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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) improves multimodal reason-
ing in answer-verifiable settings by reward-
ing final answers that can be checked. Yet
answer-correct trajectories may still rely on in-
complete derivations, weak evidence, or state-
ments that contradict their conclusions. This
gap between answer correctness and reasoning
validity, which we call reasoning-answer in-
consistency, motivates trajectory supervision
in multimodal RLVR. We compare two main
approaches: reward models (RMs) and genera-
tive rewards (GRs). RMs are efficient and help
early in training, but their gains weaken as the
policy distribution shifts; GRs improve perfor-
mance, but they may yield unstable rewards and
incur high pointwise judging cost. We there-
fore propose Groupwise Ranking Reward,
which ranks verifier-passed trajectories for the
same prompt in one pass and redistributes re-
ward accordingly. Groupwise comparison bet-
ter separates stronger and weaker correct tra-
jectories with lower judge overhead than point-
wise GRs. Experiments show that RLVR ag-
gravates reasoning-answer inconsistency, while
trajectory supervision alleviates it. Groupwise
Ranking Reward performs best overall, im-
proving reliability-conditioned accuracy from
47.4% to 54.7% over RLVR. The code is
available at https://github.com/Ji110001/
GroupRank.

1 Introduction

Multimodal Large Language Models (MLLMs) are
increasingly capable of visually grounded reason-
ing (Shi et al., 2024; Wang et al., 2025c), and
Reinforcement Learning with Verifiable Rewards
(RLVR) (DeepSeek-Al et al., 2025) has become
a standard way to push this progress further by
directly optimizing verifiable outcomes such as fi-
nal answer correctness (Zhang et al., 2025b; Wang
et al., 2025e; Wei et al., 2025). While reasoning

faithfulness has been studied in text-only chain-of-
thought settings (Wang et al., 2026), recent studies
have noted that under outcome-only multimodal su-
pervision, MLLMs’ reasoning process can become
less reliable as training continues, even when the
final answer is correct (Chen et al., 2025; Kan et al.,
2025; Huang et al., 2025; Wang et al., 2025b; Jia
et al., 2025). A closer look at the training process
shows that answer-correct responses increasingly
rely on incomplete derivations, weak evidence, or
even statements that conflict with their own con-
clusions. As shown in Figure 1(a): the reasoning
trajectory derives X = —11, but the final boxed
answer is 10, the response would still be rewarded
by outcome-only supervision despite an unfaith-
ful reasoning chain. We trace this problem to a
basic limitation of answer-verifiable multimodal
RLVR: it supervises whether the final answer is
correct, but not whether the visual-textual reason-
ing process actually justifies that answer. We refer
to this failure mode as reasoning-answer inconsis-
tency. Left unresolved, this failure mode can make
MLLMs unreliable in applications such as medical
decision support, autonomous driving, and scien-
tific analysis, where a correct-looking answer with
contradictory reasoning is not acceptable.

A natural way to address this problem is to add
supervision over the validity of the reasoning trajec-
tory. However, how to introduce such supervision
signals into multimodal RL in a way that is both
effective and computationally efficient remains un-
derexplored. In this paper, we compare two main
families of trajectory supervision methods: Re-
ward Models (RMs) and Generative Rewards
(GRs). RMs directly assign scalar quality scores to
the reasoning process. We use the fine-grained Pro-
cess Reward Model (PRM) that assigns a score
to each intermediate reasoning step (Uesato et al.,
2022; Lightman et al., 2023; Wang et al., 2023).
On the other hand, GRs use a Large Language
Model (LLM) to follow a predefined evaluation
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Figure 1: Reasoning-answer inconsistency under outcome-only RLVR and the motivation for Groupwise
Ranking Reward. (a) An example of reasoning-answer inconsistency: the trajectory derives X = —11 in its
reasoning, but the final boxed answer is 10. (b) Training dynamics under outcome-only RLVR and Groupwise
Ranking Reward. Outcome-only RLVR steadily increases inconsistency and eventually reduces
reliability-conditioned accuracy (RC-Acc), whereas Groupwise Ranking Reward keeps inconsistency stable and
continues improving RC-Acc. (c) Comparison of trajectory supervision schemes. PRMs and pointwise GRs score
each trajectory independently, while Groupwise Ranking Reward compares verifier-passed trajectories for the same
prompt jointly and assigns ranking-based rewards according to their relative quality.

instruction, generate a textual judgment then as-
sign a scalar score (Zheng et al., 2023; Yuan et al.,
2024; Wang et al., 2025d). Our experiments show
that RMs are computationally efficient and help
in the early stages of training, but their benefits
weaken as the policy distribution shifts; GRs im-
prove performance to some extent, but their gains
are limited by instability and come with severe effi-
ciency costs. Based on these observations, we pro-
pose a Groupwise Ranking Reward, which ranks
verifier-passed trajectories of the same problem in a
single pass, and redistributes rewards based on that
ranking. Figure 1(c) highlights the key distinction:
PRMs and pointwise GRs score each trajectory in-
dependently, whereas our method compares multi-
ple trajectories jointly and rewards them according
to relative quality. By using groupwise comparison
instead of independent scoring, the method better
distinguishes stronger from weaker correct trajec-
tories with lower judge computation overhead than
pointwise GRs. It achieves the strongest perfor-
mance among all trajectory supervision methods

tested.

We conduct extensive experiments with differ-
ent judge models, reward designs, and training
data to systematically analyze this problem and
evaluate the proposed method. The results show
that RLVR can aggravate reasoning-answer incon-
sistency, whereas trajectory supervision alleviates
this effect. Figure 1(b) previews this trend: under
outcome-only RLVR, inconsistency rises over train-
ing and eventually reduces Reliability-Conditioned
Accuracy (RC-Acc), while Groupwise Ranking
Reward keeps inconsistency stable and continues
improving RC-Acc. Among the approaches we
study, the Groupwise Ranking Reward achieves
both the best accuracy and reasoning faithfulness,
improving RC-Acc from 47.4% to 54.7% over
RLVR. These gains indicate that even when an-
swer correctness is already verified, multimodal
RL still lacks a way to prefer better-grounded cor-
rect trajectories.
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2 Related Work

Reinforcement Learning for Multimodal Rea-
soning. Chain-of-Thought prompting and RLHF
established explicit multi-step reasoning in LLMs
(Wei et al., 2022; Ouyang et al., 2022). Recent
MLLMs extend this idea to visually grounded tasks
through reasoning-oriented supervision and post-
training, especially multimodal mathematical and
general-purpose visual reasoning (Shi et al., 2024;
Wang et al., 2025c; Zhang et al., 2025b; Wang
et al., 2025¢e; Wei et al., 2025). RLVR is natu-
ral in this setting because verifiable rewards opti-
mize answer correctness without dense trajectory
annotations; GRPO and DeepSeek-R1 further show
that this paradigm scales beyond narrow domains
(Shao et al., 2024; DeepSeek-Al et al., 2025; Su
et al., 2025). Our work complements these efforts
by studying how RLVR should assign differential
credit among verifier-passed rollouts so policies
prefer better-grounded reasoning trajectories.

Reasoning-Answer Inconsistency in MLLMs.
Reasoning-answer inconsistency relates to unfaith-
ful chain-of-thought reasoning in text-only LLMs
(Wang et al., 2026); we study its dynamics under
multimodal RLVR, where answer accuracy can im-
prove while answer-reasoning coherence degrades.
Existing fixes follow three directions: reference-
policy calibration (Chen et al., 2025; Kan et al.,
2025), which can weaken as the online policy drifts;
consistency under semantics-preserving perturba-
tions (Huang et al., 2025; Wang et al., 2025b),
most natural for closed-answer settings; and rubric-
based generative rewards (Jia et al., 2025), which
offer richer supervision but add judge overhead and
are not updated with the policy.

Trajectory Supervision. Another line improves
reasoning by supervising intermediate steps rather
than only final answers, first in text-only mathemat-
ical reasoning (Uesato et al., 2022; Lightman et al.,
2023) and recently in multimodal settings (Zhang
et al., 2025a). Related work uses language mod-
els as evaluators or reward models (Zheng et al.,
2023; Yuan et al., 2024; Gu et al., 2024), and shows
that listwise or distribution-aware judge inference
can be more reliable than independent absolute
scoring (Zhao et al., 2024; Wang et al., 2025d).
Closely related, RLRR replaces absolute reward
shaping with relative ranking in group-based RL
and trains a ranking reward model for groupwise
preferences (Niu et al., 2026), but mainly uses rank-
ing to improve reward modeling and optimization.

We instead study RMs and GRs for multimodal tra-
jectory supervision and propose groupwise ranking
to improve multimodal reasoning reliability.

3 Method

RLVR improves answer correctness, but it does
not distinguish among verifier-passed trajectories
whose reasoning quality differs substantially. As
a result, the policy model can still be rewarded for
correct answers supported by incomplete or con-
tradictory traces. To address this limitation, we
study three trajectory supervision reward designs
within the same RLVR pipeline. The first is a Re-
ward Model (RM), which assigns scalar scores;
in our experiments, this RM is instantiated as a
fine-grained Process Reward Model (PRM) that
scores intermediate reasoning steps (Uesato et al.,
2022; Lightman et al., 2023; Wang et al., 2023;
Zhang et al., 2025a). The second is a standard
Generative Reward (GR), which uses an LLM-as-
a-Judge to produce a textual judgment and score
each trajectory independently (Zheng et al., 2023;
Yuan et al., 2024; Gu et al., 2024). The third is our
Groupwise Ranking Reward, a groupwise variant
of generative reward that compares verifier-passed
trajectories for the same prompt and redistributes
reward according to their relative quality ranking
(Zhao et al., 2024; Wang et al., 2025d).

3.1 Problem Setup

Let D be a multimodal training set. Each training
example is denoted by (x,a*), where z = (v, q),
v is the input image, g is the textual question, and
a* is the ground-truth answer. Given x, the policy
mo(- | ) generates a structured response

y = [z,4d], ey

where z is the reasoning trajectory enclosed in
<think>...</think> and a is the final answer ex-
tracted from the \boxed{. ..} expression. In the
RLVR pipeline, each sampled complete response
y = [z, a] is referred to as a rollout.

Following standard RLVR pipelines for reason-
ing (Shao et al., 2024; DeepSeek-Al et al., 2025),
a rule-based verifier provides a deterministic verifi-
cation reward

Tver(y) = [[Verify(a,a®) = 1], 2)

where [[] is the indicator function. RLVR max-
imizes E(; «)p y~my[Tver(y)].  This objective
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gives identical reward to all verifier-passed re-
sponses; however, their reasoning quality may
differ substantially. We use the standard GRPO
(Shao et al., 2024) optimization pipeline through-
out: for each prompt x, we sample a rollout group
Y = {yi = [z, ]}, from mp(- | =) and opti-
mize over this group using verifier and trajectory
rewards. Here we focus on how different methods
define the trajectory supervision signal; the GRPO
optimization objective and equations are given in
Appendix A.

3.2 Trajectory Reward Variants

Beyond the verifier reward rye(y;), we add an aux-
iliary trajectory reward 7,y ; to provide extra super-
vision on rollout y; = [z;, a;]. Common trajectory
rewards include RMs and GRs.

RMs. RMs assign scalar quality scores without
generating extra natural language justifications.
They can operate at different supervision granulari-
ties. In this paper, we instantiate the RM as a fine-
grained PRM that decomposes the reasoning trajec-
tory into intermediate steps and assigns a step-level
quality signal along the trajectory. Let Sprm denote
the reward model and let {0} /%) = Spm(, 2i)
be the scores for the 7T; reasoning steps in rollout
. The rollout-level PRM reward is obtained by

aggregating these step scores,
romi = Ags({(F7)). @)

where Agg(-) denotes the aggregation rule. PRM
provides dense supervision over the reasoning pro-
cess.

GRs. GRsuse an LLM judge that follows an eval-
uation instruction with explicit scoring rubrics. For
each rollout, the judge generates a textual judgment
together with a rubric-grounded scalar score, from
which the reward is parsed:

Teri = PaI'SGSCOI'E(Sgr(QJ Zi, ai)) : )

Compared with RMs, GRs do not directly emit
scores; instead, the judge first produces an evalu-
ative judgment, and the scalar reward is then ex-
tracted from that judgment. In our setup, the rubric
casts the judge as an expert evaluator of reasoning
quality, defines anchored score levels in [0, 1], and
asks it to assess dimensions such as logical coher-
ence, calculation quality, completeness of the con-
clusion, and honest handling of uncertainty. The

judge returns a short feedback string together with
a JSON-formatted scalar score, which we parse
as the reward. We refer to the setting where each
rollout is judged independently as pointwise GR,
to distinguish it from the groupwise GR setting
introduced next.

RMs and GRs are both widely used trajectory
supervision signals, but they also have limitations:
PRM can weaken under policy shift, while point-
wise GR depends on the absolute score calibration
and requires separate judging for each rollout. Mo-
tivated by this, we further introduce Groupwise
Ranking Reward as a groupwise variant of GRs.

Groupwise Ranking Reward. Groupwise Rank-
ing Reward extends GRs from independent scoring
to within-group ranking. For each prompt x, we
keep only the verifier-passed subset It = {i :
Tver(yi) = 1} within the sampled rollout group Y,
where || denotes the number of verifier-passed
rollouts, because incorrect rollouts are already han-
dled by the verifier. We focus on finding which
correct rollout is best in reliability and quality.
The groupwise judge Scip takes the shared ques-
tion g together with all verifier-passed reasoning-
answer pairs {(2;, a;) };c7+, compares them side-
by-side, and outputs M ordered tie-aware tiers

= Scmp(% {(2, ai)}ieﬁ) , (5

where 7 >~ T = --- > T, Ty contains the
candidates assigned to the m-th rank tier, and 7 is
the top tier.

We design a rank-to-score conversion based on
a simple intuition: a rollout should receive a higher
score if it is ranked ahead of more verifier-passed
rollouts, and a lower score if it is ranked ahead
of fewer. We also preserve ties instead of forc-
ing arbitrary tie-breaking, avoiding injecting arti-
ficial noise when the judge views several traces
as equally rigorous. Concretely, for any rollout
i € T, let by = Zé\imﬂ |7¢| be the number of
lower-ranked correct rollouts and let ¢; = |7,,,| — 1
be the number of tied rollouts. The raw score is

(Tl,TQ,...,TM)

b; + %Ci

S
where each lower-ranked rollout contributes one
point, each tie contributes half a point, and the
result is normalized by the number of available
comparisons. Thus, candidates in 77 receive the
highest raw score and candidates in 757 the low-
est, while prompts with different || remain on
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the same [0, 1] scale. This normalization makes
the rank-to-score mapping well-defined for prompt
groups with any number of verifier-passed rollouts.

The final ranking reward is obtained by centering
these raw scores within the verifier-passed set. Let
5= ﬁ >_jer+ 8j denote the mean raw score over

It

g’i — 5,
Trank,i =
0,

This centering makes the ranking reward zero-mean
within the verifier-passed set. Under this mapping,
Trank,i 1S bounded in [—0.5,0.5]. Thus, the judge
acts as a pure redistribution mechanism: better-
supported correct rollouts receive positive ranking
reward, while weaker correct rollouts can still have
positive verifier reward but negative ranking re-
ward, which effectively penalizes weaker correct
reasoning among answer-correct rollouts. Incorrect
rollouts remain untouched and still receive zero to-
tal reward. If all verifier-passed rollouts fall into
the same tier, the centered reward is again zero. Ap-
pendix B gives the full implementation details and
summarizes alternative rank-to-score mappings.

ifie I+, |IT]>2,

otherwise.

(N

3.3 Training Objective

The final rollout reward combines verification with
one auxiliary trajectory reward:

Ri = Tver(yi) + )\raux,h ®)

where A > 0 controls the strength of trajectory
supervision and raux,; € {7prm,i; Ter,i Trank,i }- 1N
our experiments, we use A = 1 for all three variants.
The optimization algorithm is unchanged.

4 Experiments

4.1 Experimental Setup

Training Hyperparameters. All RL training
runs start from the same base checkpoint, Qwen2.
5-VL-7B-Instruct (Bai et al., 2025). Across all
RL variants, we use rollout budget n = 8, auxiliary-
reward coefficient A = 1, learning rate 1 x 1075,
KL coefficient 1 x 1072, All experiments use the
same ViRL (Wang et al., 2025a) training data and
are run for 2 epochs.

Methods to Compare. Our main experiment
reports the untrained Qwen2.5-VL-7B-IT base
model, outcome-only RLVR, a reference-based
baseline, and three consistency-oriented reward
variants on ViRL: w/ PRM, w/ Pointwise GR, and

w/ Groupwise Ranking Reward. All trained meth-
ods use the same GRPO optimization pipeline;
the reference-based baseline and three reward vari-
ants differ in how they add trajectory-level supervi-
sion beyond outcome-only RLVR. The reference-
based method follows GRPO-CARE (Chen et al.,
2025): a smoothed copy of earlier policy states
serves as the reference model, scoring whether
each answer-correct reasoning trace supports the
correct answer and giving high-scoring rollouts
within the same prompt a consistency bonus. The
PRM variant uses a visual process-reward model,
Qwen-VL-PRM-7B (Ong et al., 2025), that scores
each trajectory step with a binary true/false deci-
sion and averages rewards across all steps. The two
GR-based variants both use gpt-oss-20b (Ope-
nAl, 2025) as the judge over textualized question-
trajectory-answer tuples: w/ Pointwise GR gives
a scalar judge_score in [0, 1], while w/ Group-
wise Ranking Reward assigns tie-aware ranks for
verifier-passed candidates and maps them to cen-
tered groupwise rewards. Appendix G lists the
judge prompts.

Benchmarks. We evaluate final checkpoints on
five multimodal reasoning benchmarks: three math-
focused benchmarks, MathVision (Wang et al.,
2024), MathVista (Lu et al., 2024), and WeMath
(Qiao et al., 2025), and two broader general-
reasoning benchmarks, MMMU (Yue et al., 2024a)
and MMMU-Pro (Yue et al., 2024b). To make the
reported average reasoning—answer inconsistency
across all benchmarks fair, we randomly sample
500 instances from each dataset to construct our
final test set. In this way, each benchmark con-
tributes equally to the overall inconsistency rate.
Evaluation Metrics. Accuracy (Acc) measures
whether the final answer matches the ground
truth. However, Acc alone does not capture a fail-
ure mode that we frequently observe: reasoning-
answer inconsistency, where the final answer may
be correct but the trajectory fails to justify the
boxed answer or even supports a different conclu-
sion. To measure this failure mode, we evaluate
reasoning-answer consistency with an LL.M judge
based on gpt-o0ss-20b (OpenAl, 2025). Given the
question, trajectory, and final answer, the judge
extracts the answer implied by the trajectory and
the final boxed answer, then labels the response as
consistent or inconsistent according to whether the
two extracted answers agree. From these labels,
we track the Inconsistency Rate (IncR), defined as
the percentage of all examples labeled inconsistent,
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Method

RC-Acc Avg. Acc Avg. MathVision MathVista MMMU MMMU-Pro WeMath

Reference and baseline methods

Qwen2.5-VL-7B-IT 473 49.0
RLVR 474 53.6
w/ Reference-Based Method 51.7 53.5

24.8 67.2 52.6 352 56.6
22.8 70.8 48.2 36.2 58.8
27.6 72.0 532 38.0 67.6

Controlled comparison with different reward methods

w/ PRM 46.8 49.1
w/ Pointwise GR 52.3 53.8
w/ Groupwise Ranking Reward 54.7 55.9

26.4 66.4 50.0 30.6 60.8
31.0 71.0 56.6 39.0 63.8
314 74.8 57.8 38.8 70.8

Table 1: Model performance comparison results under a matched training budget. The second and third columns
report five-benchmark average RC-Acc and Acc, respectively, while the remaining benchmark columns report
RC-Acc. Groupwise Ranking Reward achieves the best overall performance, yielding the highest average RC-Acc
and leading on four of the five benchmarks. We bold the best value in each numeric column and underline the

second best.

regardless of final answer correctness. We further
isolate inconsistent cases that would otherwise be
counted as correct: Correct-But-Inconsistent Rate
(CBIR) is the percentage of all examples with
a correct final answer but an inconsistent trajec-
tory. We then define reliability-conditioned accu-
racy (RC-Acc) as the portion of examples whose
final answer is both correct and supported by the
reasoning trajectory. We use RC-Acc as our pri-
mary metric because it preserves final-answer cor-
rectness while additionally requiring consistency
between the reasoning trajectory and the final an-
swer. Equivalently, RC-Acc = Acc — CBIR.

To validate the judge reliability, we conduct
a 400-response human audit. The judge agrees
with human labels on 387 samples, yielding 96.8%
alignment and Cohen’s k = 0.755. Appendix C
provides the more details of the audit, e.g. full
prompt protocol and disagreement analysis.

4.2 Main Results

Table 1 reports the average RC-Acc and Acc, to-
gether with the benchmark-wise RC-Acc, after
training with different methods. Appendix D pro-
vides the complete score breakdown and the cor-
responding multi-seed robustness results for the
controlled reward variants.

RLVR improves answer accuracy but not rea-
soning reliability. Compared to the base check-
point, RLVR raises average answer accuracy, but its
RC-Acc remains unchanged because correct-but-
inconsistent predictions become much more fre-
quent (see Appendix D for CBIR scores). This re-
veals a significant side effect of outcome-only RL:
the policy gets the final answer right more often, but
the reward still cannot tell whether the trajectory ac-
tually supports that answer. GR-based rewards re-

cover this gap, and Groupwise Ranking Reward
gives the best overall trade-off. The reference-
based method improves over RLVR, while both
GR-based variants further outperform it under the
same training budget. Groupwise Ranking Reward
reaches the strongest average RC-Acc at 54.7%,
compared with 52.3% for Pointwise GR, 51.7% for
the reference-based method, and 47.4% for RLVR.
This suggests that comparing correct candidates
within the same prompt gives a more reliable sig-
nal than scoring each rollout in isolation. The
gains are broad rather than benchmark-specific.
Groupwise Ranking Reward performs best on four
of the five benchmarks and remains competitive on
MMMU-Pro, with especially large gains on We-
Math. The improvement is therefore not tied to one
dataset or one answer format.

4.3 Analysis

4.3.1 Training Dynamics

Figure 2 shows the five-benchmark average trends
for Ace, RC-Acc, IncR, and CBIR, so we can see
how accuracy and inconsistency evolve throughout
training rather than only at the final checkpoint.
Outcome-only reward harms reasoning reli-
ability as training progresses. Although RLVR
improves Acc from 51% to 54%, as shown in the
first panel of Figure 2, this gain does not translate
into more reliable or faithful reasoning trajecto-
ries. Its RC-Acc peaks early at around 51.20%
between 20 and 30 training steps, but then declines
to 47.36% by step 140. This deterioration is driven
by a substantial increase in reasoning-answer incon-
sistency during the later stages of training: IncR
rises from 6% at step 60 to 19% at step 140, while
CBIR increases steadily from 2% to 6% over the
full training process. These results suggest that
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Figure 2: Training dynamics across reward variants. The four panels report Accuracy, RC-Acc, IncR, and CBIR,
and all reported values are percentages. The last two panels use a broken y-axis so the large RLVR values remain
visible while differences among the lower-valued methods are still readable. Although outcome-only RL can
improve final-answer correctness, it simultaneously degrades reasoning reliability in multimodal reasoning tasks.
By contrast, Groupwise Ranking Reward is the only method that consistently improves both answer accuracy and

RC-Acc while simultaneously reducing IncR and CBIR.

while outcome-only RL can improve final-answer
correctness, it simultaneously degrades reasoning
reliability in multimodal reasoning tasks.

PRM offers only limited benefits for reducing
reasoning-answer inconsistency. Although PRM
has been reported to be effective for some text-only
reasoning tasks, incorporating a PRM reward does
not yield a substantial improvement in RC-Acc
under our multimodal reasoning setup. Instead,
its trend resembles that of vanilla RLVR: RC-Acc
plateaus during the middle stage of training and
then declines afterward. PRM-based training is
able to prevent inconsistency rates from growing
markedly, but it does not reduce them in a mean-
ingful way either. This finding suggests that PRMs
remain constrained by their generalization ability,
which is a common criticism of such approaches,
because the policy model can generate responses
that differ substantially from the PRM’s training
distribution.

Our group-wise ranking reward is the most
effective at reducing inconsistent reasoning tra-
jectories. It is the only method that delivers stable
and continuous improvement across all four panels:
it consistently improves both answer accuracy and
RC-Acc, while simultaneously reducing IncR and
CBIR. These results indicate that our method pro-
vides more stable and reliable reward signals. More
importantly, they offer clear evidence that our gen-
erative reward alters the direction of optimization,
rather than merely stacking training compute.

4.3.2 Effect of Model Size on Inconsistency

We next ask whether the significance of the
reasoning-answer inconsistency problem is related

RC-Ace T IncR !
55- 25- 21.6
49.8 20-
SO0 472
4 15-
° 40.0 1o, 8.6 =
40- 380 . 5 >0
35 — ol W I - |
3B 7B 3B 7B 3B 7B 3B 7B
Before After Before After
training  training training  training

Figure 3: Qwen2.5-VL-3B and 7B models trained with
vanilla RLVR: RC-Acc (left) and IncR (right). Each
panel shows the results before and after training. Larger
model capacity reduces inconsistency, but IncR still
increases substantially after training.

to the size of the model. To keep this auxiliary
analysis aligned with the rank-to-score ablation,
Figure 3 reports the same two summary metrics,
RC-Acc and IncR, for Qwen2.5-VL 3B and 7B
checkpoints under the same ViRL training setup.
We find that scaling mitigates inconsistency, but
it does not remove the incentive that creates it.
The 7B model starts with higher RC-Acc and lower
IncR than the 3B model, and it remains better after
training. However, outcome-only RL still increases
IncR for both model sizes, from 8.56% to 21.56%
for 3B and from 5.04% to 9.88% for 7B. The result
suggests that model capacity changes the severity
of the failure mode, whereas the underlying cause
remains the reward signal.

4.3.3 Effect of the Rank-to-Score Mapping

Groupwise Ranking Reward compares verifier-
passed rollouts within the same prompt and maps
the resulting order to scalar rewards. This abla-
tion asks whether the gains depend on this post-
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Figure 4: Ablation on the rank-to-score mapping under
the matched training setup. Stable results across
mappings suggest that groupwise comparison matters
more than the exact monotonic conversion.

ranking conversion or mainly on groupwise com-
parison itself. Under the same training setup,
we compare four deterministic mappings. Our
default Pairwise-Comparison Score (PCS) con-
verts the K -candidate ranking into a tie-aware
pairwise win rate, giving full, half, or no credit
against lower-ranked, tied, or higher-ranked can-
didates and normalizing by K — 1. The alter-
natives are Exponential-Decay Normalization
(EDN), which applies an exponentially decaying
rank score; Tiered-Rank Score (TRS), which as-
signs evenly spaced rewards to rank tiers; and
Inverse-Rank Normalization (IRN), which min-
max normalizes reciprocal ranks. Figure 4 reports
five-benchmark average RC-Acc and IncR.

The results are stable across mappings: average
RC-Acc ranges from 53.24% to 54.72%, a spread
of 1.48 points, while IncR remains between 2.28%
and 3.04%. PCS gives the best RC-Acc and stays
in the same low-inconsistency range as the alter-
natives, so we keep it as the default for its simple
tie-aware interpretation. Overall, the key design
choice is to compare correct rollouts within the
prompt, rather than tune a fragile monotonic rank-
to-reward mapping.

4.3.4 Stability Comparison Between Pointwise
GRs and Groupwise Ranking

Groupwise Ranking Reward judges all rollouts for
the same prompt in one pass under a shared com-
parison standard. In contrast, pointwise GR scores
each response independently, so judging /V rollouts
requires N separate judge calls whose internal stan-
dards may vary. We therefore expect Groupwise
Ranking Reward to be more stable. We test this
with a controlled simulation: stable reward assign-
ment should give similar rewards when repeated
on the same fixed responses.

Specifically, we randomly sample 500 prompts,

generate 8 rollouts for each prompt as in training,
and rerun reward assignment 4 times at a relatively
low temperature (0.7). Each repeat follows the
training procedure: pointwise GR scores responses
independently, whereas Groupwise Ranking Re-
ward jointly ranks verifier-passed responses within
the prompt and maps the ranking to scalar rewards.
We compute the variance of repeated reward val-
ues and average it over the sampled set; because
responses are fixed, this variance isolates random-
ness in reward assignment. Lower variance indi-
cates more stable assignment. We find that group-
wise ranking yields substantially lower reward
variance. The mean variance drops from 0.026
under pointwise GR to 0.016 under Groupwise
Ranking Reward, a 37.6% reduction. This sug-
gests that relative comparison reduces sensitivity
to judge randomness and provides a more stable
supervision signal in this setting.

4.3.5 Efficiency Comparison

We compare reward-and-advantage construction
time across RLVR, PRM, Pointwise GR, and
Groupwise Ranking Reward, with absolute stage-
wise timings reported in Appendix E. Outcome-
only RLVR has negligible reward-construction cost
because it only uses a rule-based verifier, but it does
not provide trajectory-level supervision. Among
trajectory-supervision variants, Groupwise Rank-
ing Reward has the lowest reward-stage overhead:
it is about 2.7 x faster than PRM and about 7.6 x
faster than Pointwise GR, mainly because one
groupwise judge call replaces step-wise or inde-
pendent rollout-level reward calls.

5 Conclusion

We study reasoning-answer inconsistency in mul-
timodal RLVR and show that outcome-only opti-
mization can worsen this mismatch even as answer
accuracy improves. Trajectory supervision miti-
gates this effect, indicating that answer correctness
alone is an incomplete objective and that trajectory-
level signals remain useful after verifiable rewards
improve end accuracy. Among the compared meth-
ods, Groupwise Ranking Reward performs best
by jointly ranking verifier-passed trajectories for
the same prompt. This within-prompt comparison
gives the judge a shared context for distinguishing
stronger and weaker correct rollouts, rather than
relying on separately calibrated absolute scores. It
improves average accuracy from 53.6% to 55.9%
and reliability-conditioned accuracy from 47.4%
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to 54.7% over RLVR, while requiring less judge
computation than pointwise GRs. Its higher sta-
bility further suggests that shared within-prompt
comparison provides a cleaner optimization signal.

Limitations

Our study focuses on a specific phenomenon that
becomes visible in answer-verifiable RLVR set-
tings: the model can receive reward for a correct
final answer even when the reasoning trajectory
does not actually support it. This framing fits do-
mains where correctness can be checked reliably,
but it does not directly cover less verifiable gener-
ation settings without a single canonical answer,
such as creative writing, free-form visual dialogue,
subjective caption revision, or brainstorming tasks.
In such settings, the same failure mode may not
appear in the same explicit form, and both incon-
sistency measurement and reward design may need
to be reformulated. Extending the analysis to these
less verifiable multimodal tasks is an important
direction for future work.
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A Standard GRPO Objective

For completeness, we summarize the standard
GRPO objective used in DeepSeekMath and later
RLVR systems (Shao et al., 2024; DeepSeek-Al
et al., 2025). Given rollout rewards {R;}¥, for
one sampled group, GRPO first standardizes them
within the prompt:
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Our method does not modify this optimizer; it only
changes how R; is constructed.

B More Details of Groupwise Ranking
Reward

Groupwise Ranking Reward. For the same
prompt, let I™ = {3 : rye(y;) = 1} be the verifier-
passed set and let K = |I"|. The groupwise judge
reads all textualized candidates {¢;};c;+ together
and returns ordered tie-aware tiers (71,...,7ar).

We then apply exactly the tie-aware pairwise-win-
rate mapping and within-group centering defined
in Section 3.2; if K < 2, the auxiliary reward is set
to zero. This is only a post-processing of the same
K-way ranking, not a separate round of pairwise
judge calls. A candidate is treated as beating every
lower tier, tying candidates in its own tier, and los-
ing to every higher tier. For example, if K = 4 and
the judge outputs 1 = {A}, » = {B,C}, and
73 = {D}, then the raw scores before centering
are Sy = 1,5 = §¢ = 0.5, and sp = 0. If
all verifier-passed rollouts tie, the centered reward
becomes zero for all of them.

C Inconsistency Judge Design and
Reliability

Human validation protocol. We construct a 400-
response audit set to quantify the reliability of the
automatic inconsistency diagnostic. The sample is
stratified across four systems, with 100 responses
from each system, and is drawn uniformly from
all training stages so that the audit covers different
methods, model states, and inconsistency levels.
A human volunteer who is a graduate student an-
notates the audit set independently of the paper
authors. The automatic judge label is produced by
the four-step extraction-and-comparison procedure
described in Section 4.1: it extracts the answer
implied by the trajectory, extracts and normalizes
the final boxed answer, compares the two under
lightweight equivalence rules, and abstains when
there is no valid answer. Responses without a valid
final answer are labeled N/A and are not counted
as inconsistent. The volunteer’s label follows the
same binary decision rule: whether the reasoning-
implied answer and the final answer are inconsis-
tent.

Audit results. Across the 400 audited responses,
gpt-0ss-20b judge marks 31 samples as inconsis-
tent and 369 as consistent, while the volunteer’s
labels mark 26 samples as inconsistent and 374
as consistent. Treating inconsistency as the posi-
tive class, the audit gives 22 true positives, 9 false
positives, 4 false negatives, and 365 true negatives.
Therefore, the judge agrees with the volunteer’s
labels on 387 of 400 samples, giving 96.8% align-
ment and Cohen’s k = 0.755. On the inconsistent
class, the judge obtains 71.0% precision, 84.6% re-
call, and 77.2% F1. Among judge-consistent cases,
365 of 369 are confirmed by the volunteer.

29289


https://arxiv.org/abs/2511.16334
https://arxiv.org/abs/2511.16334
https://arxiv.org/abs/2511.16334
https://arxiv.org/abs/2410.04346
https://arxiv.org/abs/2410.04346
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685

Observed residual errors. There are 13 judge-
human disagreements in total, consisting of 9 false
positives and 4 false negatives. The false positives
mainly come from two cases. First, 4 disagree-
ments involve missed option-value mapping: the
response states the semantic answer and then maps
it to the correct option, but the judge compares
the surface forms too literally, such as comparing
a derived value with an option letter. Second, 4
disagreements involve overly strict numeric or unit
normalization: the reasoning gives a value with
units, decimals, or an equivalent scale, while the
final answer follows the problem’s requested round-
ing or unit convention. The false negatives mostly
come from unsupported self-correction: in 3 cases,
the response changes an earlier derivation without
sufficient justification, often by altering an assump-
tion or inserting an unsupported correction, and
then forces the final answer to match an option.
The remaining 2 disagreements are low-frequency
mixed cases involving formatting, ambiguous nota-
tion, or hard-to-classify revisions. These patterns
show that the diagnostic’s residual errors are con-
centrated in interpretable option-mapping, normal-
ization, and unsupported-revision cases rather than
arbitrary judge failures.

D Additional Results for Main
Experiment

Complete metric breakdown. Table 2 provides
the full metric breakdown for the main results.
Each cell reports the three-number breakdown used
throughout the paper: RC-Acc, Acc, and CBIR.
We place this detailed table in the appendix so the
main text can emphasize the faithfulness-aware
metric directly, while still making the complete
accuracy-versus-inconsistency trade-off explicit.

Multi-seed robustness. We rerun the main ex-
periment with three random seeds under the same
backbone, training data, rollout budget, optimizer,
hyperparameters, training length, and evaluation
split. Table 3 reports the mean and standard devi-
ation of average RC-Acc across seeds. The bot-
tom panel also reports the matched-seed margin
between Groupwise Ranking Reward and Point-
wise GR.

E Timing Efficiency

Table 4 reports measured per-step timings aver-
aged over training steps for RLVR, PRM, Pointwise
GR, and Groupwise Ranking Reward, with values

rounded to the nearest second. The measurement
separates rollout generation, reward-and-advantage
construction, and actor update, so the source of
overhead is explicit. Outcome-only RLVR remains
the cheapest setting because it uses only the rule-
based verifier. PRM adds step-wise reward scoring
and therefore spends about 175 seconds in reward-
and-advantage construction. Pointwise GR is the
slowest variant because it invokes the judge inde-
pendently for rollouts in the group, raising reward-
and-advantage construction to about 499 seconds.
Groupwise Ranking Reward uses one groupwise
call over the verifier-passed set, reducing that stage
to about 66 seconds and giving a full-step time of
about 487 seconds. These timings are measured on
8 NVIDIA H100 GPUs using the verl! training
framework, with vLLM? acceleration applied to both
rollout generation and the PRM/generative-judge
reward-generation stage. Under this same training
setup, Groupwise Ranking Reward is more expen-
sive than outcome-only RLVR but cheaper than the
PRM and Pointwise GR variants.

F More Results on Factors Affecting
Inconsistency

F.1 Question Type and Training Objective

The five-benchmark evaluation suite is not bal-
anced by question type, so raw inconsistency
counts are hard to interpret. Across the 2,500
evaluated problems, 1,990 are multiple-choice and
510 are open-ended. The open-ended subset ap-
pears only in MathVision (247), MathVista (233),
and a small 30-example subset of MMMU, while
MMMU-Pro and WeMath are entirely multiple-
choice. We therefore normalize every rate in this
subsection by the total number of examples within
the same question type rather than by the global
benchmark total.

Training objective matters more than the raw
question-type split. Table 5 and Figure 5 show
that the low open-ended inconsistency of the ref-
erence checkpoint does not survive outcome-only
RL. Before training, IncR is 5.88% for multiple-
choice and 1.76% for open-ended. Under RLVR,
these rates jump to 20.40% and 14.71%, and CBIR,
rises to 6.98% and 3.14%. Question type still
changes the absolute level, but the dominant effect
is the reward design: outcome-only training pushes

"https://github.com/volcengine/verl
Zhttps://github.com/vllm-project/v1llm
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Math Math MMMU-
Method Avg. Vision Vista MMMU Pro WeMath
Reference and baseline methods

473 24.8 67.2 52.6 352 56.6
Qwen2.5-VL-7B-IT 49.0/1.7 262/14 68.6/14 550/24 374/22 580/14

474 22.8 70.8 48.2 36.2 58.8
RLVR 53.6/6.2 28.6/58 756/48 55.8/7.6 404/42 674/8.6

51.7 27.6 72.0 53.2 38.0 67.6
w/ Reference-Based Method 53.5/1.8 288/12 74.0/2.0 548/1.6 39.2/12 70.8/3.2

Controlled comparison with different reward methods

46.8 26.4 66.4 50.0 30.6 60.8
w/ PRM 49.1/23 26.8/04 70.0/36 51.6/1.6 352/46 61.8/1.0

52.3 31.0 71.0 56.6 39.0 63.8
w/ Pointwise GR 53.8/1.5 324/14 722/12 580/14 40.0/1.0 66.2/24

54.7 314 74.8 57.8 38.8 70.8
w/ Groupwise Ranking Reward 55.9/1.2 332/1.8 764/1.6 58.6/0.8 39.6/0.8 71.6/0.8

RC-A
Table 2: Detailed controlled comparison at global step 140. Each cell reports [ Acc/ ngR 1. We bold the best RC-Acc

in each column and underline the second best.

Method / Quantity Value
Three-seed method summary

RLVR 47.40 £ 0.30

w/ PRM 46.17 £ 0.60

w/ Pointwise GR 51.70 + 0.60

w/ Groupwise Ranking Reward 54.17 £ 0.84

Matched-seed Groupwise vs. Pointwise comparison

+2.47 £ 0.40
+2.4, 429, +2.1
t = 10.57, p = 0.0088

Groupwise-over-Pointwise margin
Seed-wise margins
Paired two-sided ¢-test

Table 3: Multi-seed robustness for the main experiment.
Method rows report mean =+ standard deviation of
five-benchmark average RC-Acc over three random
seeds; the margin rows use matched seeds.

both question types toward much larger reasoning-
answer mismatch.

Groupwise Ranking Reward recovers faith-
fulness without giving up answer gains. On
multiple-choice problems, Groupwise Ranking Re-
ward improves Acc from 51.76% to 58.74% while
driving IncR below the starting checkpoint, from
5.88% to 3.12%. The open-ended comparison is
even cleaner: RLVR and Groupwise Ranking Re-
ward reach the same Acc of 44.71%, yet Group-
wise Ranking Reward cuts IncR from 14.71% to
2.75% and CBIR from 3.14% to 0.39%, which
lifts RC-Acc from 41.57% to 44.31%. In other
words, the open-ended improvement comes almost
entirely from better faithfulness rather than better
answer accuracy.

The qualitative failure mode still differs by
question type. For multiple-choice problems, the

* Question Type
Multiple-choice
=== (Open-ended

.\_/VA
Training Setup
O Before
A RLVR

rA % w/ Groupwise
°® Ranking Reward

0.0 15 3.0 45 6.0
CBIR (%)

Figure 5: Question-type trade-off trajectories under
three training settings. Color denotes question type and
marker denotes training setup. For each question type,
both trained checkpoints are connected back to the
shared before-training model, so the figure shows how
RLVR and w/ Groupwise Ranking Reward move the
model in RC-Acc versus CBIR space. The panel plots
RC-Acc against CBIR. Every percentage is
normalized within the same question type.

dominant pattern is still option-selection drift: the
reasoning converges to one content answer, but the
final boxed output switches to a different option
letter or to a nearest-choice guess. For open-ended
problems, the mismatch is more often a late revi-
sion or answer-type collapse: the model derives one
free-form result and then boxes a different scalar,
count, or endpoint without a new derivation. These
mechanisms differ, but both are strongly amplified
by RLVR and sharply reduced by Groupwise Rank-
ing Reward.
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Method Reward pattern

Time per training step (s)

Rollout Reward & Actor  Full
gen. advantage wupdate step
RLVR Rule-based verifier only 38 0 235 282
w/ PRM N step-wise PRM scoring passes 55 175 244 590
w/ Pointwise GR N independent pointwise generative re- 62 499 282 1056
ward calls

w/ Groupwise

Ranking Reward One groupwise generative reward call 52 66 245 487

over verifier-passed rollouts

Table 4: Per-step timing comparison across reward designs under the main training setup. Times are measured
averages in seconds per training step, rounded to the nearest second and broken down into rollout generation,
reward-and-advantage construction, actor update, and full-step time.

Training Setup Multiple-choice (n = 1,990) Open-ended (n = 510)

Acc RC-Acc  IncR CBIR Acc RC-Acc IncR CBIR
Before training 51.76% 49.40% 588% 236% 38.82% 38.63% 1.76% 0.20%
RLVR 55.83% 48.84% 20.40% 698% 44.71% 41.57% 14.71% 3.14%
w/ Groupwise Ranking Reward 58.74% 57.39% 3.12% 136% 44.71% 4431% 2.75% 0.39%

Table 5: Question-type breakdown under three training settings. Every percentage is normalized by the total number
of examples within the same question type, not by the global benchmark total.

F.2 Training Data Distribution: ViRL vs.
GSMSK

A second factor is the RL training data distribu-
tion. To study it, we compare two runs that start
from the same initialization and are evaluated with
the same five-benchmark multimodal inconsistency
pipeline, but are trained on two very different data
sources: a multimodal image-grounded RL corpus
ViRL (Wang et al., 2025a), and GSM8K, a pure text
arithmetic dataset (Cobbe et al., 2021). Both runs
use the same GRPO training framework, but the un-
derlying task distributions and correctness signals
are not identical across the two datasets. We there-
fore present this as an empirical cross-dataset com-
parison rather than a clean modality-only causal
ablation.

Figure 6 shows that GSM8K keeps incon-
sistency low while still improving multimodal
evaluation. Relative to the shared initialization,
training on GSMS8K improves average Acc from
49.12% to 51.96% and RC-Acc from 47.20% to
50.72%. At the same time, IncR drops from 5.04%
to 3.44%, and CBIR drops from 1.92% to 1.24%.
Across training, the inconsistency curves remain
in a relatively tight band and stay well below the
shared initialization. This means that text-only RL
data can still transfer useful reasoning discipline
to multimodal evaluation, even though it does not

directly train image-grounded skills.

ViRL offers higher upside, but the faithful-
ness trade-off is much less stable. On the same
evaluation pipeline, ViRL reaches higher answer
accuracy and a stronger best RC-Acc than GSM8K.
However, this gain is accompanied by substantially
higher inconsistency, and the later part of training
degrades further rather than remaining stable. At
the end of training, ViRL still keeps Acc above
the shared initialization at 52.88%, but overall in-
consistency rises to 8.24% and RC-Acc falls to
49.88%. The same pattern appears broadly across
benchmarks rather than in one isolated dataset: at
the final checkpoints, ViRL has higher inconsis-
tency than GSMS8K on all five evaluation sets, for
example 10.0% vs. 3.0% on MathVision and 7.8%
vs. 3.2% on WeMath.

The training logs support the same asym-
metry. We also inspect the judge-flagged in-
consistent samples saved from training-time logs.
On GSMBK, these cases are nearly absent: only
0.0% — 0.4% of the 500 inspected rollouts per
checkpoint are flagged inconsistent, and high-score
inconsistent samples never exceed 0.2%. On ViRL,
the corresponding numbers are much larger, rang-
ing from 6.2% to 10.8% for all flagged inconsis-
tencies and from 2.4% to 5.6% for inconsistent
samples with score > 0.5. This does not prove
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=O= Train on GSM8K == Train on ViRL
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Figure 6: Average evaluation dynamics when the same
RL framework is trained on text-only GSM8K or
multimodal ViRL. Both runs start from the same
initialization and are evaluated with the same
five-benchmark multimodal inconsistency pipeline.
ViRL reaches higher answer accuracy, but its
inconsistency grows much faster during training.

that multimodality alone causes inconsistency, but
it does show that the ViRL training distribution
exposes the policy to many more internally mis-
matched yet nontrivially rewarded rollouts, which
is consistent with the evaluation-side drift in Fig-
ure 6.

Overall, this comparison suggests that the train-
ing data distribution has a first-order effect on faith-
fulness dynamics under RL. GSMS8K behaves like a
conservative regularizer: it transfers some answer-
format and reasoning discipline, keeps inconsis-
tency low, and improves RC-Acc steadily, but its
multimodal accuracy ceiling is limited. ViRL has
a higher ceiling on multimodal tasks, yet it also
produces a much stronger late-stage inconsistency
drift. The practical implication is not that text-only
data is universally preferable, but that multimodal
RL appears to need stronger inconsistency control
if we want to keep its accuracy gains from turning
into reasoning-answer mismatch.
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G Reward Judge Prompts

To make the controlled comparison concrete, we
collect the prompt families used by the three
trajectory-supervision variants. The PRM follows
a visual stepwise process-reward setup, while the
two GR-based variants use the same gpt-o0ss-20b
judge backbone with different user instructions.

PRM instruction. For each trajectory step, the
PRM uses the following prompt pair and asks the
model to emit exactly one token for the current
step:

PRM Prompt

System  You are a process reward model. Given the

current reasoning step and prior context, output exactly
one token: + or -. Use + only if the current step is valid
and consistent with the question/context.

User

Question

{question}

Solution Process

{step}

When the trajectory has multiple steps, previous
steps are replayed as earlier user turns paired with
positive assistant replies, and the current step is
queried last. The rollout-level PRM reward is then
obtained by averaging the per-step rewards.

Pointwise GR instruction. Pointwise GR uses
an instruction that asks the judge to score one tex-
tualized trajectory independently:

Pointwise GR Instruction

You are an expert evaluator for reasoning quality. Eval-
uate the assistant response based on reasoning-quality
assessment.

Scoring Rubric
Score the overall reasoning quality on a scalar in [0,
1], where:

* 1.0: clear, logically coherent, and mathematically
sound derivation.

* 0.8: mostly solid reasoning with only minor slips
that do not break the core logic.

* 0.5: partially valid reasoning; noticeable gaps or
mistakes reduce reliability.

* 0.2: largely flawed reasoning with major logi-
cal/calculation issues.

* 0.0: reasoning is missing, nonsensical, or clearly
fails to solve the task.

Evaluation Guidance

When assigning the single score, consider the overall
logical coherence of the steps, correct use of given
conditions or visual facts, calculation and transforma-
tion quality, clarity/completeness of the conclusion, and
whether uncertainty is handled honestly without unsup-
ported guessing.

Note. The original problem may include image input,
but you cannot access the image. If the reasoning refer-
ences information that could plausibly come from the
image and is not contradicted by available text, do not
treat that as an error by itself; score based on textual
reasoning quality.

Output Schema
Return JSON only with this schema:

{"reasoning_feedback":
"<short explanation of
weaknesses, and key issues>",
"judge_score”: <float between @ and 1>

3

strengths,

Generate "reasoning_feedback” first and place
"judge_score" last.

If some information is missing, still provide the best-
effort score from available text.

Problem

{problem}

Response

{response}

Groupwise Ranking Reward instruction. The
groupwise variant uses the same judge backbone
but replaces scalar scoring with a tie-aware ranking
instruction over all verifier-passed candidates for
the same prompt:

Groupwise Ranking Instruction

You are ranking multiple candidate solutions to the same
reasoning problem.

Problem

{problem}

Reference Answer
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{reference_answer}

Candidate Solutions

{candidate_solutions}

Ranking Principles

1.

Audit the reasoning steps, not just the final answer;
flag leaps, contradictions, or missing justification.

. Prioritise solutions whose final answers align with

the reference answer.

. If solutions are equally correct and use materially

similar reasoning, give them the same rank; do not
force an ordering without a clear qualitative differ-
ence. If all are equally correct, all ranks must be
1.

. When reasoning differs, choose the mathematically

valid, well-supported argument even if multiple so-
lutions reach the same final answer.

. Penalise calculation mistakes, invalid assumptions,

or logical gaps relative to error-free solutions.

. Keep the comparison focused on mathematical cor-

rectness and clarity.

Output Format

Return strict JSON with no commentary:

{"solutions": [

"index": 1,
"rank”: 1,
"justification”: "Short comparison

that explains the placement.”,
"agreement_with_reference”:
"match” | "different” | "unknown”,
"errors”: ["optional list of key
mistakes"]},

1

Rules

Lower rank numbers correspond to better solutions.

Use the same rank for tied solutions that should be
treated equally.

Include every candidate exactly once.

If you assign the same rank, the numeric rank fields
must be identical (e.g., all 1s for a full tie); do not
output 1,2, 3. .. when you describe them as equal.

Keep the justification concise, citing key reasoning
differences or errors that justify the rank.

29295



