2,800 steps.

format, accuracy, and reasoning terms additively (R = w¢Remt + WaRace +
Wy Ryeason ), allowing the model to maximize each independently, achieving high
accuracy through guessing while producing minimal reasoning. Answer-Only re-
moves reasoning (w, = 0) as a control. CPR and CPR-~Curriculum use multi-
plicative coupling (Eq.[7]) with initial weights a,, =0.65, s,, =0.35; we ablate this
choice in Table

Table 5: Reward strategy comparison. Best checkpoint per strategy on CRYSTAL
test set. CPR strategies use weights a,, = 0.65, s, = 0.35; a full weight ablation is
presented in Table [f] Composite and Answer-Only reach comparable accuracy but fail
to improve reasoning (F1 < 0.43). CPR-based strategies improve both.

Strategy Acc (%) Match F1 Prec Rec LIS Ord. F1
Baseline 39.85 0.480 0.898 0.347 0.723  0.434
Composite 44.92 0.426 0.983 0.284 0.743  0.392
Answer-Only 44.30 0.429 0.803 0.308 0.700  0.380
CPR 41.40 0.633 0.975 0.489 0.631 0.560
CPR-Curriculum  47.52 0.633 0.963 0.493 0.626 0.560

Answer-Only and Composite reach similar accuracy (44.30% and 44.92%)
while reasoning stays flat (F1: 0.429 and 0.426), confirming the reasoning term
is ignored under additive optimization. Composite collapses at step 600 (recall:
0.284); both strategies diverged to NaN gradients at step 1,500, requiring early
termination (Figure |5)). CPR’s multiplicative coupling resolves this: the model
must produce both correct answers and aligned reasoning, achieving F1 =0.633
(+32%) and the highest Ordered F1 (0.560), while training stably through 2,800
steps. CPR-Curriculum further improves accuracy while maintaining comparable
F1 and ordering quality [18}/55].
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Reward Weight Sensitivity. We vary a,, and s,, in Eq.[7]across six configura-
tions on a 15% held-out validation split (4,546 samples; Table @ Beyond down-
stream performance, we report two diagnostics: the discrimination gap (mean re-
ward difference between correct and incorrect outputs) and the reward-reasoning
correlation r(F1) (Pearson correlation between reward and Match F1). These re-
veal a fundamental trade-off: higher s, increases r(F1) but reduces discrimina-
tion. Both extremes are unstable: too answer-heavy (a,, =0.80) causes KL spikes
from overconfident updates, while too step-heavy (s, > 0.50) elevates gradient
norms from insufficient discrimination. Our configuration (a,, =0.65, s, =0.35)
achieves the highest accuracy (82.70%), the lowest KLyax (0.372), and the high-
est r(F1) among stable configs (0.448), confirming it as the optimal balance.

Table 6: Reward weight sensitivity. Six configurations on a 15% held-out split
(4,546 samples). Both extremes are unstable (V1); KLmax is U-shaped with its mini-
mum at a,, =0.65, which also gives the highest accuracy and r(F1) in the stable range.

Val Performance Reward Signal Stability
aw  Sw Acc (%) M-F1 Rec Discrim. 7(F1) KLmax V

0.80 0.20 81.79 0.676 0.553 0.865 0.338 1.274
0.70 0.30 82.61 0.731 0.627 0.797  0.410 0.456
0.65 0.35 82.70 0.728 0.634 0.763  0.448 0.372

0.50 0.50 79.39 0.730 0.629 0.662 0.563 1.218
0.35 0.65 7853 0.736 0.642 0.560 0.670 1.684
0.20 0.80 74.81 0.721 0.647 0.459 0.752 1.521

R N R

1 =increasing gradient norms (unstable). Bold = best per column; underline = best within viable
range (gap > 0.70). Shaded = selected.

5 Conclusion

We introduced CRYSTAL, a benchmark that evaluates multimodal reasoning
step by step via Match F1 and Ordered Match F1. Across 20 MLLMs, we find
universal cherry-picking, non-monotonic scaling trade-offs, and disordered rea-
soning. CPR-Curriculum achieves +32% Match F1 via GRPO where additive
strategies fail. We publicly release the CRYSTAL benchmark, reference steps,
and evaluation code to support reproducible research.

Limitations. References may not capture all valid paths. The fixed encoder and
threshold are robust (Section but domain-specific alternatives may help. We
validate CPR on two architectures (Qwen2.5-VL-3B, InternVL3.5-4B) but only
at the 3—4B scale; behavior at larger scale remains open, and Ordered Match F1
does not yet model causal step dependencies.
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