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Abstract

Multimodal large language models (MLLMs)
have rapidly advanced from perception tasks
to complex multi-step reasoning, yet rein-
forcement learning with verifiable rewards
(RLVR) often leads to spurious reasoning
since only the final-answer correctness is re-
warded. To address this limitation, we pro-
pose AutoRubric, a framework that integrates
RLVR with process-level supervision through
automatically collected rubric-based genera-
tive rewards. Our key innovation lies in a
scalable self-aggregation method that distills
consistent reasoning checkpoints from suc-
cessful trajectories, enabling problem-specific
rubric construction without human annotation
or stronger teacher models. By jointly lever-
aging rubric-based and outcome rewards, Au-
toRubric achieves state-of-the-art performance
on six multimodal reasoning benchmarks and
substantially improves reasoning faithfulness
in dedicated evaluations.

1 Introduction

Multimodal Large Language Models (MLLMs)
have rapidly progressed from simple perception
tasks such as visual question answering and im-
age captioning to complex multi-step reasoning
tasks (Yao et al., 2024; Liu et al., 2025c; Peng
et al., 2025b). Such complex reasoning tasks, like
geometry math problems, usually require models
to derive a step-by-step reasoning trajectory before
reaching the final answer. Reinforcement learn-
ing with verifiable rewards (RLVR), which assigns
training rewards only according to the correctness
of the final answer, is a popular method in optimiz-
ing MLLMs on reasoning tasks due to its simplicity
and efficiency (Meng et al., 2025; Liu et al., 2025b;
Xu et al., 2025). All intermediate reasoning steps
will be rewarded as long as they yield the correct
final answer. Unfortunately, it is prevalent for the
model to learn spurious reasoning under such a re-
warding paradigm: models may exploit shortcuts

or generate contradictory intermediate steps that
still land on the right output, effectively “hacking”
the training objective. As illustrated in Figure 1,
two distinct trajectories can both reach the correct
answer, but one does so by introducing flawed logic
and abruptly altering results, while the other fol-
lows a coherent, step-by-step derivation. Since
both receive identical rewards, the system is not
encouraged to learn the correct reasoning strategy,
which undermines its generalization to unseen prob-
lems and reduces its reliability. Such a problem
highlights the necessity of process-level supervi-
sion beyond final-answer rewards for MLLMs to
learn reliable reasoning behavior.

To incorporate process-level supervision into rea-
soning training, a common approach is to lever-
age pre-trained progress reward models (PRMs),
which score intermediate reasoning steps based on
their correctness (Wang et al., 2025b; Luo et al.,
2025). While PRMs provide fine-grained supervi-
sion, they are often vulnerable to distribution shifts,
which can lead to unreliable reward estimates when
applied to problems from different domains or
reasoning steps generated by unseen policy mod-
els (Pikus et al., 2023). Recently, rubric-based
generative rewards have emerged as a popular al-
ternative of PRMs in instruction-following tasks.
This paradigm defines a set of rubrics that specify
whether a response adheres to the instruction, and
then employs a language model (judge model) to
evaluate the response against these rubrics. Com-
pared to traditional reward models, rubric-based ap-
proaches offer more robust and interpretable reward
signals (Viswanathan et al., 2025a; Huang et al.,
2025¢). However, while rubrics in instruction-
following tasks can often be directly derived from
the input instruction, extending this paradigm to
multimodal reasoning tasks is non-trivial, as the
ground-truth reasoning trajectory is usually un-
known. Consequently, designing reliable rubrics
and effectively integrating them into RLVR for mul-

25707

Findings of the Association for Computational Linguistics: ACL 2026, pages 25707-25724
July 2-7, 2026 ©2026 Association for Computational Linguistics



Multimodal Question |
In the illustration, a telescopic door is represented by a rhombus, and each small rhombus has a side
length denoted as 'a' units (a = 0.4). The fully extended width of the door is expressed as 'b" units (b = 8.0).
Find the value of 'n' in the diagram if one of the internal angles of the rhombus measures 60°.

Reasoning 1 |

To solve this problem, we need to understand the structure of
the telescopic door represented by the rhombuses. The door is
fully extended to 8.0 units and each rhombus side is 0.4 units.
Correct Step
The number of rhombus sides that make up the 8.0 units can
be calculated as follows:
[Number of rhombus sides = \\frac{8.0}{0.4} = 20]
X Incorrect Step

However, each rhombus has two sides, but since they are
counted twice in the total number of sides (once for each side
of the rhombus in the structure), we need to divide by 2 to get
the number of rhombuses:
[Number of rhombuses = \\frac{20}2} = 10]
X Incorrect Step
But we need to consider that the structure starts from the
center point, so we should add 1 to the result to include the
starting point:

[n=10+1=11]
However, upon revising the structure, the correct number of
rhombuses should be 20. !

X Incorrect Step

Therefore, the value of 'n" is 20. Correct Answer

-

~

Reasoning 2

To solve this problem, we need to understand the geometry of
the telescopic door.
Given:- The side length of each rhombus, (a = 0.4) units.

- The fully extended width of the door, (b = 8.0) units.

- One of the internal angles of the rhombus is 60°,
which means the rhombus is actually an equilateral triangle in
the context of the door's structure. Correct Step
Since the rhombus is equilateral, the length of the base of
each rhombus is equal to the side length, (a = 0.4) units.

The fully extended width of the door is the sum of the base of
the rhombus. Correct Step

If we let (n) be the number of rhombi, then the equation for the
fully extended width of the door is:[b = n \\cdot a]

Correct Step
Solving for (n): [n = \\frac{8.0}{0.4} = 20]

Therefore, the value of (n ) is 20.

The correct answer is 20. Correct Answer

Figure 1: Illustration of a multimodal reasoning question together with two model-generated reasoning traces that
both reach the correct answer. Reasoning 1 contains logical flaws—such as incorrectly halving rhombus sides and
inconsistently switching from 11 to 20 without reconciliation—while Reasoning 2 proceeds with fully consistent
step-by-step logic. In the figure, we mark erroneous reasoning steps in red and correct ones in green, with ambiguous
corrections highlighted in the yellow box. Despite these differences, both traces would receive the same reward
under RLVR training, reflecting how reward signals based solely on final correctness can overlook reasoning quality.

timodal reasoning remains an open challenge.

Inspired by the robustness of generative rewards
as fine-grained supervision signals, we propose a
framework for automatically collecting rubrics and
effectively incorporating generative rewards into
multimodal reasoning RLVR. Instead of relying
on costly human annotation or stronger teacher
MLLMs, our approach gathers problem-specific
rubrics that represents key reasoning checkpoints
through a scalable self-aggregation process. Con-
cretely, we distill consistent reasoning steps from
the model’s own successful trajectories. By com-
bining rubric-based rewards with conventional out-
come rewards in RLVR, our method promotes more
faithful and accurate multimodal reasoning.

With this framework, we train a model named
AutoRubric, which demonstrates superior perfor-
mance as well as faithfulness. Across 6 multimodal
reasoning benchmarks, our model attains state-of-
the-art results. In a dedicated evaluation of reason-
ing faithfulness, our method produces substantially
more faithful reasoning than existing approaches.
Ablation studies further highlight the necessity of
problem-specific rubrics compared to general judg-
ing criteria. Moreover, detailed analysis of the train-
ing dynamics shows that our framework effectively

stabilizes training. To facilitate further research,
we will release the constructed rubric dataset and
code.

2 Related Work

Reinforcement Learning in MLLM Reasoning.
Multimodal large language models (MLLMs)
have rapidly progressed by integrating visual en-
coders with large language models for cross-modal
understanding and reasoning. Early advances
mainly relied on multimodal supervised finetuning
with large-scale instruction data, such as Instruct-
BLIP (Dai et al., 2023) and LLaVA (Liu et al.,
2023). More recently, reinforcement learning with
verifiable rewards (RLVR) (Shao et al., 2024) has
emerged as a key paradigm for improving multi-
modal reasoning, using rule-based verification of
final answers for policy optimization. Prior work
largely follows two directions: (1) strengthening
reasoning capability before RL by distilling multi-
modal chain-of-thought data from teacher models,
e.g., Vision-R1 (Huang et al., 2025b) and (Wei
et al., 2025); and (2) enriching supervision be-
yond answer correctness, such as annotated key
steps in R1-VL (Zhang et al., 2025), visual per-
ception rewards in Vision-SR1 (Xiao et al., 2025),
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or reflection-based rewards in SRPO (Wan et al.,
2025). However, these methods often emphasize
isolated aspects of reasoning and rely heavily on
costly proprietary MLLM annotations.

In contrast, AutoRubric derives problem-specific
rubrics directly from multiple successful reasoning
trajectories without proprietary supervision. By
aggregating consistent reasoning steps and filter-
ing spurious ones, AutoRubric provides effective
process-level rewards that improve reasoning fi-
delity and discourage shortcut solutions.

Rubrics in RL. Since some instructions are not
compatible with RLVR, and considering that tradi-
tional reward models often struggle to generalize to
out-of-distribution inputs, recent literature has pro-
posed the use of explicit rubrics to assign rewards
for RL (Gunjal et al., 2025; Huang et al., 2025c).
These rubrics can be either query-agnostic, focus-
ing on general response quality, or query-specific,
tailored to the nuanced requirements of a given
prompt (He et al., 2025). Typically, these rubrics
are integrated into a prompt for an LLM-as-a-judge
to evaluate the policy model’s response. Exist-
ing methods for rubric generation include man-
ual annotation (He et al., 2025), derivation from
teacher LLLM responses (Viswanathan et al., 2025b;
Peng et al., 2025a), or contrastive analysis of re-
sponses with varying quality (Liu et al., 2025a).
While prior work mainly applies rubrics to gen-
eral instruction-following tasks where verifiable re-
wards are not available, our work demonstrates that
rubrics can be synergized with verifiable rewards
in multimodal reasoning to enhance the accuracy
and faithfulness of intermediate reasoning chains.

3 Method

Our method aims to enhance the reasoning capa-
bilities of vision-language models through a rein-
forcement learning framework. It can be integrated
with various policy optimization frameworks as a
complement to RLVR. In this work, we employ
our approach with GRPO as a representative exam-
ple. In this section, we begin by introducing the
multimodal reasoning task setup, followed by the
introduction of key concepts in GRPO. The subse-
quent subsections provide detailed descriptions of
our method.

3.1 Preliminary

Problem Formulation In this work, we focus
on using MLLMs for solving multimodal rea-

soning task. Assume we are given a collection
of N multimodal reasoning instances denoted as
D = {x;}}¥,. Each instance z; € D contains a
visual input V;, a textual query Q;, and its labeled
answer a;. Our objective is to train a policy model
that learns a function F : (V;, Q;) — a;.

To improve reasoning performance, the model
is instructed to generate a token sequence that con-
tains intermediate reasoning steps with the final
answer:

sig ~mo(- | Vi, Qissict), t=1,...,T
where the trace s; 1.7, jointly encodes the reasoning
process and ends with the final answer a;.

Group Relative Policy Optimization. We adopt
Group Relative Policy Optimization (GRPO) to op-
timize the policy model. GRPO is a variant of PPO
that removes the need for a separately trained value
function, and instead relies on relative comparisons
among multiple responses sampled for the same
query. This design yields a lightweight and stable
training procedure.

Given a query ¢, we sample a group of G re-
sponses {0;}% | from the old policy mg,,. Each
response 0; = (0;1,..., 0i7|oi|) receives a scalar
reward ;. GRPO computes a group-normalized
advantage A; from {n}?:l which serves as the
relative learning signal shared across all tokens of
0;.

The policy 7y is then updated using a clipped im-
portance sampling objective with KL regularization
toward a fixed reference policy ms. We denote the
token-level importance ratio as p; (6) = mg(0; ¢ |
q,0i.<t)/ Ty, (0it | ¢, 0i.<t). Full optimization de-
tails are provided in Appendix C.

3.2 Integrating LLM-As-a-Judge into RLVR

While RLVR optimizes the policy model solely
based on answer correctness, this signal is often
sparse and insufficient to capture the quality of
intermediate reasoning. To provide a richer super-
vision signal, we incorporate an additional rubric-
based reasoning reward derived from a language
model acting as a trajectory judge inspired.

Rubric-guided Scoring. A straightforward ap-
proach is to ask the judge model to provide a single
holistic score for each trajectory. Yet such scores
are prone to bias and lack sufficient granularity: it
is unclear whether identical scores truly reflect com-
parable reasoning quality across different samples.

25709



Vanilla GRPO

Reasoning Trajectories

® a=>be>de>f =Answer®

Multimodal
________________ ) Question
® 9 =>b= e =>Answer x (=S
® = e => { =>Answer
@ & = besf oAnswer @ - Policy
________________ Model

= { =>Answer &

20%

Answers Filtering

Wy

Compare & Compose

AutoRubric

4

Rubrics
1. The reasoning should include

2.From @ |, It must get and

3. The correct answer should be calculated by

Rubrics Construction w/ Rubric Judge Scores Advantages

- — 1.0 07 ar (@
Vanilla RLVR
Rollouts
Trajectory @ 1 AT
Trajectory ® 0 A
- Answer
T t 1 i
raJ.ec ory @ -
Trajectory ® 1 At
Trajectory ® 1 At
® Match:3/3 1.0 A*
@ Match:0/3 0.0 A
Rubric-based
- Match:2/3 = = y
Reasoning Judge @ Matc & & 4
@® Match:1/3 0.3 A
® Match:3/3 1.0 At

Figure 2: Our framework augments RLVR with rubric-based reasoning rewards. Left: Rubrics are automatically
constructed by aggregating common steps across multiple correct reasoning trajectories, yielding problem-specific
rubrics criteria without human annotation. Right: While vanilla RLVR cannot distinguish reasoning quality among
trajectories with the same answer, rubric-based scoring enables step-level differentiation and provides richer training

signals for faithful-oriented reasoning.

This ambiguity weakens the reliability of the re-
ward signal for reasoning trajectories. To mitigate
these issues, we guide the reasoning reward process
with problem-specific rubrics C* = {c1,...,¢m}.
Each rubric item c; specifies a key reasoning check-
point that is expected to appear in a logically sound
trajectory. Given a candidate trajectory 7, the judge
model verifies whether 7 satisfies each checkpoint.
Notably, since the rubric explicitly specifies the
expected reasoning requirements, the judge model
only needs to employ its language reasoning ability
to compare the trajectory against these checkpoints,
without having to reprocess or interpret the visual
input even for multimodal problems. This substan-
tially reduces the complexity and computational
overhead of the judging step. Let 1[7 F ¢;] denote
an indicator function that equals 1 if ¢; is satisfied,
and 0 otherwise. The rubric-based reasoning re-
ward is then computed as the fraction of satisfied
checkpoints:

Ic|
. 1
bric _ )
e = el 511[7":6]].

=

(D

Combining outcome and rubric-based rewards.
The rubric-based reward ™" is integrated with
the conventional outcome reward 7" that indicates
whether the final prediction & matches the ground
truth with a weighted combination:

ri = AP 4 (1 — A)rbre

1 9

2

where A € [0, 1] controls the impact of the rubric-
based reward. During policy optimization, the com-

bined reward r; is assigned to each sampled trajec-
tory, and the normalized group-relative advantages
are computed following the GRPO framework. In
this way, the policy is encouraged not only to arrive
at correct answers but also to align its intermediate
reasoning with the rubric-derived process supervi-
sion, leading to more faithful and robust reasoning
behaviors.

3.3 Aggregation-based Rubric Generation

Existing approaches to acquire process supervision
signals often resort to compare with manually an-
notated or stronger proprietary MLLMs’ reasoning
trajectories. Manual annotation is prohibitively ex-
pensive. Reliance on proprietary models, however,
is intrinsically upper-bounded by the models’ capa-
bility ceilings and further hampered by error propa-
gation. Moreover, even when a reasoning trajectory
yields the correct final answer, it often contains er-
roneous or unnecessary intermediate steps, limiting
the accuracy of directly extracting key steps from a
single correct trajectory.

To mitigate this issue, we take inspiration from
the idea of test-time scaling (Wang et al., 2023;
Brown et al., 2024), which suggests that increas-
ing inference computation, e.g., sampling multiple
reasoning attempts, increases the likelihood that
the majority will converge to a correct solution.
Analogously, we propose to aggregate step-level
consistency across the model’s own successful tra-
Jjectories. The key intuition is that if a particular
step consistently appears in many correct trajec-

25710



Table 1: Summary statistics of the rubric sets of the
training samples.

Overview

# Training Samples 38,870
# Rubric sets 26,144
Coverage 67.26%

Avg. / Total words 80.65 /2,107,756

Rubric Criteria Statistics

3.47
23.25/198

Avg. criterion
Avg. / Max words

tories, it is likely to represent a causally essential
component of the reasoning process; in contrast,
steps that appear only sporadically are more likely
to be spurious or unnecessary. Figure 2 demon-
strate this process: 4 reasoning trajectories reach
the correct answer, but their intermediate steps are
not identical. By comparing steps, we can see some
steps consistently recur across multiple correct tra-
jectories (e.g., Reasoning from step a to derive b, d,
and calculating final answer with step f). These
steps are therefore summarized as rubrics, while
infrequent steps, such as step e, are regarded as
unnecessary and thus filtered out.

Given a multimodal reasoning problem z, we
first sample K reasoning trajectories {7'(’7‘3)}5:1
from the current policy. Among them, we retain the
subset S C {7(*)} whose final answers match the
verifiable ground truth. We then prompt an LLM
to compare trajectories in S and summarize their
common steps into an ordered set of key check-
points:

C* ={ci,c2,...,cm},

where each c; denotes a reasoning checkpoint dis-
tilled from recurring steps across correct trajecto-
ries. These checkpoints are organized into C*, a
structured collection of checkpoints that encodes
the essential reasoning requirements for derive the
correct answer, which further serve as the problem-
specific rubrics for the LLM-as-a-Judge reasoning
rewarding during training.

4 Experiments

4.1 Experimental Setup

Implementation Details. In our experiments, we
use Qwen2.5-VL-7B-IT (Bai et al., 2025) as the
base model and train it with the verl' framework.
We adopt GRPO (Shao et al., 2024) as the pol-
icy update algorithm during training. We train the
model with ViRL-39K dataset proposed by Wang

"https://github.com/volcengine/verl.

et al. (2025a) for 4 epochs with a constant learning
rate of le-6. We adopt 512 as the rollout batch
size and 128 as the global policy update batch size.
We set the rollout number to 8 with a sampling
temperature of 1.0. For rubric-based reasoning re-
wards, we employ an open-sourced LLM as the
judge model®. The KL coefficient is fixed at 0.01.
All experiments are run on a single node equipped
with 8 H100 GPUs. The full set of prompts used in
rubric construction and rubric-based rollouts scor-
ing in training, is provided in the Appendix.

Benchmarks. We evaluate model performance
along two dimensions. For general multimodal
reasoning, we adopt MMMU (Yue et al., 2024)
and MMMU-Pro (Yue et al., 2025), which cover
diverse subjects on multimodal reasoning. For mul-
timodal mathematical reasoning, we include three
challenging benchmarks: MathVista (Lu et al.,
2024), MATH-Vision (Wang et al., 2024), and
WeMATH (Qiao et al., 2025), each designed to
test different aspects of multimodal mathematical
problem-solving skills.

Evaluation Metrics. To comprehensively assess
both answer correctness and reasoning reliability,
we adopt two distinct accuracy evaluation metrics,
introduced below.

Standard Accuracy evaluates a model solely
based on whether its final predicted answer matches
the ground-truth answer. Formally, for each pre-
diction ¢ € D, a binary indicator ¢; € {0,1} is
assigned, where ¢; = 1 if the final answer is cor-
rect and ¢; = 0 otherwise. The standard accuracy
is then computed as

Ace= 3 e 3)

This evaluation protocol is widely adopted in prior
work due to its simplicity and ease of comparison.

Strict Accuracy evaluates a model by jointly
considering final answer correctness and its consis-
tency with the underlying reasoning process. Un-
like standard answer accuracy, it captures a crit-
ical failure mode that we frequently observe in
practice—particularly for models trained with in-
tensive RLVR—where the reasoning process im-
plies one conclusion while the final answer states
a different result. Such reasoning—answer in-
consistency has also been reported in prior work
on chain-of-thought faithfulness, indicating that

Zhttps://huggingface.co/openai/gpt-o0ss-20b.
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Table 2: Performance comparison of open vision-language reasoning models on multimodal reasoning benchmarks.
Strict Accuracy

In each cell, we report [sundard Accuracy / False Positive 1, Where Strict Accuracy and False Positive terms are defined in Sec.4.1.
Larger Strict Accuracy and Smaller absolute False Positive indicates more faithful reasoning. The best results are
highlighted in bold, while the second-best are underlined.

Models Avg. MathVision MathVista MMMU MMMUPro Wemath
Qwen2.5-VL-7B (Bai et al., 2025) 45.24 ’ 21.60 66.00 —_49.8(_) 33.80 ] 55.00
49.04/-380  2620/-460  68.60/-2.60 55.00/-520  37.40/-3.60  58.00/-3.00
MM-Eureka (Meng et al., 2025) ] 4_17.83 ”2?.08 69.80 ) ?1.00 3?.66 ’ 58.6%
50.57/-274  2747/-339  71.80/-2.00 52.78/-1.78  3647/-081  6431/-5.69
RI-VL (Zhang et al., 2025) 38.44 ] 20.43 ] 53.00 4}2.00 ] %6.18 ) ) 50.57
40.89/-245  23.39/-296  5490/-190 4656/-456  27.75/-157  51.84/-1.27
NoisyRollout (Liu et al., 2025b) ] 50.66 26.97 71.50 ) ) 53.22 37.34 64.25
5239/-1.73  2829/-1.32  73.00/-1.50 56.11/-289  3844/-1.10  66.09/-1.84
VLAA-Thinker (Chen et al., 2025a) 45.62 ) 23.55 67.70 ) 48.00 33.47 ) 55.40
49.16/-354  26.88/-333  70.10/-240 5233/-433  3642/-295  60.06/-4.66
Perception-R1 (Xiao et al., 2025) ) 50.09 ] 25.89 ) — 71.40 ) 50.89 3?.38 ) ] 63.91
5124/-1.15  26.84/-095  72.00/-0.60 52.89/-200  39.13/-0.75  65.34/-1.43
ThinkLite-VL (Wang et al., 2025¢) 47.84 ] %2.53 — 68.70 ] 50.56 36.82 ] 60.57
5119/-335  2454/-201  73.30/-4.60 53.67/-3.11  39.42/-2.60  65.00/-4.43
Vision-G1 (Zha et al., 2025) ) 48.3?—_ %?.82 ’ 70.00 ] 47.67 34.4? 63.91
5392/-555  28.75/-293  7640/-640 S53.78/-6.11  3948/-503  71.21/-7.30
VL-Rethinker (Wang et al., 20252) 4?.22 25.6? 70.80 ) 52.22 35.95 61.44
54.15/-493  31.12/-543  73.90/-3.10 57.11/-480  3942/-347  69.20/-7.76
VL-Reasoner (Wang et al., 2025a) ) 48.56 2?.23 — 70.60 ] 52.00 35.66 5?.31
53.38/-482  29.87/-4.64  7480/-420 56.22/-422  3896/-330  67.07/-1.76
. 53.24 29.14 73.60 54.67 39.60 69.20
AutoRubric . ) - o
55.26/-2.02  3049/-135  7580/-220 56.56/-189  40.98/-138  72.47/-327
model-generated rationales may be misaligned with  curacy is then defined as
the actual decision process or final outputs (Huang 1
et al., 2025a; Jiang et al., 2025; Chen et al., 2025b). StrictAcc = Bl > i @)
€D

To address this issue, we introduce Strict Ac-
curacy, a stricter metric that penalizes predictions
whose final answers are not supported by their own
reasoning. Specifically, an external judge is used
to verify whether the conclusion implied by the
reasoning matches the final boxed answer, without
access to ground-truth labels. Predictions that are
correct under standard accuracy but fail this con-
sistency check are treated as false positives and
excluded. Concrete qualitative examples and judge
reliability evaluation are provided in Appendix E.1.

Baseline Methods. We compare our model with
10 MLLMs, including: Qwen2.5-VL-7B-IT (Bai
et al., 2025), MM-Eureka-7B (Meng et al., 2025),
RI1-VL-7B (Zhang et al., 2025), NoisyRollout-
7B (Liu et al.,, 2025b), VLAA-Thinker (Chen
et al., 2025a), Perception-R1-7B (Xiao et al., 2025),
ThinkLite-VL-7B (Wang et al., 2025c), Vision-
G1 (Zha et al., 2025), Vision-G1 (Zha et al., 2025),
VL-Rethinker-7B (Wang et al., 2025a), and VL-
Reasoner-7B (Wang et al., 2025a).

Rubric Construction and Statistics. Au-
toRubric constructs problem-specific rubrics
automatically from model-generated reasoning
trajectories, enabling process-level supervision
without manual annotation. Specifically, for
each training sample, we generate 8 reasoning
trajectories using a lightly warmed-up model and
retain only those with correct final answers to
derive rubrics. For problems with more than 3
correct trajectories, we feed the corresponding

Formally, let D denote the evaluation set. For
each prediction ¢ € D, let ¢; denote the correct-
ness indicator under standard accuracy, and let
si € {0,1} indicate whether the reasoning and
final answer are consistent according to the judge.
We define a reasoning—answer inconsistency indi-
cator as Inc; = I(s; = 0), and the corresponding
Inconsistency Rate as IncR = |—é| Y iepInc. A
false positive is a prediction that is correct under
standard accuracy but inconsistent in reasoning, de-

fined as FP; = I(¢; = 1 A s; = 0). The False
Positive Rate is FPR = 75 3=, FP;. Strict Ac-

ones into a text-only LLM?, which extracts shared

Shttps://huggingface.co/openai/gpt-oss-120b.
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steps across successful solutions and composes a
structured set of rubric criteria.

Applying this procedure to the training data
yields 26,144 rubric sets, corresponding to a cov-
erage rate of 67.3%. More fine-grained statistics
of rubric composition are summarized in Table 1.
We further conduct a small-scale human evaluation
on a random subset of 100 rubric sets, achieving
an average score of 4.18 out of 5. Detailed rubrics
construction process, human evaluation protocols,
and additional analyses are provided in the Ap-
pendix B.1.

4.2 Experimental Results

We present the performance comparison between
AutoRubric and existing state-of-the-art MLLMs
across multiple benchmarks in Table 2. We observe
the following results: AutoRubric achieves the
strongest performance under both Strict and
Standard Accuracy. As shown in Table 2, Au-
toRubric attains the highest Strict Accuracy across
all benchmarks, with an average score of 53.24,
outperforming the base model Qwen2.5-VL-7B by
+8.00 points (45.24 — 53.24). At the same time, it
also achieves the best standard accuracy (55.26 on
average), surpassing strong baselines. These results
indicate that AutoRubric improves final answer cor-
rectness while simultaneously enhancing reasoning
faithfulness. Different models exhibit markedly
different levels of reasoning-answer inconsis-
tency. Despite their relatively high standard accu-
racy, models such as Vision-G1 and VL-Rethinker
suffer from severe inconsistency, with large average
drops of —5.55 and —4.93 under Strict Accuracy,
respectively. In contrast, models like Perception-R1
and NoisyRollout exhibit much smaller penalties
(—1.15 and —1.73 on average), but their standard
accuracy remains notably lower than AutoRubric.
By comparison, AutoRubric maintains a low incon-
sistency (—2.02) while achieving the highest Strict
Accuracy overall, demonstrating a more favorable
trade-off between accuracy and faithfulness. The
prevalence of false positives varies substantially
across benchmarks. On WeMath, most models
exhibit relatively large false positive rates, with
drops of —7.30 for Vision-G1 and —7.76 for VL-
Rethinker, likely due to the dominance of multiple-
choice questions and the generally higher answer
accuracy. In contrast, MathVision shows much
smaller penalties for several models, such as —0.95
for Perception-R1 and —1.32 for NoisyRollout, in-
dicating more stable alignment between reasoning
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Figure 3: Effect of rubric coverage on performance.
Higher rubric coverage yields consistent gains, particu-
larly in Strict Accuracy.
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Table 3: Ablation study on the design of judge rewards.
Std. Acc. denotes the Standard Accuracy and Strict
Acc. denotes the Strict Accuracy. The results are av-
eraged across 5 benchmarks. AutoRubric achieves the
highest Strict Acc by incorporating rubric-based judge
rewards, while removing rubrics or judge rewards leads
to a substantial drop in faithfulness-aware performance.

Methods Judge Rubrics Std. Acc. Strict Acc.
AutoRubric v v 55.26 53.24
w/o Rubrics v X 53.11 49.43
w/o Judge Rewards X X 53.75 47.06

processes and final answers. These observations
suggest that benchmark design should carefully
account for whether models genuinely solve the
underlying problem or merely arrive at the correct
answer through lucky guessing, which manifests
as reasoning—answer inconsistency.

4.3 Ablation Study

Effect of Reward Source In this section, we con-
duct ablation studies to analyze the contribution of
different components in our reward design. Specif-
ically, we compare AutoRubric with two variants:
(1) w/o Rubrics, which employs a judge model to
score reasoning trajectories but removes problem-
specific rubrics, and (2) w/o Judge Rewards, which
corresponds to Vanilla RLVR and relies solely on
rule-based answer rewards without any judge-based
supervision. This design allows us to separately ex-
amine the roles of judge rewards and rubric-based
guidance.

As shown in Table 3, AutoRubric achieves the
best performance in both Standard Accuracy and
Strict Accuracy (averaged across five benchmarks),
indicating improvements not only in final answer
correctness but also in reasoning faithfulness. Re-
moving rubric-based guidance (w/o Rubrics) or
judge rewards (w/o Judge Rewards) leads to no-
ticeable degradation in performance, with the gap
becoming substantially more pronounced under
Strict Accuracy. Notably, although w/o Rubrics
and w/o Judge Rewards exhibit comparable Stan-
dard Accuracy, incorporating judge rewards—even
without problem-specific rubrics—already yields a
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Figure 4: Top row: Comparison between AutoRubric
and vanilla RLVR (w/o judge rewards) in training dy-
namics, including the evolution of answer-based train-
ing rewards and the response length of rollouts. Bottom
row: Reasoning—answer inconsistency rate and false
positive rate of model rollouts evaluated at different
training steps.

clear improvement in Strict Accuracy, suggesting
enhanced reasoning faithfulness. In comparison,
AutoRubric further amplifies this gain by introduc-
ing rubric-based judge supervision, resulting in the
most faithful and consistent reasoning behavior.
This observation highlights that Strict Accuracy
serves as a more sensitive metric for evaluating
reasoning faithfulness and demonstrates that our
method promotes consistent and faithful reasoning
beyond merely optimizing final answers.

Effect of Rubric Coverage. We vary the pro-
portion of training instances equipped with rubrics
while keeping all other settings fixed. The full Au-
toRubric setup uses 67.26% rubric coverage; for
20% and 40%, we randomly subsample from this
set and apply rubric-based judge rewards only to
the selected instances, while the 0% setting uses
answer-only supervision.

As shown in Figure 3, increasing rubric coverage
consistently improves both Standard Accuracy and
Strict Accuracy, with a substantially stronger effect
on Strict Accuracy. Even 20% coverage yields clear
gains over the 0% baseline, while higher coverage
further enhances reasoning faithfulness, indicating
that rubric-based supervision provides effective and
sample-efficient process-level guidance.

4.4 Training Dynamics

To analyze the effect of rubric-based reasoning re-
wards, we visualize training dynamics and rollout-
level evaluation statistics in Figure 4. The top
row shows the evolution of answer-based train-
ing rewards and response length. In the early
stage, AutoRubric and vanilla RLVR exhibit sim-

ilar reward trends. As training proceeds, vanilla
RLVR develops pronounced oscillations, whereas
AutoRubric improves in a smooth and stable man-
ner. This divergence indicates that answer-only
rewards become unreliable supervision signals at
later stages, leading to unstable optimization. By
contrast, rubric-based reasoning rewards provide
richer and more structured feedback, preventing
such collapse. The top-right panel shows that Au-
toRubric consistently generates longer responses
than vanilla RLVR. This suggests that short rollouts
that only adjust the final answer are insufficient to
obtain high rewards under rubric-based supervision,
thereby encouraging more extended and coherent
reasoning trajectories.

The bottom row reports rollout-level reason-
ing faithfulness metrics. Vanilla RLVR shows a
markedly higher reasoning—answer inconsistency
rate that further increases during training, accom-
panied by a steadily rising false positive rate. This
indicates a fundamental limitation of answer-only
supervision: once inconsistency emerges, rewards
can no longer reliably distinguish faithful reason-
ing from answer-correct but inconsistent trajecto-
ries. In contrast, AutoRubric consistently maintains
lower inconsistency and false positive rates, demon-
strating that rubric-based trajectory supervision ef-
fectively mitigates reward hacking and promotes
faithful reasoning.

5 Conclusion

In this work, we identify reasoning—answer incon-
sistency as a critical failure mode of answer-only
RLVR for multimodal reasoning, which leads to
unstable training dynamics and unfaithful reason-
ing behaviors. To address this issue, we propose
AutoRubric, a reinforcement learning framework
that introduces rubric-based process supervision
via an LLM-as-a-judge. By automatically inducing
problem-specific rubrics from consistent reason-
ing trajectories, AutoRubric provides structured,
trajectory-level feedback without requiring human
annotation or stronger teacher models. Experi-
ments on six multimodal reasoning benchmarks
show that AutoRubric not only improves standard
accuracy, but also substantially enhances reason-
ing faithfulness under stricter evaluation metrics.
Overall, our results demonstrate that rubric-based
process supervision is an effective and scalable
approach for training more reliable multimodal rea-
soning models.
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Limitations

AutoRubric relies on an LL.M-as-a-judge to com-
pute rubric-based rewards, which introduces addi-
tional computational overhead during training. In
our experiments, incorporating the judge increases
the training time per step by approximately 40%
compared to vanilla RLVR.

Although training efficiency is an important con-
sideration, faithful reasoning is critical in many
real-world applications, such as decision support
and safety-sensitive systems, where correct final
answers alone are insufficient. In these settings,
unfaithful or inconsistent reasoning trajectories
can undermine reliability and interpretability. As
shown in Table 2, AutoRubric substantially im-
proves the consistency of reasoning trajectories in
addition to accuracy, whereas Table 3 shows that
RLVR without judge supervision may even exacer-
bate reasoning inconsistency. These results suggest
that auxiliary LL.M-as-a-judge signals are neces-
sary for encouraging faithful reasoning, making the
additional computation a justified trade-off.

Nevertheless, reducing this overhead remains an
important direction. To balance faithfulness and
efficiency, AutoRubric aggregates all rubric evalua-
tions into a single LLLM call, which is more efficient
than evaluating each rubric independently. More-
over, the overhead can be further reduced through
parallelization by deploying multiple judge repli-
cas when additional GPU resources are available,
enabling higher reward-computation throughput.
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A Evaluation Protocol

The benchmarks used in our evaluation consists of
two types of questions: multiple-choice questions
and open-ended questions. For multiple-choice
questions, we extract the predicted option letter
(A/B/C/D, etc.) using regular expressions. The
extracted option is then directly compared against

the ground-truth label. As to open-ended ques-
tions, These include fill-in-the-blank style prob-
lems, where the expected answer is a short text
span (e.g., a number, a word, or a short phrase).
Since exact string matching may fail to capture se-
mantically correct but differently phrased answers,
we use Qwen3-30B-A3B-Instruct-2507* as a proxy
judge for evaluation. The model is prompted to
compare the predicted output with the ground-truth
answer and decide whether they match in meaning.

During our review of baseline studies, we ob-
served that the reported zero-shot performance of
the same model on the same benchmark can vary
considerably across works (e.g., the Qwen2.5-VL-
7B-IT model on MathVerse is reported as 47.9 in
MM-EUREKA (Meng et al., 2025), but 46.2 in
NoisyRollout (Liu et al., 2025b)). We attribute
such discrepancies primarily to differences in judge
models and evaluation frameworks. To ensure fair
comparison, we re-evaluated all open-source base-
line MLLMs as well as our proposed model under
a unified evaluation protocol, using the same evalu-
ation system described above. Notably, we strictly
follow the system and instructional prompts (e.g.,
response format requirements) provided in the orig-
inal studies in reproduction, thereby ensuring that
the performance comparison tables reflect results
obtained under a controlled and standardized set-
ting.

B Supplementary Analysis of Rubrics

This section provides a detailed supplementary
analysis of the rubric-based formulation adopted
in AutoRubric. We first describe how rubrics are
constructed and summarize their overall statistics
and quality. We then present a qualitative com-
parison between rubric-based supervision and the
key-step formulation proposed in R1-VL (Zhang
et al., 2025), highlighting their differences in ex-
pressiveness and supervisory effectiveness.

B.1 Rubric Construction and Statistics

Construction. To construct problem-specific
rubrics, we begin by collecting multiple reasoning
trajectories for each training sample and retain only
those that yield correct final answers. If no correct
trajectory is obtained for a sample, no rubric is gen-
erated. To improve rubric coverage, we first train
the base Qwen-2.5-VL-7B-IT model for one epoch

4https://huggingface.co/Qwen/
Qwen3-30B-A3B-Instruct-2507
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As shown in the figure, BD is

B the diameter of circle O, and
/ A=60°. Find the measure of
/DBC.
Choices:
3 c @

Key Steps: ['BD"], ["diameter"], ["right angle"], [*£ ADC"],
['90°"], ["triangle ABC"], [" /A", ['/B"], ['/C =120° - /B",
"/C=-/B+120°,"/C=120°+ (-£B)", ['4DBC"], ['£
BDC"], ["arc BAC"], ['"ZBAC = 60°", "m/BAC = 60°", "/
BAC = /3 radians"], ['ZBDC"], [ £ DBC"]

Rubric 1: Because BD is tangent at B, OB | BD; and since BD / OC, OB . OC, giving /BOC
=90°.

Rubric 2: By the inscribed-angle theorem, the central angle subtending arc AC is ZAOC = 2-/
ABC =2-30° = 60°.

Rubric 3: With OB = OC = radius =2 and /BOC = 90°, triangle OBC is a right isosceles triangle;
we may place O at (0,0), B at (2,0) and C at (0,2).

Rubric 4: Using Z AOC = 60° from the positive y-axis (OC), point A on the circle of radius 2 is A
= (2-sin60°, 2-:c0s60°) = (V3, 1). The line AC then has equation y = 2 — x/V3.

Rubric 5: Since BD / OC, BD is the vertical line x = 2; intersecting it with AC gives D(2, 2 — 2
3). The distance CD = V[(2-0)? + (2 — 23 — 2)7] = \[4 + (23)7] = \(16/3) = 4\3/3.

In the figure, in the circumcircle of triangle ABC inscribed in circle O,
angle ABC is 30°. The extension of AC intersects the tangent to circle
O passing through point B at point D. If the radius of circle O, OC, is 2
and BD is parallel to OC, what is the length of CD?

Choices:

(A) 1+V3/3

(B) 4v3/3

(C) 2V3/3

(D)2

Figure 5: A comparison between (left) key steps proposed in R1-VL; and (right) rubrics constructed with AutoRubric

under two similar geometry problems.

Table 4: Performance comparison with Geometry3K training data. AutoRubric yields consistent gains beyond the

primary ViRL-39K training setting.

Models Avg. MathVision MathVista WeMath MMMU MMMU Pro
Vanilla RLVR  49.67 27.01 71.30 62.07 51.89 36.07
AutoRubric 50.99 26.84 71.60 63.68 54.67 38.15

using standard RLVR, and then use this intermedi-
ate model to generate eight reasoning trajectories
per problem. For problems with more than three
correct trajectories, we feed the corresponding tra-
jectories into an open-source text-only LLM?>. The
LLM is prompted to compare these trajectories,
identify their shared reasoning steps, and synthe-
size them into a structured set of rubric criteria.
Each criterion is expressed as a complete semantic
statement describing an essential aspect of correct
reasoning. The full prompt used for rubric genera-
tion is provided in the Appendix.

Statistics. Beyond overall coverage, Table 1 re-
veals several structural properties of the generated
rubrics. On average, each rubric set contains 3.47
criteria, indicating that the extracted supervision
typically decomposes a solution into multiple eval-
uative aspects rather than a single coarse require-
ment. Each criterion has an average length of 23.25
words, with some criteria reaching up to 198 words,
suggesting that the rubrics are semantically rich
and capable of encoding detailed reasoning con-
straints. Across the full training set, the total rubric
text amounts to over 2.1 million words, reflecting
the substantial volume of process-level supervision
signals introduced by our rubric construction pro-
cedure.

Shttps://huggingface.co/openai/gpt-oss-120b.

Human Evaluation of Rubrics Quality. To as-
sess the quality of the automatically generated
rubrics, we further conduct a small-scale human
evaluation. Two graduate students jointly evaluate
arandomly sampled subset of 100 rubric sets using
a 5-point Likert scale (Likert, 1932) (1 = poor, 5 =
excellent), based on their relevance to the problem
and correctness for evaluating reasoning trajecto-
ries. The final score for each rubric set is computed
as the average of the two ratings. Overall, the
rubrics achieve an average score of 4.18, indicat-
ing that they are generally relevant and informative.
The two annotators also exhibit strong agreement,
with an average absolute rating difference of 0.82.

B.2 Comparison with Key Steps in R1-VL

To further contextualize the design of rubric-based
supervision, Figure 5 provides a qualitative com-
parison between the key-step representation used
in R1-VL (Zhang et al., 2025) and the rubric formu-
lation adopted by AutoRubric. The figure presents
two representative geometry problems. For each
problem, the left column shows the concise key
steps extracted following R1-VL, while the right
column displays the corresponding rubric set gen-
erated by AutoRubric.

As illustrated, the key steps in R1-VL are ex-
tremely concise, often consisting of short phrases
or isolated keywords. Although such represen-
tations are compact, their limited expressiveness
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tends to reduce evaluation to superficial keyword
matching. This makes it difficult to assess higher-
level reasoning properties such as logical coher-
ence, completeness, or whether intermediate con-
clusions are properly justified. Consequently, key-
step supervision provides only weak and coarse-
grained guidance for training reasoning-intensive
models.

In contrast, AutoRubric constructs structured,
criterion-based rubrics in which each criterion is
formulated as a complete and semantically rich
statement. These rubrics explicitly encode what
constitutes correct reasoning at different stages of
problem solving, offering clearer and more inter-
pretable evaluation standards. Rather than check-
ing for the presence of specific keywords, rubric-
based evaluation focuses on whether the reasoning
process satisfies meaningful semantic conditions.
This richer formulation enables more informative
and reliable reward signals, which are better suited
for supervising complex multimodal reasoning tra-
jectories.

C Details of Group Relative Policy
Optimization

This section provides the full formulation of Group
Relative Policy Optimization (GRPO) used in our
experiments.

Given a query ¢ and a group of G responses
{0;}5., sampled from the old policy 7y, the
GRPO objective is defined as

18 |oi ]
a2 T 2

JGRPO(G) = qu{oi}Nﬂ-eold
i=1 't =1

min <pi,t(9) Ai, pig(0) Ai) (&)
— B Dxv(m || 7ret) )] .

where the token-level importance ratio is

779(0z‘,t Q7Oi,<t)
T4 (Oi,t ‘ Q70i,<t)’

and the clipped ratio is
pit(0) = clip(pis(0), 1 —€, 1+¢€). (1)

Each response o; is assigned a scalar reward

r;. The advantage A; is computed via group-wise
normalization:

pit(0) = (6)

i T mean({rj}]G:l)
' Std({rj}?:l)

®)

Here, € is the PPO clipping parameter, 3 controls
the strength of KL regularization, and 7 denotes
a fixed reference policy.

D Additional Training Results

D.1 Training on Other Datasets

To further assess the robustness of our training
framework, we additionally train the model on a
dataset distinct from the main training corpus. This
experiment aims to evaluate whether the proposed
method remains effective when applied to tasks
with different data distributions and reasoning char-
acteristics. Specifically, we adopt the Geometry3K
dataset (Lu et al., 2021), a multimodal reasoning
benchmark that requires models to solve geometry-
related problems. The dataset comprises approxi-
mately 2.1K training samples, and we trained the
model for 20 epochs, resulting in a total of 90 opti-
mization steps.

Table 4 presents the comparison between Au-
toRubric and the vanilla RLVR baseline on several
mathematical and general reasoning benchmarks.
As shown in the table, AutoRubric consistently
outperforms , achieving a notably higher average
performance (+1.36 points). Notably, AutoRubric
yields clear gains on MMMU and MMMU-Pro,
which are designed for general reasoning beyond
pure geometry. This demonstrates that the method
enhances reasoning ability in broader contexts.

D.2 Data Efficiency

We compare AutoRubric and vanilla RLVR trained
with 10% and 100% of the data (Table 5). Both
models are trained for 15 epochs, and the sub-
sets are randomly sampled from the full train-
ing set. Vanilla RLVR shows little improvement
when scaling data from 10% to 100% (52.42 —
52.96). One possible explanation is that the train-
ing data share highly similar distributions, caus-
ing the vanilla model to overfit and show limited
generalization with more samples. In contrast, Au-
toRubric achieves more stable gains, improving
from 53.38 to 55.28. Moreover, with only 10%
of data, it already matches or surpasses the full-
data RLVR on several benchmarks (e.g., WeMath,
MMMU), demonstrating strong data efficiency and
better utilization of limited supervision.
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Table 5: Performance comparison of models trained with 10% and 100% of the training data. AutoRubric maintains

consistent improvements under limited training data.

Models Avg. MathVision MathVista WeMath MMMU MMMU Pro
Vanilla RLVR (10%) 52.75 27.96 74.0 69.37 54.22 38.21
AutoRubric (10%) 53.38 28.06 74.5 70.75 54.67 38.90
w/o Judge Rewards (100%) 53.33 28.78 74.3 70.46 54.11 39.02
AutoRubric (100%) 55.28 31.35 75.9 71.09 57.56 40.52

E Unfaithfulness Phenomena in
Reasoning

E.1 Reasoning Inconsistency Observation

Figure 6 presents representative qualitative exam-
ples from the MathVista benchmark that illustrate
the reasoning—answer inconsistency phenomenon
discussed in Sec. 4.1. The figure includes two prob-
lems and corresponding model outputs from VL-
Rethinker and AutoRubric, respectively. In both
cases, the models produce intermediate reasoning
that leads to a different conclusion from the final
stated answer.

For each example, the proposed strict accu-
racy judge first generates a detailed reasoning
trace to analyze the logical steps taken by the
model, and then outputs a structured judgment re-
sult that explicitly checks the consistency between
the reasoning-derived conclusion and the final an-
swer. As shown in the figure, the judge correctly
identifies cases where the reasoning supports one
numerical or categorical outcome, while the final
answer reports a conflicting result.

These examples demonstrate that such inconsis-
tencies occur in real model outputs on standard
multimodal reasoning benchmarks, and that the
proposed judge-based evaluation is effective at de-
tecting this failure mode in a systematic and auto-
mated manner.

Judge Reliability. To assess the reliability of the
strict accuracy judge, we randomly sample 100
judged predictions across five benchmarks (20 per
benchmark) and manually verify the detected rea-
soning—answer inconsistencies. The judge achieves
over 85% recall and over 90% precision, confirm-
ing that it provides a reliable signal for measuring
reasoning faithfulness.

E.2 Additional Analysis of Faithfulness

Besides reasoning inconsistency check described in
Sec. 4.1, we further introduce a Reasoning Qual-
ity Check, which serves as a stricter and more

comprehensive evaluation for reasoning trajecto-
ries. While inconsistency check focuses on iden-
tifying contradictions or unjustified answer shifts
within a reasoning process, the quality assessment
additionally examines three complementary dimen-
sions: unfounded transitions, calculation errors,
and logical connectivity. This broader evaluation
captures not only internal contradictions but also
the overall soundness and coherence of the reason-
ing trajectories, reflecting how logically valid and
trustworthy a model’s reasoning process is. Specif-
ically, at each training steps from 160 to 280 train-
ing steps, we sample 100 samples from MathVision
benchmark and evaluate the reasoning trajectories
generated by the two models with a strong judge
model (i.e., GPT-40) under instruction shown in
Fig. 12. The judge model outputs a holistic quality
score between 0 and 1

The results of quality scores and inconsistency
rate are demonstrated in Figure 7. Below are our
key observations from this evaluation.

Vanilla RLVR shows persistently high and
rising inconsistency. The inconsistency rate of
Vanilla RLVR remains above 20% and increases
with training, suggesting growing instability in its
reasoning patterns. In contrast, AutoRubric keeps
inconsistency around 10% throughout, indicating
more stable and faithful reasoning.

AutoRubric maintains higher reasoning qual-
ity. AutoRubric consistently outperforms Vanilla
RLVR, with quality scores that gradually improve
over time. Vanilla RLVR, by comparison, exhibits
flat or slightly declining quality, implying that train-
ing methods focusing solely on outcome correct-
ness may potentially degrade the model’s reasoning
quality as the number of training steps increases.

F Case Study

To clearly demonstrate the effectiveness of our
method in rewarding the reasoning trajectories dur-
ing training, we present a concrete case study. As
illustrated in Figure 8, we illustrate a problem, and
the constructed set of rubrics for it by AutoRubric.
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MathVista Problem #350

Hint: Please answer the question requiring an integer

answer and provide the final value, e.g., 1, 2, 3, at the end.

Question: Move the ruler to measure the length of the line
to the nearest centimeter. The line is about ()
centimeters long.

MathVista Problem #236

Hint: Please answer the question and provide the correct option letter, e.g.,
A, B, C, D, at the end.
2215 Question: Find $z$.
s 9 Choices:
(A) 7
(B) 9
()12
(D) 15

VL-Rethinker: To measure the length of the line using
the ruler, follow these steps:\n\n1. Identify the starting
point of the line on the ruler. The line begins at the 0 cm
mark.\n2. Identify the ending point of the line on the
ruler. The line ends between the 5 cm and 6 cm marks,
closer to the 5 cm mark.\n3. Determine the length by
subtracting the starting point from the ending point.
Since the line ends closer to the 5 cm mark, we can say
it is approximately 5 cm long.\n\nGiven these
observations, the line is about \\boxed{4} centimeters
long when rounded to the nearest centimeter.

Judge Analysis: We need to check if the reasoning
conclusion matches the final answer in the box. The
reasoning says \"approximately 5 cm long\" but the final
boxed answer is 4. So mismatch.

Judge Structual Output: {"Reasoning results": "5",

[ AutoRubric: <think>\nTo find the value of \\( z \\), we need to use the information given in the

triangle. The triangle has two angles marked with a pink arc, which indicates that the sides
opposite these angles are equal. Therefore, the sides \\( SR \\) and \\( ST \\) are
equal.\n\nGiven:\n- \\( SR = 2z - 15 \\)\n- \\( ST = 7 \\)\n\nSince \\( SR = ST \\), we can set up the
equation:\n\\[ 2z - 15 = 7 \]\n\nNow, solve for \\( z \):\n\[ 2z - 15 = 7 \I\n\\[ 2z = 7 + 15 \\]\n\\[
2z = 22 \I\n\[ z = \frac{22}{2} \I\n\\[ z = 11 \\]\n\nHowever, this value does not match any of
the given choices. Let's recheck the problem statement and the choices provided.

The correct value of \\( z \\) that satisfies the equation is \\( z = 12 \\).\n\nTherefore, the
correct answer is:\n\\boxed{C} \\]\n</think>\n\\boxed{C}
Judge Analysis: We need to check consistency: The reasoning states they solved 2z-15=7 =
z=11. Then they say \"This value does not match any of the choices. Let's recheck... The correct
value of z that satisfies the equation is z=12.\" That is inconsistent. The reasoning conclusion is
z=", but final answer says z=12 (option C). So inconsistent. Also the final boxed answer is \"C\".
So we need to output JSON with 'Reasoning results' numeric conclusion from reasoning and the
corresponding option? The reasoning conclusion numeric is 11. The
reasoning process: they first computed 11, then they claim 12. The final answer is C. So
inconsistent.
Judge Structual Output: {"Reasoning results": 11, "boxed answer": "C", "consistent": false}

"boxed answer": "4", "consistent": false}

Figure 6: Two representative MathVista problems are shown with model outputs from VL-Rethinker and AutoRubric,
where the intermediate reasoning contradicts the final answer. Our Strict Accuracy judge generates an explicit
reasoning analysis followed by a structured consistency verdict, effectively detecting this failure mode.
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Figure 7: Comparison of Vanilla RLVR and AutoRubric
on reasoning accuracy, quality, and inconsistency over
training steps.

We also shown two different reasoning trajectories
produced by the policy model during training, as
well as the rubric-based reasoning rewards gener-
ated by the judge model.

From the figure we can see both trajectories
reach the same and correct final answer. However,
the rubric-based evaluation shows that one trajec-
tory contains clear logical mistakes (e.g., define
AB = z and write AC' = z + C'D, conflating BC'
with C'D.), while the other does not. This high-
lights the key advantage of rubric-based rewards:
they distinguish between superficially correct final
answer and genuinely sound reasoning processes,
and thus provide a more faithful reward signal. An-
other notable observation is that the rubrics use
one set of symbolic definitions (e.g., line segment
lengths denoted as a and b), while the trajectories
use a different definition system (e.g., ). Despite
these discrepancies, the judge model aligns the se-

mantics and provides accurate assessments. This
ability comes from the LLM’s strong semantic un-
derstanding, which goes beyond surface-level pat-
tern matching (such as keyword-based checks in
R1-VL (Zhang et al., 2025)).

G Reproducibility Statement

We make the following effort to ensure the repro-
ducibility of our work. The training code and evalu-
ation scripts will be released in the anonymous link,
allowing others to replicate our experiments. To fa-
cilitate consistent reproduction of results, we fixed
random seeds across all training and evaluation
runs. Further details regarding model configura-
tions, training and evaluation setups, are described
in the main paper and appendix.

H Prompts

For reproducibility, we present all the prompts
used in this work, including the prompt for con-
structing rubrics from trajectories (Figure 9), the
prompt for rubric-based LLM-as-A-Judge reward
(Figure 10), the prompt for strict accuracy eval-
uation (Figure 11) (Detailed in Section 4.1) and
reasoning quality evaluation (Figure 12) (Detailed
in Section E.2).
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Multimodal Question

As shown in Figure 2, it is known that point B is on
line segment AC, and point D is on line segment
AB.

If BD = (1/4)AB = (1/3)CD, with E being the
midpoint of line segment AB and EC = 16 cm,

find the length of line segment AC.

Rubrics

Rubric 1: Let AB = a. From BD = 1/4 AB we have BD

= a/4, and from BD = 1/3 CD we get CD = 3-BD = 3a/4.

Rubric 2: Since D lies on AB, AD = AB - BD = a - a/4
=3al4.

Rubric 3: Let BC = b. Because Bis on AC, AC =AB +
BC=a+b.

Rubric 4: Points A, B, C are collinear, so the horizontal
distance CD equals (a + b)—AD = (a + b)— 3al4 = b +
ald. Setting this equal to CD = 3a/4 gives b + a/4 =
3a/4,b=al2.

Rubric 5: E is the midpoint of AB, so AE = EB = a/2.
Hence EC = C - E =(a+b) - a2 =al2+b.
Substituting b = a/2 yields EC = a.

Rubric 6: Given EC = 16 cm, we obtain a = 16 cm.
ThenAC=a+b=a+a/2=3a/2=24cm.

R ing 1

Rubric-based Reasoning Reward [

Given that BD = (1/4)AB = (1/3)CD, we need to find the length of line segment AC. Let's
denote the length of AB as x. Therefore, we have: BD = (1/4)x

Since D is a point on AB, let AD = y. Then: AB = AD + DB — x = y + (1/4)x — x = (5/4)y
—y = (@/5)x

Next, we know that BD = (1/3)CD. Since BD = (1/4)x, we have: CD = 3 x BD = 3 x (1/4)x
= (3/4)x

Since C is on AC, we have: AC = AB + BC — AC = x + CD — AC = x + (3/4)x = (7/4)x
We also know that E i the midpoint of AB, so AE = EB = x/2

Given that EC = 16 cm, we can write: EC = EB + BC — 16 = (x2) + BC — BC = 16 - (x/2
Since BC = AC - AB = (7/d)x - x = (3/4)x, we have: 16 = (x/2) + (3/4)x — 16 = (2x + 3x)/4
— 16 = (5x/4) — x = 64/5

Therefore, the length of AC is: AC = (7/4)x = (7/4) x (64/5) = (7x64)/(4x5) = (7x16)/5 =
112/5=22.4

However, we should recheck the calculation with the midpoint and segment lengths
clearly. The correct calculation is: AC = (7/4) x (64/5) = 112/5 = 22.4

Thus, the length of line segment AC is: AC = 24

R ing 2

Rubric 1: The reasoning explicitly states BD = x/4 and that CD = 3-BD = 3x/4, which
matches the required expressions BD = a/4 and CD = 3a/4. Satisfied

Rubric 2: The requirement is AD = AB - BD = 3a/4. The reasoning introduced AD = y and
solved x = y + x/4 o obtain y = (4/5)x, incorrectly giving AD = (4/5)x. Not satisfied

Rubric 3: The required approach is to let BC = b and express AC =AB + BC =a + b. The
reasoning never introduces a variable b it instead writes AC = x + CD, conflating BC with CD
Not satisfied

Rubric 4: The reasoning does not perform the horizontal-distance calculation (a + b) -AD =
b + a/4 set equal to CD = 3a/4 to solve b = a/2. Not satisfied

Rubric 5: The correct relation derived earlier is EC = a. The reasoning instead finds EC =
x/2 + BC with BC = 3x/4, leading to a different value EC = (5x/4), not equal to a. Not satisfied

Rubric 6: With EC = 16 the intended solution gives a = 16 and consequently AC = (3a/2) =
24. The reasoning attempted to use EC = 16 but obtained x = 64/5 and AC = 2.4, contradicting
the rubric's required result. Not satisfied

Final Rubric Score: 0.1667

Rubric-based Reasoning Reward '

Let's start by analyzing the given information and setting up the equations step by step.
We know that BD = (1/4)-AB and BD = (1/3)-CD. Let's denote AB = 4x and CD = 3x.
Therefore, BD = x

Since D is on AB, we can express AD as AD = AB - BD = 4x - x = 3x.

We also know that E is the midpoint of AB, so AE = EB = AB/2 = 4x/2 = 2x.

The total length of AC is AB + BC. We need to find BC. Since D is on AB and BD = x, AD
= 3x. Therefore, AB =AD + BD = 3x + x = 4x.

Now, we need to find BC. Since BD = x and BD = (1/3)-CD, we have CD = 3x. Therefore,
BC=CD-BD =3x-X=2x.

The length of EC is the sum of EB and BC. We know EB = 2x and BC = 2x, so EC = EB
+BC = 2x + 2x = 4x. We are given that EC = 16 cm, so 4x = 16. Therefore, x = 4.

The length of AC is AB + BC = 4x + 2x = 6x. Since x = 4, we have AC = 6-4 = 24 cm.
The length of line segment AC is 24 cm.

Rubric 1: The reasoning establishes AB = 4x, BD = x, CD = 3x. This is equivalent to letting a
=AB and writing BD = a/4 and CD = 3a/4. Satisfied.

Rubric 2: The solution computes AD = AB - BD = 4x - x = 3x, which equals 3/4 AB. Satisfied.

Rubric 3: The process explicitly states “The total length of AC is AB + BC” and subsequently
seeks the value of BC. Satisfied.

Rubric 4: The reasoning uses the fact that BC = CD - BD (since C, B, D are collinear with B
between D and C), leading to BC = 2x. This is mathematically equivalent to the rubric’s
derivation CD = AC - AD and the resulting equation b = a/2. Satisfied.

Rubric 5: The solution notes AE = EB = 2x and then writes EC = EB + BC = 2x + 2x = 4x,
which equals AB. This matches the rubric’s expression EC = a/2 + b with b = a/2. Satisfied.

Rubric 6: With EC = 16 cm, the reasoning finds x = 4, AB = 16 cm, and AC = 6x = 24 cm,
exactly as the rubric’s final steps. Satisfied.

Final Rubric Score: 1.0

Figure 8: Illustration of a problem with the constructed rubrics, two reasoning trajectories produced by the policy
model, and the rubric-based reasoning rewards assigned by the judge model.

( N\
Prompt for Constructing Rubrics from Trajectories
You are given a math question about an image and several reasoning processes.
All reasoning processes arrive at the correct final answer. However, some processes may contain calculation errors in
intermediate steps, inconsistent reasoning, or unnecessary steps.
CRITICAL TASK: Carefully compare multiple reasoning processes to identify which steps are ACTUALLY CORRECT:
VERIFY CALCULATIONS: For each mathematical calculation in the reasoning processes:
Check if the arithmetic is correct (e.g., 3x4 should equal 12, not 13)
1. Verify algebraic manipulations are valid
Ensure geometric formulas are applied correctly
If different processes have different intermediate calculations for the same step, identify which one is mathematically
correct
2. CROSS-VALIDATE: When multiple processes perform the same calculation:
If they get different intermediate results, determine which is correct
Do NOT include incorrect calculations in the rubric, even if they appear in multiple processes
Only include calculations that are mathematically verified to be correct
3. EXTRACT ESSENTIAL CHECKPOINTS: After verifying correctness, identify the key rubric that:
Are mathematically correct and consistent
Are necessary to reach the correct answer
Include specific correct numbers, equations, and calculations
Represent the logically sound path to the solution
IMPORTANT: The rubric must ONLY contain mathematically correct rubrics.
If a calculation appears in multiple processes but is incorrect, DO NOT include it in the rubric.
If the processes contain too many errors or contradictions to extract reliable rubrics, output an empty dictionary.
Please output the rubrics in JSON format as follows:
"Rubric 1": "[content of the first necessary and CORRECT rubric]",
"Rubric 2": "[content of the second necessary and CORRECT rubric]",
}
Question: (question)
Correct Answer: (answer)
Reasoning Processes to Analyze:
(processes_text)
Return only the JSON with mathematically correct checkpoints.
\ J

Figure 9: The prompt for rubric construction.
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Prompt for Rubric-based LLM-as-a-Judge Reward

You are an evaluator. Your job is to check whether the given reasoning process satisfies each requirement in the
rubric.

# Inputs

## Problem:

{problem}

## Proposed Reasoning Process:
{solution}

## Evaluation Rubric:
{rubric_checkpoints}

# Evaluation Procedure

For each rubric criterion:

Read the rubric criterion carefully and understand what requirement it sets.

- Recognize mathematical equivalence. If two formulas are mathematically equivalent, treat them as correct even if
they look different. (E.g., "x - y - 2" is equivalent to "x - (y + z)")

- Be strict about the names of geometric objects. For example, / OAB = 90° is NOT the same as / OAC = 90°.
Search in the reasoning process to judge if the reasoning contains this requirement. explanatory statement may be
implied, but any calculation must be explicitly mentioned. If yes, mark Satisfied (1 point). If no, mark Not satisfied (0
points).”

Continue until all criteria are covered.

Calculate the total score as the fraction of rubrics satisfied.

# Output Rules

For each rubric, first output a short analyse, then output the final justification in the following format:

Rubric X: [the analyse referencing the reasoning and the rubric]. [Satisfied / Not satisfied].

After all rubric criteria, output the final score as the following decimal format: Final Rubric Score: \\boxed{{score}}

Figure 10: The prompt for using rubrics in LLM-as-A-Judge in training.

Prompt for Strict Accuracy Judge
You are a strict verifier. Another assistant answered a math problem and was required to first output its
reasoning process, then provide the final numerical answer inside a single \boxed{...}.

Your job is ONLY to check whether the conclusion stated in the reasoning matches the final answer in the box.
If there is no final \boxed{...} answer, treat the output as consistent and do not penalize for a missing box.

If the final boxed content is a numeric value that matches the magnitude concluded in the reasoning, allowing
reasonable approximations, consider it consistent even if the reasoning includes units, directions, or symbols
such as degrees that are omitted from the box.

If the final boxed content is a choice label, compare the label's associated choice text to the reasoning. It is
consistent when the label corresponds to the same numeric value concluded in the reasoning.

Return a compact JSON object with the following fields:

Reasoning results: the numeric conclusion from the reasoning and the corresponding option, if any;
boxed answer: the content inside the final \boxed{...};

consistent: true if the reasoning and final answer agree, otherwise false.

Figure 11: The prompt for judge the reasoning-answer inconsistency for calculating Strict Accuracy.
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Prompt for Reasoning Quality Evaluation

You are an expert evaluator of mathematical reasoning and logical thinking. Your task is to assess the quality
of the reasoning process in the given solution, focusing on identifying critical flaws that undermine the validity
of the reasoning chain. You will evaluate the solution across three key dimensions to determine an overall
quality score between 0 and 1, where O represents severely flawed reasoning and 1 represents perfectly sound
reasoning. The quality assessment should consider the presence and severity of unfounded transitions or
answer changes where the solution suddenly shifts to a different approach or answer without proper
justification or explanation, appearing to abandon previous work without logical basis. Additionally, you should
identify calculation errors including arithmetic mistakes, algebraic manipulation errors, incorrect formula
applications, computational errors in numerical operations, and mistakes in unit conversions or dimensional
analysis. Furthermore, evaluate the logical connectivity by examining whether each step follows logically from
the previous ones, whether assumptions are clearly stated and justified, whether the reasoning maintains
internal consistency throughout, and whether conclusions are properly supported by the preceding work.
When evaluating, consider that minor notational inconsistencies or formatting issues should not significantly
impact the score unless they create genuine ambiguity. Focus on substantive errors that affect the validity of
the mathematical reasoning rather than stylistic preferences. A solution may use unconventional but valid
approaches which should not be penalized if they are mathematically sound. The severity of errors should be
weighted by their impact on reaching the correct conclusion, with critical errors that invalidate the entire
solution having more weight than isolated minor mistakes. Remember that the presence of a single severe error
such as a fundamental conceptual mistake or complete logical disconnect may warrant a very low score even
if other parts are correct, while multiple minor errors that don't affect the final validity might still result in a
moderate to high score.

!qut/ProbIem:

{input_text}
“*{choices_text}

‘Q‘utput/Sqution:

{output_text}

Analyze this solution carefully, examining each step of the reasoning process for the three types of issues
mentioned. Consider how these issues compound or interact with each other. Assess whether the reasoning
maintains a clear logical thread from problem statement to conclusion. Evaluate whether calculations are
performed correctly and whether any sudden shifts in approach are properly justified. After your thorough
analysis, provide a quality score that reflects the overall soundness of the reasoning, where scores closer to 0
indicate severely flawed reasoning with multiple critical errors or logical disconnects, scores around 0.3-0.4
suggest significant issues that undermine the solution's validity, scores around 0.5-0.6 indicate moderate
issues with some valid reasoning present, scores around 0.7-0.8 represent generally sound reasoning with
minor issues, and scores above 0.8 indicate very strong reasoning with at most trivial errors. Your score should
holistically capture the reliability and trustworthiness of the reasoning process as a whole.

Provide your response in the following format:

ANALYSIS: [Provide a comprehensive analysis of the reasoning, identifying specific instances of unfounded
transitions, calculation errors, and logical disconnects. Quote specific parts of the solution that demonstrate
these issues.]

UNFOUNDED_TRANSITIONS: [Describe any sudden changes in approach or answers without justification]
CALCULATION_ERRORS: [List specific computational or mathematical errors found]
LOGICAL_CONNECTIVITY: [Assess the overall logical flow and consistency of the reasoning]

SEVERITY_ASSESSMENT: [Explain how severe the identified issues are and their impact on the solution's
validity]

QUALITY_SCORE: [A decimal number between 0 and 1 representing the overall quality of the reasoning]

Figure 12: The prompt for reasoning quality evaluation.
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