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Abstract. Reliable reward system is essential for reinforcement learn-
ing in multi-modal reasoning, yet existing methods face key limitations:
preference-based models often misjudge correctness on complex tasks,
while rule-based approaches struggle with semantically equivalent an-
swers and therefore restrict the scale of usable RL data. To address these
challenges, we propose Consistency Reward Models (CRM), which assess
how well a candidate response aligns semantically and mathematically
with ground truth. Our model produces a continuous reward derived from
the logits associated with “Consistent” vs. “Inconsistent”, enabling more
informative and stable optimization signals than binary rewards during
RL. By design, CRM compares answers in text space, which our ablation
shows is both sufficient and more accurate for consistency judgment. We
also find that incorporating Chain-of-Thought (CoT) reasoning improves
the reliability of these consistency assessments. As a judging model, it
achieves an 77.8% win rate over VLMEvalKit, demonstrating stronger
judging accuracy. When used for RL, the approach enables a 7B pol-
icy model to attain state-of-the-art performance on MathVista (75.2%)
and MathVision (30.6%), outperforming rule-based systems, while sub-
stantially increasing the scale of RL-usable data. The method further
generalizes to OCR, MMMU and open tasks and supports stable RL
training up to 72B model. These results show consistency reward models
offer a more scalable and robust foundation for multi-modal reasoning
RL.
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Fig. 1: We propose Consistency Reward Models. The model provides accurate reward
signals and eliminates the need to consider the verifiability of formatted answers in RL
data, significantly expanding the RL training data. With accurate rewards and a large
amount of data, robust RL training is achieved, showing significant advantages over
rule-based methods.

1 Introduction

Large-scale reasoning models, such as DeepSeek-R1 [20], OpenAl-03 , and
Gemini2.5-Pro , have recently demonstrated remarkable progress toward gen-
eral reasoning ability. A central factor behind these advances is reinforcement
learning (RL), which strengthens models’ reasoning behaviors by optimizing
against reward signals. However, the effectiveness of RL critically depends on
the design of the reward system, and simple or misaligned rewards often lead to
reward hacking , where models exploit flaws in the reward function without
genuinely improving correctness or reasoning quality.

Existing reward modeling approaches face limitations in multimodal reason-
ing. Preference-based models [11], commonly used in RLHF [4,[46}[56], struggle
in complex reasoning settings because the task reduces to predicting abso-
lute correctness of long and intricate responses—something small reward models
are not equipped to do. Meanwhile, rule-based reward systems provide symbolic
precision through tools such as SymPy or sandbox environments .
These systems have been demonstrated higher accuracy in various tasks, includ-
ing logic , mathematics , and coding . But they fail to capture se-
mantic and mathematical equivalence (e.g., “one week” vs. “7 days”) and enforce
strict formatting. This rigidity causes many valid responses to be incorrectly
penalized and prevents RL from scaling to more diverse data. Although more
optimized rules have been developed in , they still fail to accommodate
all practical scenarios. These challenges motivate the need for a reward model
that is both semantically aware and robust enough for large-scale RL.

To address these issues, we introduce Consistency Reward Models (CRM),
a simple yet effective framework that evaluates whether a candidate response
is semantically and mathematically consistent with a ground-truth answer. The
key intuition is that a reward model does not need to solve the problem itself; it
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only needs to judge the equivalence between the model’s response and the refer-
ence, which greatly simplifies the modeling task, especially for long or multi-step
reasoning. We formulate this judging process as a generative procedure in which
the model produces a brief Chain-of-Thought (CoT) to compare the two answers
and then emits a special token indicating “Consistent” or “Inconsistent.” From
the logits of these judgment tokens, we derive both hard rewards and continuous
soft rewards. Unlike binary decisions, the continuous reward captures the degree
of semantic consistency—for example, responses that mix correct and incorrect
elements naturally receive intermediate scores between consistent and inconsis-
tent outputs. This finer-grained signal allows RL to distinguish different error
modes and promotes smoother optimization. We also find that the lightweight
CoT comparison is particularly helpful for soft rewards, where capturing subtle
distinctions is important for producing reliable and stable training signals, while
still not requiring the reward model to solve the underlying reasoning task.

To train such reward models, we construct a large-scale consistency dataset
containing paired questions, ground-truth answers, and diverse model-generated
responses from 13 mainstream LLMs and VLMs. For each question-response pair,
we collect high-quality consistency judgments using a combination of GPT-40
|24] and Doubao-1.5-vision [52| with CoT, retaining only samples where all judges
agree. The resulting dataset contains 860K verified annotations and forms an im-
portant contribution to the community, enabling reliable training of consistency
reward models and other judge architectures.

Through comprehensive experiments, we show that consistency reward mod-
els substantially improve both static judging accuracy and downstream RL per-
formance. A 7B reward model achieves an 77.8% win rate over VLMEvalKit [15],
while using the reward model in RL enables a 7B policy model to achieve state-of-
the-art results across MathVista [35], MathVision [62], and MathVerse [76]. The
approach scales effectively to models with up to 72B parameters and generalizes
to OCR and MMMU |74], demonstrating its robustness and versatility. Over-
all, consistency reward modeling provides a scalable and semantically grounded
reward foundation for multimodal reasoning RL. While the reward model it-
self judges answer consistency in text space—a design validated by our ablation
showing text-only input outperforms image-conditioned variants—it directly en-
ables VLM policy improvements across diverse vision tasks.

The contributions can be summarized as follows:

— We propose consistency reward models, a semantically driven reward
modeling framework for multimodal reasoning that overcomes the limitations
of preference-based and rule-based approaches. By comparing the candidate
response with the ground truth through CoT-guided analysis, and deriving
both hard and continuous rewards from judgment-token logits, our method
provides accurate, flexible, and robust reward signals.

— We construct a high-quality consistency judgment dataset compris-
ing 860K samples, each containing a question, ground-truth answer, multiple
model-generated responses, and verified consistency annotations collected us-
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ing GPT-40 and Doubao-1.5 with CoT. This dataset offers a valuable resource
for training reward models and other LLM-as-judge systems.

— We demonstrate strong empirical performance across evaluation
and RL settings. Our 7B consistency reward model achieves a 77.8% win
rate over VLMEvalKit, exceeding existing baselines. When applied to RL,
consistency rewards enable a 7B policy model to reach state-of-the-art perfor-
mance on MathVista and MathVision, and support stable RL training up to
72B models. The approach also generalizes well to OCR and MMMU tasks.

2 Consistency Reward Models

2.1 Overview of Reward Modeling

Consistency Reward Model Output \
ANALYSIS: 1. Answer 1 gives the equation of the full - circle as x* +y* = 49 with the constraint
y 2 0 for the upper - half (semicircle). 2. Answer 2 gives the equation y = /(49 - x?). Squaring
both sides of y = /(49 - x?) gives y*=49 - x*, or x* +y* = 49, Also, since we are dealing with the
upper - half of the circle (y > 0), the two equations are equivalent in representing the upper - half
of the circle centered at the origin with radius 7.

f Question Candidate Answer

. Find the equation of this figure. Looking at the figure, I can see a semicircle in the upper
half of the coordinate plane....
Therefore, the equation of this figure is:

20 x* +y? =49, wh

0
Ground Truth

REFLECTION: 1. We did not need to solve the question but just determine consistency ..
K V49 — x* CONCLUSION: Consistent /
r Question Candidate Answer Consistency Reward Model Output \

The calculated values of the two algebraic
expressions are:

ANALYSIS: For the first - part of the question asking for the value of a* + b?, Answer 1 gives 6
and Answer 2 gives 6, which are the same. For the second - part of the question asking for the
value of (a - b)?, Answer 1 gives 4 and Answer 2 gives 8, which are different. Since the values
for the second sub - problem are not the same, the two answers are not equivalent.
REFLECTION: ..4. The question has two sub - problems. Since the answers for the second sub -
problem are not semantically equivalent, according to Standard, the answers are inconsistent.

Given a+b=2 and ab=-1, find
the value of the following algebraic
expressions:

ue

lue of (a-b)"2 is 4

\ Ground Truth
Az 06:(2)8

Fig. 2: Illustration of our consistency reward model’s output. Through CoT reasoning,

our model can achieve detailed comparisons of mathematical equivalence. It ultimately
provide conclusions of consistency or inconsistency and the continuous reward score.

Recent advances in large-scale reinforcement learning herald a new era for
MLLMs, enabling them to solve complex reasoning tasks. A key factor behind
this success is accurate reward modeling, which involves assigning a reward score
to the candidate response to a question, where this score can either be a contin-
uous scalar or a predefined tier. Formally, reward modeling can be expressed as:

R(q,r) = f(g,s,0), (1)

where ¢ represents the given question, s the candidate response, and 6 the pa-
rameters of the reward model.

A widely adopted approach to reward modeling is the preference reward
model, which utilizes the Bradley-Terry framework to model the preference be-
tween two responses, s; and sg, for the same question g. The probability of
preferring s; over ss is defined as:

P(s1 > s2| q) = 0(R(g,s1) — R(q, 52)). (2)

However, this model shows limitations, particularly in tasks that require strong
reasoning capabilities. The main reasons are twofold: 1) the discriminative scalar
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head design hinders the model’s ability to engage in CoT reasoning, and 2) the
model struggles to accurately assess whether a candidate response is correct,
particularly in complex tasks.

To address these limitations, recent research has turned to the rule-based
reward model. This model evaluates the correctness of a response by comparing
it to the ground-truth answer using a series of symbolic computation tools, thus
offering a high degree of precision in correctness assessment. Nevertheless, it also
comes with obvious challenge: fixed rules can result in errors, particularly when
different phrasings are used to express semantically equivalent answers.

2.2 Learning Consistency for Reward Modeling

Consistency Reward Model. Different from preference learning and fixed
rules, we propose a simple yet effective approach: learning the consistency be-
tween the candidate answer and the ground truth answer for reward modeling.
Specifically, for a given question, we compare the semantic equivalence of the
candidate answer and the ground-truth answer to assess the correctness of the
candidate answer. Formally, this can be expressed as:

R(q,s,9%) = f(q,5,9%,0), (3)

where g* represents the ground-truth answer.

Compared to the preference reward model, the consistency reward model
relaxes the task of “directly judging the quality of the candidate answer” to
simply “comparing whether the candidate answer is semantically equivalent to
the ground-truth answer”; significantly simplifying the task. In some cases, the
model can even determine correctness without fully understanding the question,
which greatly enriches the application scenarios of the reward model, especially
in the hard reasoning scenario.

In contrast to the rule-based reward function, the consistency reward model
leverages the semantic understanding capabilities of pre-trained language mod-
els, allowing for more flexible handling of diverse tasks without requiring strict
formatting. This approach avoids the false negatives that can arise from purely
rule-based reward functions.

We formulate the consistency reward model as a generative model and intro-
duce two special judgment tokens, <|+|> and <|-|>, which represent “Consistent"
and “Inconsistent", respectively. After producing a Chain-of-Thought (CoT), the
model emits one of these tokens, and the probabilities associated with them are
used to determine the reward. Let P(-) denote the model-predicted probabil-
ity (drived from the token logits) for each judgment token. The reward can be
obtained in two forms:

1,  P(<KI>) > P(<I-1>),
Thard =
hard —1, otherwise,

(4)

Tsort = P(<I+>) — P(<I-1>). (5)
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While soft rewards provide a richer training signal, using them directly in GRPO
can introduce instability. Because GRPO normalizes rewards within each group
to compute the advantage A, the sign of the advantage may contradict the
underlying judgment of the reward model. To prevent updates that oppose the
reward model’s intent, we apply a reject-sampling rule: samples whose advantage
has an opposite sign to their hard reward are excluded from optimization,

Dirain = {(q, 8) € D | sign(A(q, s)) = sign(rpara(q,s))}. (6)

This filtering ensures that policy updates remain aligned with the model’s con-
sistency judgment, leading to more stable RL training under soft rewards. The
overall judgment process is illustrated in Figure [2|

CoT Reasoning. Through chain-of-thought reasoning, it gradually compares
and analyzes the candidate answer and the ground-truth answer for consistency,
ultimately producing a conclusion. The model completes the comparison in three
steps: 1) Analysis: Analyze the semantic consistency between the candidate an-
swer and the ground-truth answer in the context of the question; 2) Reflection:
Step by step, verify and reflect on whether the judgment is correct and if all
principles have been adhered to; 3) Conclusion: Output <|+|> or <|-|>, which
represent “Consistent”" and “Inconsistent"”, respectively. We find that the use of
CoT can improve the accuracy of the hard reward and significantly enhance the
semantic information captured by the soft reward, thereby reducing the risk of
being hacked. The design principles of our CoT are as follows:

1) Judging Over Solving: It should judge the correctness of the response,
rather than solving the problem itself.

2) Mathematical Equivalence: Utilize mathematical theorems and expres-
sion simplification techniques to compare.

3) Multiple Sub-questions: Judge each sub-question.

4) Contextual Focus: Consider the question’s context.

5) Tail Focus: The overlong responses will be truncated.

6) Image Absence: Enable the model to handle judgments in multi-modal
questions, using only text input.

7) Multilingual: The input may be in multiple languages, but the output
must be in English.

Training Data Pipeline. The training dataset is constructed in three steps

as shown in Figure [3] To train a reliable consistency reward model, we con-

struct a large-scale dataset tailored specifically for semantic and mathematical

consistency judgment. Our design philosophy is guided by three principles:

— the questions should cover the diversity and difficulty of reasoning tasks;

— the responses should cover a wide spectrum of correctness, formats, and rea-
soning styles to train the model to distinguish fine-grained consistency levels;

— the annotations must be reliable enough to serve as supervision for both hard
and continuous rewards.

1) Question Collection: We collect questions from both text-only and multi-

modal data. The text data includes subsets of the Numina-Math dataset |2§],
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Step 1
Question
Collection

Text: VL:
Numina-Math ~ MathV360K

tion [

I|\ CoT+Judge

Step 3
Consistency &3 Iyt CoT+Judge where All

Annotation @ Judge 05'1 Judges Agree

Keep Samples

Fig. 3: Illustration of our consistency reward model training data pipeline.

excluding ‘synthetic math’ and ‘metamath’. Additionally, we gather 340k multi-
modal data from the MathV360K dataset .
2) Response Generation: We select 13 mainstream models for response gen-
eration, including Qwen families, Mistral-Large , GPT-40 , DeepSeek-
V3 , DeepSeek-R1-Distill series and QvQ-70B-preview .
3) Counsistency Annotation: GPT-4o is first utilized to perform direct con-
sistency judgments. Subsequently, we employ the Doubao-1.5-vision-pro-32k-
25011 model with CoT reasoning to generate two independent consistency
judgments. Only those samples where all three judges agree are kept. This pro-
cess results in a high-quality dataset for consistency annotations.

The dataset is balanced by a 1:1 ratio between consistent and inconsistent
labels, yielding a final training corpus of 860K carefully curated data. We conduct
further analysis of training dataset in Supplementary Material.

3 Experiments

3.1 Evaluation Protocols

In this work, we comprehensively evaluate the effectiveness of our method in two
scenarios: 1) static judging performance; and 2) behavior in online RL training.

Static judging performance evaluates the reward model’s capability as a judge
itself. This is the most common evaluation approach in existing works, which as-
sess the ability of distinguishing a pair of candidate responses. In this evaluation,
we use the hard reward version of consistency reward model by default.

A more challenging scenario involves deploying the reward model in online
dynamic RL training, where it must handle more diverse real-time responses.
In such cases, the impact of reward hacking becomes amplified, placing higher
demands on the reward model’s capabilities. By employing both evaluation set-
tings, we can obtain a comprehensive assessment of the reward model’s capabil-
ities and its performance in downstream RL training.

3.2 Implementation Details

Hyperparameters of Consistency Reward Model. We train the 7B and
1.5B consistency reward model based on Qwen2.5-Instruct . During training,
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we set the maximum sequence length to 4096 tokens, and use a cosine schedule
with a maximum learning rate of 2e-5, training for a total of 3 epochs. During
generation, we set the temperature to 1.0 and top-k to 20, ensuring that the
model’s generation maintains diversity while also ensuring generation quality.
We utilize FSDP [77] and vllm [26] to accelerate.

RL Training Strategy. We use GRPO to train VLMs. In hard reward settings,
we discard samples with an advantage of 0, as these samples do not contribute to
the loss. This strategy has also been validated as effective in other works [36}/39].
In soft reward settings, we discard samples whose advantage has an opposite sign
to the hard reward. We serve CRM with vLLM. By overlapping CRM inference
with old/ref-logprob and policy forward passes, the overhead is only about 6%
over rule-based mothods.

Hyperparameters of RL Training. We use Qwen-2.5-VL series as our base
models. We set the rollout batch size to 512, and 10 responses are generated per
sample with a temperature of 1.0. The training batch size is set to 1280. We set
a constant learning rate of le-6.

3.3 Evaluating CRM’s Judging Performance

CRM’s Judging Accuracy We first constructed a consistency judgment vali-
dation set with 1,000 samples, collected in the same pipeline as the training set
but with isolated data. On this validation set, we evaluated the capabilities of
our CRM, GPT4o-mini, and xVerify [6]. The results are shown in Table I} Our
model achieves a score of 98.0% on the validation set.

We also attempted to use a vision language model (Qwen-2.5-VL-7B) for con-
sistency modeling, but its performance was slightly inferior to that of a language
model, as shown in Table [I} This may be because the judgment of consistency
relies less on images, and the reasoning capability of the corresponding language
model is slightly higher than that of the vision model. Therefore, we choose not
to use image input in the modeling of the consistency model.

We note that while CRM itself operates most effectively on text pairs, the
contribution is multimodal in three senses: (1) it addresses a problem unique to
multimodal reasoning (format-variant answers from vision tasks), (2) it supports
image input and we ablate this design choice, and (3) VLM policies trained with
CRM gain consistently across vision benchmarks.

Table 1: The judgment performance of various methods on validation set.

Model |GPT-40-mini|xVerify| CRM|CRM (w/o CoT)|CRM (w/ Image)
Val Acc.|  96.9% | 93.2% |98.0%)| 97.2% \ 96.7%

We also compared our method against other LLM-as-a-judge approaches
on public benchmarks VerifyBench-Hard [69], as shown in Table 2 Our model
demonstrates a significant advantage despite using comparable base models.
CRM’s Judging Win Rate Against Existing Judge. To directly compare
judging quality, we introduce win rate, which measures how often CRM gives
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Table 2: Overall performance(%) of VerifyBench-Hard.

VerifyBench-Hard

Model/Method

Num Exp MC Str AVG
Qwen3-8B 68.65 78.41 73.02 66.52 70.90
Qwen3-8B (+HLE prompt) 69.05 76.14 75.35 72.17 73.20
xVerify-8B-I |6] 69.05 76.14 93.49 81.74 83.10
Tencent-Qwen2.5-7B-RLVR [57| 75.43 75.00 61.36 63.64 72.20
CompassVerifier-7B |33] 78.97 85.23 95.35 76.09 85.90
CRM-7B (Ours) 79.37 84.09 96.74 84.35 88.40

the correct judgment in the cases where it disagrees with the baseline. The
following sections will detail: 1) the methodology for calculating win rate, 2) the
benchmark datasets, 3) the policy model pool, and 4) the baseline judge.
1) Win Rate Calculation. We first identify the samples which the CRM and
baseline judge give different judgments. We then manually verify these samples
and classify into three group. Win. The CRM is correct; Lose. The baseline judge
is correct; Tie. The situations where we cannot determine correctness, such as the
ground truth has mistakes. We only take ‘Win’ and ‘Lose’ samples as account.
The win rate is computed as:
. Win

Win Rate = Win + Lose’ @
2) Datasets Used for Judging. We choose MathVision [62], MathVista [35],
and MathVerse |76 (vision only). These benchmarks include a variety of question
types such as multiple-choice, judgment-based, and free-form questions.
3) Policy Model Pool Used for Judging. We select a total of nine multiple
series models, including both short and long CoT models, open source and closed
source, ranging from 7B to over 7T0B parameters. All responses are sourced from
the official open-source release of VLMEvalKit.
4) Baseline Judge. VLMEvalKit employs a two-step approach to assess the
correctness of the responses: first, it extracts the answer, and then compares it
to the ground truth. We adopt VLMEvalKit as the baseline judge, which employs
GPT-40-mini for answer extraction followed by strict string matching, with the
extracted content also being sourced from the official open-source release.
5) Win Rate Results. Across all evaluation tasks, our 7B consistency reward
model performs significantly better than VLMEvalKit’s pipeline. The average
win rate against VLMEvalKit is 77.8% as shown in Table

3.4 Evaluating CRM in Online RL Training

CRM Enables Using 4x RL Data Directly. Different from previous rule-
based approaches that rely on a meticulously designed data cleaning pipeline,
where large amounts of data are filtered out or require relabeling due to lack-
ing standardized answer formats, our consistency reward model enables direct
utilization of vast amounts of raw data.

We directly use the mathematical portion of the open-source Llava-OneVision
dataset [27]. We remove all multi-turn dialogues, images with dimensions larger
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Table 3: The evaluation win rate conducted by VLMEvalKit and our 7B consistency
reward model. This experiment shows that our consistency reward model has a signif-
icant advantage than the commonly use VLMEvalKit in judging tasks.

Policy Model |[MathVista [35]|MathVision [62]|MathVerse |76]
Short CoT Models

Claude3.7-Sonnet |1} 50.0% 97.0% 92.1%
GPT-40-241120 |24 53.8% 83.3% 90.0%
Qwen-2.5-VL-7B [3| 58.3% 79.5% 93.5%
Llama-3.2-11B-V-Inst [19] 45.4% 64.8% 90.0%
Gemma3-27B 58] 61.9% 82.4% 83.3%
Qwen-2.5-VL-72B |3| 33.3% 91.5% 96.9%
InternVL2.5-78B-MPO [10] 75.0% 86.9% 88.5%
Long CoT Models

Gemini2-flash |17] 53.3% 95.3% 88.9%
QvQ-72B-Preview |59 73.5% 92.7% 100.0%

than 768x 768 pixels and a short edge smaller than 28. Finally, we eliminate all
descriptive and medical questions. We finally select 220K data as our training
data. This scale of data can exceed that of prior work by more than 4x.

CRM Outperforms in RL Training. Our evaluation compares the per-
formance of state-of-the-art closed-source and open-source multimodal models
across four mathematical reasoning benchmarks: MathVista, MathVerse, Math-
Vision, and WeMath. Table [4] presents our main results. Both hard and soft
reward experiments demonstrate notable enhancement. For 7B parameter mod-
els, we observe that our model trained solely with open-source data achieves
significant improvements. On the MathVista and MathVerse benchmarks, our
7B model achieves results close to those of the 72B model. On the MathVision,
and WeMath benchmarks, we also set new state-of-the-art results for 7B mod-
els. The policy model trained by soft reward gets better results (+1.0) than
hard reward setting, indicating that using dense rewards can further enhance
the model’s reasoning ability.

We also compared our approach against baselines using rule-based methods,
xVerify [6], and CompassVerifier |33]. Given the same base model and training
data, our CRM achieves significantly higher performance. We also observe that
the use of CRM significantly enhances the stability of the training process and
improves scaling capabilities. For the rule-based RL baseline, we use MathRuler
[21], which handles LaTeX/SymPy normalization and unit-bearing numbers but
still fails on broader semantic equivalences common in multimodal reasoning. As
shown in Figure|l] the rule-based system can only provide accurate rewards for a
small subset of the full dataset. Although its performance curve is initially similar
to that of the consistency model during early training, the lack of robustness in
its reward signals often leads to collapse after a period of training. In contrast,
RL training based on our consistency reward model demonstrates continuous
improvement, ultimately outperforming the rule-based experiments by 2.8% and
2.0% on MathVista and MathVision benchmarks, respectively.

When we apply our consistent reward model to the RL training of 72B model,
the results still achieve significant improvements, demonstrating the strongest
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Table 4: Performance comparison across multimodal mathematical benchmarks.

Model

Size MathVista [35] MathVerse [76] Mathvision [62] WeMath [48]| Avg.

Closed-Source Models

Gemini2.5Pro |18 - 80.9% 76.9% 69.1% 78.0% 76.2%
GPT-5 |44] - 81.9% 81.2% 72.0% 71.1% 76.6%
GPT-4o |24] - 63.8% 50.2% 30.4% 68.8% 53.3%
Open-Source 7B Models

Qwen-3-VL-8B |2] 8B 77.2% 62.1% 53.9% 64.2% 64.4%
Qwen-2.5-VL-7B |3] 7B 68.2% 47.9% 25.4% 62.1% 50.9%
R1-Onevision-7B |71] B 64.1% 47.1% 29.9% 61.8% 50.7%
OpenVLThinker-7B 14| 7B 70.2% 47.9% 25.3% 64.3% 51.9%
MM-Eureka-7B [39] B 73.0% 50.3% 26.9% 66.1% 54.1%
InternVL2.5-8B-MPO |64] 8B 68.9% 35.5% 21.5% 53.5% 44.9%
Open-Source 32B+ Models

Qwen-2.5-VL-32B |3] 32B 74.7% 49.9% 40.1% 69.1% 58.5%
InternVL2.5-38B-MPO |64] 38B 73.8% 46.5% 32.3% 66.2% 54.7%
Qwen-2.5-VL-72B 3| 72B 74.8% 57.6% 38.1% 72.4% 60.7%
Quwen-2.5-VL Experiments

Rule-RL-7B-Baseline 7B 72.4% 52.3% 28.6% 67.5% 55.2%
xVerify-RL-7B |6 B 74.2% 53.5% 29.3% 67.8% 56.2%
CompassVerifier-RL-7B 33| 7B 74.4% 54.8% 29.2% 68.6% 56.8%
CRM-RL-7B (Ours, hard-reward) 7B 74.3% 56.0% 29.8% 69.6% 57.4%
CRM-RL-7B (Ours, soft-reward) 7B 75.2% 57.1% 30.6% 70.5% 58.4%
CRM-RL-72B (Ours, soft-reward) 72B 76.5% 61.0% 41.7% 74.3% 63.4%
Quwen-3-VL Ezxperiments

Rule-RL-8B-Baseline 8B 78.5% 63.2% 55.1% 68.5% 66.3%
CRM-RL-8B (Ours, hard-reward) 8B 78.9% 64.9% 56.4% 70.3% 67.6%
CRM-RL-8B (Ours, soft-reward) 8B 79.2% 65.8% 57.2% 71.7% 68.5%

performance of a 72B-class model across all benchmarks. This indicates that our
method can be scaled to larger RL training scenarios, enabling robust training.
Under the updated Qwen-3 setting, soft rewards exhibit superior downstream
RL performance compared to hard rewards.

Table 5: Performance on MathVerse (%) v.s. Training Steps.

Reward Method

Step-200 Step-600 Step-900 Step-1000 Step-1200

Rule (MathRuler |21])

xVerify |6

CompassVerifier-7B |33]

CRM (Ours)

52.1
52.3
52.1
52.3

53.0 53.3
53.6 54.1
53.7 54.8

54.5
55.4

55.7

To quantify training stability, we compare reward methods across training
steps on MathVerse under the same 220K training data, as shown in Table [5]
Rule-based rewards collapse earliest (after 200 steps), followed by xVerify and
CompassVerifier, while CRM sustains continuous improvement up to 1200 steps.

3.5 Comparing CRM with Other Variants

Comparison with Outcome Reward Model. We additionally trained a gen-
erative outcome reward model for comparison. The inputs are text question, im-
ages and text response. We choose Qwen2.5-VL-7B-Instruct as the base model.
The outcome reward model analyzes responses with CoT and provides a correct-
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Table 6: Comparison of win rate between different reward modeling variants and
VLMEvalKit on Claude-3.7 test data. Our CRM demonstrates significantly stronger
judging capabilities.

Model ‘MathVista MathVision MathVerse‘ Avg.
Modeling as Outcome Reward Model

Gen-ORM-7B | 23.2% 13.7% 182% [17.8%
Modeling as Consistency Reward Model

Doubao-1.5 100.0% 95.5% 90.9%  |94.2%
Qwen2.5-7B-Inst|  23.7% 15.5% 35.2%  [26.7%
CRM-7B 50.0% 97.0% 92.1%  |89.2%

ness judgment. The data sources and data pipeline are identical to those of the
consistency reward model.

Comparison with Directly Prompting LLMs We directly prompt Qwen2.5-
7B-Instruct model and our teacher model Doubao-1.5-vision-pro-32k-25011.

We employ these reward models to assess the performance of Claude-3.7 on
three visual reasoning task benchmarks, and subsequently calculate the win rate
metric by comparing the results with those obtained from VLMEvalKit.

As illustrated in the Table [6] the outcome reward model yields the worst
results because it is challenging to accurately evaluate the correctness of the
model’s responses. When using the consistency modeling strategy, directly prompt-
ing the base model also gets suboptimal results but is slightly better than the
outcome reward model. This indicates that consistency modeling has strong po-
tential, but it still struggles to assess correctness without fine-tuning. In contrast,
Doubao-1.5-vision-pro-32k-25011 demonstrates stronger performance.

3.6 Ablation Study on the Use of CoT

As shown in Table [7] we conducted experiments under both hard and soft
reward settings, with and without the use of CoT. The results indicate that CoT
provides significant improvements in both scenarios. It is particularly noteworthy
that while the soft reward setting underperforms the hard reward setting without
CoT, the introduction of CoT enables it to achieve a superior performance. This
is attributed to the higher modeling requirements of soft rewards setting, where
the differences between logits must be meaningful. With the aid of CoT, the
consistency model’s judgment is enhanced, allowing the soft reward to effectively
incorporate confidence information.

Table 7: Ablation study results of the CoT used on both hard and soft reward settings.

Model ‘Mat hVista Mathvision
Rule-RL-7B-Baseline ‘ 72.4% 28.6%

CRM-RL-7B (hard) 74.3% 29.8%
CRM-RL-7B (hard, w/o CoT)|73.4% (-1.0%) 28.9% (-0.9%)
CRM-RL-7B (soft) 75.2% 30.6%
CRM-RL-7B (soft, w/o CoT) |73.1% (-2.1%) 28.8% (-1.8%)
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To investigate the underlying reasons for the effectiveness of soft rewards
in a CoT setting, we manually analyzed the soft reward distribution across 50
random hard cases that xVerify [6] cannot correctly judge. We found that using
CRM with CoT leads to higher accuracy and lower-variance soft rewards as
shown in Table [8] For misjudgments (i.e., False Positives and False Negatives),
the non-CoT model is prone to extreme rewards, leading to highly incorrect
reward assignments for these samples. This might explain why CoT-based models
achieve superior performance.

Table 8: The soft reward distribution of CRM under different thinking cost.

CoT|Reward Acc|TP Reward|TN Reward|FP Reward|FN Reward
x‘ 58.0% ‘ 0.83 ‘ -0.74 ‘ 0.75 ‘ -0.63

v 72.0% 0.87 -0.68 0.24 -0.39

3.7 Parameter Scaling of CRM

We further train a 1.5B model for consistency reward modeling, keeping the data
and hyperparameters unchanged. We evaluate its win rate against VLMEvalKit
and RL training results. As shown in Table [0} compared with the 7B model, the
1.5B model still shows an average drop of 9.0% in win rate. Table |§| also shows
1.5B model underperforms 0.7% in RL performance. These results indicate that
the capability of the consistency reward model scales with parameters.

Table 9: Comparison of win rate between 7B and 1.5B consistency reward model.

‘ Evaluation Win Rate ‘ RL Test Acc
Model

[MathVista MathVision Avg.  |MathVista MathVision Avg.
CRM-7B | 50.0% 97.0% 73.5% 74.7% 30.4% 52.6%

CRM-1.5B| 40.0% 89.0%  64.5% (-9.0%)| 74.2% 29.6%  51.9% (-0.7%)

3.8 Task Zero-shot Generalization of CRM

Generalization on verifiable tasks. We investigate consistency reward model’s
generalization capabilities on OCR and MMMU tasks. These tasks are broader
in scope and are not included in the CRM’s training data, which allows us to
evaluate the generalization capability of the CRM. We evaluate the performance
of the consistency reward model on OCR tasks using the widely adopted OCR-
Bench [34]. Following the same evaluation protocol, we tested the CRM’s win
rate in a static judge role and its downstream performance after RL training.

Table 10: The zero-shot judging win rate on OCRBench and MMMU between our
CRM-7B and VLMEvalKit. Using CRM on OCR-related RL training brings gains.

Win Rate Win Rate RL Test Acc
Model |OCRBench MMMU  OCRBench

CRM-7B| 66.7%  82.2% 86.9% (+0.7%)
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The results are shown in Table Although our consistency reward model

is not trained with OCR or MMMU data, it still demonstrates better robustness
than the rule-based VLMEvalKit method, achieving a more accurate evaluation.
We also applied this consistency model to RL training for OCR tasks. By per-
forming GRPO on Qwen-2.5-VL-7B using 50k data from PixMo-CapQA [12],
we achieved a 0.7% improvement on OCRBench.
Generalization on open tasks. To enable the training of CRM on open-ended
questions, we formulate captioning and creative writing tasks as objective verifi-
cation problems. Specifically, we harness GPT-40 to extract checklists of visual
details from 10k images in the ShareGPT-4v |9 dataset and writing constraints
from 10k samples in the LitBench [16] dataset. During RL training, the reward
is derived from the checklist recall rate computed by our CRM, combined with
a length penalty (weighted at 0.3) to mitigate reward hacking. Empirical results
demonstrate that 100 RL training steps yield significant performance gains, in-
cluding +3.4% on CharXivpq [67], +2.6% on InfoVQA [38|, and +5.7% on the
Arena-Hard 29| creative writing benchmark.

Table 11: Performance gains after RL training on various open-task benchmarks.

Performance

Benchmark Task Base Model _~— """ """ Gain (4)
Before RL After RL

CharXivpq 67| Visual Description Qwen2.5-VL-7B  73.9% 77.3% +3.4%

InfoVQA |38] Visual QA Qwen2.5-VL-7TB  82.6% 85.2% 12.6%

Arena-Hard (Writing) [29] Creative Writing Qwen2.5-72B 10.2% 15.9%  +5.7%

4 Related Work

Rule-based Reward Systems Rule-based reward functions have been used in
reinforcement learning across various symbolic and closed domains [5,{424|43L[50]
51.|54]. Entering the era of large language models, rule-based rewards are also
applied in mathematical competition [20,75], code [32] and logical reasoning |68].
In these standardized tasks, rule systems can deliver precise reward signals. More
optimized rules have been developed in mathematical reasoning [21L[37]. In the
real-world visual reasoning tasks studied in this work, rule systems struggle to
handle issues such as unit conversion, estimation, and rounding. The LLM-based
consistency reward models we proposed perform better in these scenarios.

LLM-based Reward Models in Reasoning Tasks The preference reward
model, initially proposed in Reinforcement Learning from Human Feedback
(RLHF) for large language models (LLMs) [56], has become a cornerstone for
aligning model outputs with human preferences. These methodologies have been
applied across diverse domains, including mathematical reasoning [63], code gen-
eration [25]/72], and multi-modal tasks [65]. In reasoning tasks, these reward mod-
els are categorized into outcome-based and process-based approaches [30}/60].
Outcome reward models (ORMSs) rely on response-level correctness, typically
evaluating the final answer, while process reward models (PRMs) leverage step-
level correctness, assessing intermediate reasoning steps for finer-grained super-
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vision [25/63(72]. In our work, we propose a consistency reward model that eval-
uates the semantic and mathematical equivalence between the model’s response
and the ground truth response, rather than relying on preference or absolute
correctness to achieve high reward accuracy and robust RL training.
Multi-Modal Model Reasoning RL Methods Recent studies have explored
reinforcement learning techniques to enhance vision-language models’ reason-
ing capabilities. R1-V [7] and MM-Eureka [39] integrated the GRPO algorithm
from into VLM training on object-counting tasks. VisualThinker-R1-Zero 78|
demonstrated that applying RL training to a base model yields more perfor-
mance gains. To improve multimodal reasoning, Vision-R1 [23] introduced a
multimodal Chain-of-Thought dataset, converting visual information into a lan-
guage format to obtain long CoT responses from language reasoning models.
This dataset served as cold start data before applying GRPO to further re-
fine the model’s reasoning capabilities. Additionally, Curr-ReFT [13| proposed a
three-stage RL framework with progressively increasing difficulty-level rewards
to optimize training efficiency. Similarly, LMM-R1 [47] introduced a two-stage
rule-based RL approach to use text-only data.

5 Conclusion

We introduced Consistency Reward Models (CRM) as a robust and scalable re-
ward modeling framework for multimodal reasoning. By framing reward eval-
uation as a task of judging semantic and mathematical consistency—rather
than solving the underlying problem—CRM provides clear hard decisions and
fine-grained continuous signals through a simple generative process with lightweight
CoT comparison. Combined with our large-scale consistency dataset, this enables
training reward models that are flexible, accurate, and broadly applicable.

Across both static evaluation and online RL, CRM consistently improves
the reliability of reward signals and strengthens policy learning. It outperforms
existing judging pipelines, supports stable RL on significantly larger and more
diverse data, and scales effectively to large model sizes. Moreover, CRM gener-
alizes beyond mathematical reasoning to tasks such as OCR, MMMU and open
tasks, demonstrating its versatility as a reward modeling approach.

Overall, our findings show that consistency-based rewards provide a strong
foundation for future multimodal RL systems. We believe this direction opens
opportunities for building more reliable, semantically aligned, and scalable rea-
soning models, and we expect CRM to facilitate further progress toward broadly
capable multimodal intelligence.
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