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Abstract

Multimodal  Large Language  Models
(MLLMs) are powerful at integrating di-
verse data but often struggle with complex
reasoning. Reinforcement learning (RL)
can enhance reasoning, yet it may cause
performance degradation on general tasks
and overthinking in MLLMs. We propose
Asymmetric Policy Optimization (APO),
which separates responses into positive
and negative groups. For positive samples,
Difficulty-Adaptive ~ Divergence  Shaping
(DADS) dynamically adjusts the KL weight
to stabilize training and preserve knowledge.
For negative samples, Suboptimal Trajectory
Complexity Regularization (STCR) penalizes
overly long responses to reduce overthinking.
Applied to Qwen2.5-VL, our model View-R1
achieves a 10.55% improvement in reasoning
and outperforms larger models (7-11B) while
preserving performance on general tasks and
even yielding slight gains. These results
highlight the effectiveness and broad appli-
cability of our DADS and STCR techniques
for advancing complex multimodal reasoning
in MLLMs. Our code is available at https:
//github.com/Collab-Gen/View-R1.

1 Introduction

Multimodal Large Language Models (MLLMs) (Bai

et al., 2025; Chen et al., 2025; Zhu et al., 2025;
Peng et al, 2026) have demonstrated strong
capabilities across language, vision, and audio
modalities, yet they still face challenges in
complex reasoning tasks requiring fine-grained
multimodal understanding (Guo et al., 2025d;
Wang et al., 2026). Recent work (Guo et al.,
2025a; Jaech et al., 2024) highlights Reinforce-
ment Learning (RL) as a promising way to
enhance reasoning in Large Language Models
(LLMs), overcoming the limitations of traditional
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supervised fine-tuning such as Chain-of-Thought
(CoT) dataset construction (Muennighoff et al.,
2025). For example, DeepSeek-R1 shows that
Reinforcement Learning with Verifiable Rewards
(RLVR) can significantly boost mathematical
and programming reasoning abilities.  Such
improvements are also relevant to emerging
reasoning-intensive applications (Liu et al., 2026;
Zhu et al., 2026b,a; Hong et al., 2025; Guo et al.,
2025b).

In the multimodal domain, recent studies (Peng
et al., 2025; Huang et al., 2025; Meng et al., 2025)
have demonstrated the potential of RL for improv-
ing reasoning capabilities. However, multimodal
reasoning presents unique challenges, particularly
in visual reasoning, where the diversity of prob-
lems, uneven difficulty distribution, and the inher-
ent randomness of multimodal inputs make naive
RL approaches prone to mode collapse or the gen-
eration of verbose yet incorrect chains of thought.
Moreover, overthinking and redundant reasoning
are more easily triggered in multimodal settings,
especially in complex visual tasks, leading to in-
correct deductions and degraded overall perfor-
mance.

Based on the observations above, we propose an
Asymmetric Policy Optimization (APQ) frame-
work that incorporates Difficulty-Adaptive Diver-
gence Shaping (DADS) and Suboptimal Trajec-
tory Complexity Regularization (STCR) for tar-
geted optimization of positive and negative sam-
ples, respectively, thereby enhancing the reason-
ing capabilities of MLLMs. DADS adaptively ad-
justs the KL weight of correct samples accord-
ing to data characteristics, improving training ef-
ficiency and preserving the models original knowl-
edge. In parallel, STCR penalizes incorrect an-
swers with excessively long responses, encourag-
ing the model to produce cleaner and more concise
reasoning chains.

Using Qwen2.5-VL (Bai et al., 2025) as the
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base model, we develop our reasoning model
View-R1-3B/7B, which achieves an average
10.55% improvement on reasoning benchmarks
and surpasses several larger open- and closed-
source MLLMs. Moreover, unlike other reasoning
models that experience performance drops on gen-
eral multimodal tasks, View-R1-3B/7B maintains
consistent gains, demonstrating stronger general-
ization ability.
Our contributions are summarized as follows:

* We provide a systematic analysis of the KL
penalty and overthinking in RL for MLLMs,
elucidating their impact on performance and
stability.

* We propose an Asymmetric Policy Optimiza-
tion (APO) framework comprising Difficulty-
Adaptive Divergence Shaping and Subopti-
mal Trajectory Complexity Regularization,
which enhance training efficiency, sample uti-
lization, and the clarity of reasoning chains.

* View-R1-3B/7B outperforms a series of
larger MLLMs on both reasoning and general
benchmarks, indicating the effectiveness and
generalization ability of our approach.

2 Related Work

Reinforcement Learning in LLMs. Applying
RL to Large Language Models (LLMs) has shifted
from environmental mastery to aligning outputs
with complex, sometimes ambiguous human pref-
erences via RLHF (Ouyang et al., 2022), which
fine-tunes pre-trained models against human judg-
ments rather than external rewards. Proximal Pol-
icy Optimization (PPO) (Schulman et al., 2017) re-
mains the standard actor-critic method in RL fine-
tuning. Direct Preference Optimization (DPO)
(Rafailov et al., 2023) removes the separate reward
model by directly optimizing the policy from a
preferencepolicy relationship. Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) ex-
tends PPO by dropping the value head and evaluat-
ing groups of outputs, suiting multi-step reasoning
and comparative rewards. Group Sequence Policy
Optimization (GSPO) (Zheng et al., 2025) defines
the importance ratio at the sequence level with
sequence-level clipping, outperforming GRPO in
performance and efficiency and improving MoE
stability. Dr.GRPO (Liu et al., 2025) corrects GR-
POs train-longer bias by removing length and vari-
ance normalization, improving token efficiency
without harming reasoning quality.

Reinforcement Learning in MLLMs.  Ex-
tending reinforcement learning paradigms from
LLMs to MLLMs has emerged as a prominent re-
search direction. Observe-R1 (Guo et al., 2025¢)
enhances MLLM learning through a difficulty-
graded dataset, improved visual observation via
multimodal constraints, and a reward system for
concise, accurate responses with dynamic weight-
ing. LMM-R1 (Peng et al., 2025) enhances the
model’s general task performance by conducting
two-stage RL training on mixed datasets of pure
text and image-text. MM-Eureka (Meng et al.,
2025) first trains general reasoning, then intro-
duces KL divergence with domain data to improve
performance in specific domains. VL-Rethinker-
7B (Wang et al.,, 2025) enhances GRPO-based
reinforcement learning with selective replay and
forced rethinking to improve accuracy on multi-
modal math and science tasks.

3 Methodology

3.1 Preliminaries

Reinforcement Learning with Verifiable Re-
ward.  Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) is a variant of Proxi-
mal Policy Optimization (PPO) (Schulman et al.,
2017), which eliminates the value function and es-
timates the advantage in a group manner. Specif-
ically, given a question-answer pair (¢, a), GRPO
samples a group G of responses {Oz‘}ZG:y Follow-
ing DeepSeek-R1 (Guo et al., 2025a), we use the
verifiable reward, which is divided into the accu-
racy reward ;""" and the format reward rformat_
The accuracy reward is the final accuracy of a ver-
ifiable task and the format reward is granted when
the model follows the format constraint such as
<think></think><answer></answer>.  There-
fore, the total reward r; of the response o; can be
computed as:

ri = rieY g ot 4]

)

where X is the coefficient to adjust the weight. In
GRPO, the reward r; is normalized in a group man-
ner as follows:

i, - r; — mean({m}iG:l)
" std({ri}&,)

(@)
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Figure 1: (a) Comparison of the performance on MathVista during the training process. (b) Comparison of the
performance and stability on the reasoning and general benchmarks. CV denotes the coefficient of variation of the

performance during the training process.

Then, GRPO adopts a clipped objective function
with the KL penalty term similar to PPO:

Jarro(f) = IE:(q,a)pr {oi}{ 1 ~moy4 (‘la)
[1 SERC

~ BDkL(mo || Trer))

where 7;4(f) is the importance sampling ra-
tio (Schulman et al., 2017). In this work, we use
GRPO as our base approach for RL training. Fur-
thermore, our improvements focus on fliyt and .

3.2 Difficulty-Adaptive Divergence Shaping

KL or Not? The KL penalty in Equation 3 is
added for the stable parameter update, which can
prevent the model from collapsing. However, sev-
eral recent studies (Meng et al., 2025; Yu et al.,
2025) propose to remove the KL penalty in the
original GRPO for better performance. We pose
the question: Does removing the KL divergence
lead to unintended consequences?  To answer
this question and understand the KL penalty in the
original GRPO, we conduct several experiments.
Empirically, we compare models trained with
and without the KL penalty on the MathVista (Lu
et al., 2024) dataset, as shown in Fig. 1(a). The re-
sults show that the model without the KL. penalty
performs better in most training stages, mainly
because it can explore reasoning strategies more
freely with fewer constraints, achieving higher
performance and faster convergence in the early
phase. However, as training progresses, the per-
formance of the model without the KL penalty

gradually declines, while the model with the KL
penalty continues to improve steadily. This is be-
cause removing the KL penalty increases the diver-
gence from the reference model, leading to forget-
ting effects and a degradation in reasoning ability.
Fig. 1(b) further confirms this: although the model
with the KL penalty performs slightly worse on
reasoning tasks, it consistently outperforms the
other on general benchmarks. Moreover, stability
analysis based on the coefficient of variation (stan-
dard deviation divided by mean) shows that the
model without the KL penalty exhibits greater fluc-
tuations during training(Fig. 1(b)), whereas the
model with the penalty remains more stable.

From the above analysis, we have several key
findings. Firstly, removing the KL penalty helps
the model perform better and learn faster during
the RL training on the reasoning tasks. However,
it fails to retain some prior knowledge which leads
to performance degradation on the general bench-
marks. Secondly, the KL penalty makes the train-
ing more stable and helps to improve the reasoning
abilities while also retaining the generalization ca-
pabilities of the MLLM, but the reasoning ability
does not improve as much as that without the KL
penalty.

Redesign of the KL penalty. Based on the
empirical findings, we need to figure out where
to explore and how much to explore, as well as
where to retain and how much to retain, in or-
der to achieve the best performance. To this end,
we propose the Difficulty-Adaptive Divergence
Shaping (DADS) strategy. From Equation 3, we
can observe that for every response, the weighting
term ( has the same value, which means that it
imposes equal constraints on all samples. Such a
strategy is clearly inappropriate, as different sam-
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Figure 2: Illustration of GRPO and our method dealing with difficult query conditions. DADS adaptively adjusts
the KL divergence penalty based on the test-time difficulty of a sample, calculated from a group of sampled

responses.

ples and responses have varying training value for
improving the reasoning abilities and retaining the
prior knowledge. Therefore, DADS is proposed
to adaptively shape the KL divergence based on
the test-time difficulty of the data sample. Fig. 2
presents the outline of DADS. Specifically, given
a question-answer pair (g, a), the current policy
samples a group G of responses {0;} ;. Then,
we define the test-time difficulty as:

ZiGzl IL(T,?ccuracy _ 0)

d=
G

“)

where 1 is an indicator function that equals 1 when

?Ccuracy = 0, and O otherwise. We define the
difficulty as the failure rate estimated from G on-
policy rollouts, with further justification provided
in Appendix 5. In GRPO, for high-difficulty pos-
itive samples, even when they provide advantages
in subsequent computations, the KL divergence
penalty still constrains the probabilistic deviation
between the actor and reference models, reducing
the training efficiency of correct samples and mak-
ing it difficult to learn problems that the reference
model struggles with. To address this, we aim
to improve the training efficiency of positive sam-
ples and impose a weaker KL constraint on those
with higher difficulty, thereby overcoming the lim-
itations of the reference model. Accordingly, we
adaptively map the difficulty d to the KL weight
term:

Bdads — 1—eld=Dg if pf™Y = Jand d # 0
' B otherwise

S))

To reduce notation, we henceforth use the short-
hand f(d) = 1 — (=1 to denote this mapping.

We want f(d) to have several necessary proper-
ties: (1) On the interval [0, 1], f(d) is a positive-
valued function that strictly monotonically de-
creases from 1 approaching 0. (2) Non-negativity
serves as a constraint that helps prevent the actor
model from hacking the loss in undesired ways,
such as by uniformly decreasing token probabili-
ties. (3) Low initial slopes and terminal fast de-
cays unbind the model under extremely difficult
queries. It’s worth noting that groups with all-
correct samples are filtered out, as decaying the
KL divergence of experiences without advantage
introduces greater training instability. We select
f(d) = 1 — e*4=1) a5 the primary function. In
addition we explore several variants in Fig. 6 and
analyze them in Sec. 4.4.

3.3 Suboptimal Trajectory Complexity
Regularization

Wrong answers often involve overthinking. In
various GRPO-based studies (Shao et al., 2024;
Huang et al., 2025; Meng et al., 2025; Zhou et al.,
2025), a significant increase in response length
during training is commonly observed and often
interpreted as evidence of enhanced reasoning ca-
pability. However, Dr. GRPO (Liu et al., 2025)
and DAPO (Yu et al., 2025) suggest that this phe-
nomenon may stem from the inherent bias of the
GRPO objective function. As shown in Fig. 3,
our experiments on shuffled and difficulty-graded
datasets reveal that incorrect responses are consis-
tently longer than correct ones, with the length
gap continuously widening as training progresses;
meanwhile, on the shuffled dataset, the length
of correct responses remains nearly unchanged
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(1) GRPO with Shuffled Dataset

(2) GRPO with Difficulty-graded Dataset

(3) GRPO(STCR) with Difficulty-graded Dataset
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Figure 3: Comparison of response length dynamics during training: Original GRPO on difficulty-graded datasets
and shuffled datasets, versus our STCR method applied to difficulty-graded data.

throughout training.

As shown in Fig. 4, the original GRPO al-
gorithm assigns equal weight to all samples in
the final loss computation. Consequently, tokens
in longer responses contribute less to the overall
loss, leading to a divergence in output length over
timeincorrect responses tend to become longer,
while correct ones grow shorter. This length bias
is particularly problematic for MLLMs that inte-
grate multimodal information, as it can exacerbate
issues such as verbosity and repetition (Yu et al.,
2025).

Based on this observation, we argue that the
length-biased loss in GRPO encourages exces-
sively long generations, wasting inference re-
sources and weakening the effective learning sig-
nal. To address this issue and promote more
concise and accurate responses, we propose a
novel regularization method: Suboptimal Trajec-
tory Complexity Regularization (STCR).

We do not completely remove the length bias,
as the tendency of correct answers to become con-
cise is desirable for reducing inference cost and
improving stability; instead, we retain this effect
while preventing incorrect responses from grow-
ing unboundedly long.

The core idea of STCR is to introduce a penalty
term that scales the advantage estimates flm for
suboptimal responses based on their length rela-
tive to the average length of correct ones. Specif-
ically, we penalize incorrect responses whose
lengths significantly exceed the mean length of
correct responses, as they primarily contribute to
length bias and gradient dilution. Let L; denote
the length of the i-th trajectory o; (L; = |o;|), and
L ., the average length of correct responses in
the current batch or training window. For incorrect
trajectories with L; > L7ic,,, a length-dependent

mean?

scaling coefficient «; is applied to A; ;, computed

as:

o =2 — plimean =l ©)

where p is a hyperparameter slightly greater

than 1. When L; > L&¢ . the exponent L3< ~—

mean
L; becomes negative, causing plmean=li to de-
crease toward 0 as L; grows. Consequently, o; in-
creases toward 2, thereby intensifying the penalty
on overly long incorrect sequences. For trajecto-
ries where L; < L3¢ or for any correct trajec-
tory, we set o; = 1, applying no scaling.

The modified advantage term, flfffr, used in the

objective function is:

(N

dster _ {Au o AR = 0 and L; > LA,
vt A” otherwise

By multiplying fli,t by a; > 1 for long incorrect
sequences, we intensify their negative advantages.
This effectively increases the penalty for generat-
ing tokens within these overly long, incorrect re-
sponses. This targeted scaling amplifies the learn-
ing signal, strongly discouraging the model from
producing verbose, incorrect outputs.

4 Experiments

4.1 Experimental Setup

In our experiments, we use Qwen2.5-VL-3B/7B-
Instruct (Bai et al., 2025) as our base model. We
use multiple datasets to train our model, including
MathVision (Wang et al., 2024), We-Math (Qiao
et al., 2024), SceMQA (Liang et al., 2024), Poly-
Math (Gupta et al., 2024), GeoQA+ (Cao and
Xiao, 2022), FigureQA (Kahou et al., 2018), Uni-
Geo (Chen et al., 2022), TabMWP (Lu et al.,
2023), ScienceQA (Lu et al., 2022) and CLEVR-
Math (Lindstrém and Abraham, 2022). These
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Figure 4: Illustration of the length bias in GRPO. When calculating the effective advantage, the division of A;
by the response length |o;| introduces a length bias to the token-level advantage. This bias preferentially rewards
shorter sequences for positive samples and penalizes shorter sequences for negative samples. Over successive
iterations, this mechanism can induce a notable divergence in the model’s output length, ultimately leading to a
phenomenon where incorrect answers progressively lengthen while correct answers become shorter.

Hint: Please answer the question and provide the correct option letter, e.g., A, B, C, D, at the
end.Question: Which capability boasts the highest proportion (%)?Choices:(A) Rec (B) OCR (C)
Know (D) Gen (E) Spat (F) Math 1

CGRPO 1o determine which ........ The bar for "Rec" (Recognition) is the tallest,
reaching up to 68.8%.- The bar for "OCR" is the second tallest ....... The bar ......
The bar ..... The bar ...... The bar...... "OCR”is the tallest ...... <answer>B</answer> |

Ours I

To determine ...... The bar for "Rec" (Recognition) is the tallest ...... is |
"Rec". <answer> A </answer> Vi

Figure 5: An example demonstrating how our method, by incorporating DADS and STCR, avoids the overthinking

seen in the original GRPO, leading to a more concise and correct reasoning process.

datasets cover a wide range of domains from rea-
soning tasks to multimodal general tasks. We con-
struct these datasets with incrementally increas-
ing difficulty according to Observe-R1 (Guo et al.,
2025c).

In the training stage, the train batch size is set
to 64 and the rollout batch size is set to 128. We
use a learning rate of le-6 and sample 8 responses
for each question. The reward trade-off ) is set to
0.5 following (Meng et al., 2025). Besides, we use
1.0001 as the hyperparameter value for .

For evaluation, we use three reasoning bench-
marks: MathVista (Lu et al.,, 2024), Math-
Verse (Zhang et al., 2024a), and MMK12 (Meng
et al.,, 2025). For general multimodal evalua-
tion, we use MMStar (Chen et al., 2024) and
MMMU (Yue et al., 2024). We report MMMU
results on the validation set. All reported results
are based on a single training run due to computa-
tional constraints.

4.2 Main Results

To comprehensively validate the effectiveness of
our method, we compare View-R1-3B/7B with
various MLLMs, including closed-source, open-
source general, and reasoning-oriented models.
As shown in Table 1, despite having only 7B pa-
rameters, View-R1-7B achieves the best perfor-
mance on MathVista, MathVerse, and MMStar,

and ranks second on MMK12, surpassing several
closed-source and reasoning models with 7-11B
parameters. Moreover, View-R1-3B attains the
best results among all models with 3B parameters
or fewer across all five benchmarks, demonstrat-
ing the superior efficiency and effectiveness of our
approach in enhancing the reasoning capabilities
of MLLMs.

At the same time, we observe that most rea-
soning models tend to perform worse after re-
inforcement learning (RL) training compared to
their original base models. In contrast, View-
R1-3B/7B continues to exhibit consistent improve-
ments on MMMU, validating the effectiveness of
our method in preserving the original knowledge
of MLLMs while enhancing reasoning ability.

We also compare APO with concurrent group
policy optimization baselines, including GRPO,
DrGRPO, and GSPO, under the same backbone
and evaluation protocol (Table 4). While these
methods improve multimodal reasoning to vary-
ing degrees, they often show weaker general-task
retention. By comparison, View-R1-3B achieves
the strongest overall performance, improving both
reasoning (MathVista/MathVerse) and general ca-
pability MMStar/MMMU).

In addition, we provide an illustrative example
in Fig. 5. As shown, the base model lacks a com-
plete reasoning process and sufficient detail, result-
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Reasoning Benchmark General Benchmark

Model | Year  Params | MathVista MathVerse MMKI2 | MMStar  MMMU
Closed-Source MLLMs
GPT-40 (OpenAl, 2024) 2024 - 63.8 37.6 49.9 63.9 62.8
GPT-4V (OpenAl, 2023) 2024 - 49.4 394 472 49.7 53.8
GPT-40-mini (OpenAl, 2024) 2024 - 52.5 37.5 39.7 54.8 60.0
Open-Source MLLMs
InternVL3-2B (Zhu et al., 2025) 2025 2B 57.0 25.3 23.4 60.7 48.6
InternVL2.5-4B (Chen et al., 2025) 2024 4B 64.1 27.7 35.6 58.7 51.8
InternVL2.5-8B (Chen et al., 2025) 2024 8B 64.4 39.5 45.6 62.8 56.2
Qwen2.5-VL-3B (Bai et al., 2025) 2025 3B 57.8 34.7 43.5 54.1 47.6
Qwen2.5-VL-7B (Bai et al., 2025) 2025 7B 64.8 46.7 45.3 64.1 48.4
Open-Source Reasoning MLLMs
Mulberry-7B (Yao et al., 2024) 2025 7B 63.1 45.1 34.2 61.3 51.5
InternVL2.5-4B-MPO (Chen et al., 2025) | 2024 4B 65.3 35.8 10.9 58.7 51.8
LMM-RI1 (Peng et al., 2025) 2025 3B 63.2 41.5 49.9 58.0 499"
R1-VL-2B (Zhang et al., 2025) 2025 2B 52.1 26.2 22.4 49.8 36.7
R1-VL-7B (Zhang et al., 2025) 2025 7B 63.5 40.0 32.7 60.0 43.3
R1-Onevision-7B (Yang et al., 2025) 2025 7B 64.1 46.4 39.8 61.9 44.4
VL-Rethinker-7B (Wang et al., 2025) 2025 7B 70.2 50.0 62.7 63.6 40.1
Curr-ReFT-3B (Deng et al., 2025) 2025 3B 60.4 314 424 53.6 48.8
Curr-ReFT-7B (Deng et al., 2025) 2025 7B 69.2 41.6 50.8 63.5 54.2
DeepEyes-7B (Zhang et al., 2024b) 2025 7B 70.8 47.7 54.0 63.7 53.6
View-R1-3B 2025 3B 66.2" 41.6" 47.0° 61.3" 48.9
View-R1-7B 2025 7B 71.2 51.7 55.7 65.4 49.1

Table 1: Comparison with recent MLLMs on reasoning and general benchmarks. Bold = best; underline = second
best. number* = best-performing model with < 3B parameters.

Model ‘ MathVista ‘ MathVerse
| TQA' AR SR VQA ALL |
Base Model 60.1 510 738 475 578 | 350
+ GRPO-w-KL 582 617 694 553 60.5 375
+GRPO-w/o-KL | 589 618 781 547 64.1 389
+GRPO-w-STCR | 582 629 784 531 645 | 400
+GRPO-w-DADS | 65.2 60.9 801 542 66.1 40.1
View-R1-3B 648 631 786 549 662 | 416

Table 2: Ablation study of View-R1-3B on reasoning
benchmarks. MathVista sub-scores: Textbook Ques-
tion Answering (TQA), Arithmetic Reasoning (AR),
Statistical Reasoning (SR), Visual Question Answering
(VQA). Bold: best result.

ing in an incorrect final answer. The GRPO model
generates a detailed reasoning path but includes
excessive redundant information and outputs, lead-
ing to an overthinking issue that ultimately pro-
duces an incorrect answer. In contrast, APO gen-
erates an accurate and concise step-by-step reason-
ing process, effectively avoiding the overthinking
problem.

4.3 Ablation Study

To investigate the contribution of each proposed
component to the overall performance of our
model, we conduct comprehensive ablation exper-
iments. Starting with the base model, we progres-
sively introduce GRPO, the standard KL penalty,
STCR, and DADS. The results are summarized in
Table 2.

Incorporating STCR into the GRPO frame-
work yields notable performance improvements.
Specifically, GRPO enhanced with STCR achieves
scores of 64.5 on MathVista and 40.0 on Math-
Verse, surpassing both the basic GRPO and GRPO
with the standard KL penalty. This clearly demon-
strates STCR’s effectiveness in mitigating the
length bias inherent in GRPO (Fig. 3(3)), pro-
moting the generation of concise and accurate re-
sponses, especially for incorrect attempts, thereby
enhancing learning efficiency.

Next, we evaluate the effect of DADS by inte-
grating it into the GRPO framework, which yields
notable performance improvements66.1 on Math-
Vista and 40.1 on MathVerse. Compared with
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Model MathVista MathVerse MMMU
InternVL3-2B 56.7 254 47.3
+ APO (ours) 65.4 28.7 48.9

Table 3: APO improves InternVL3-2B under the same
training/evaluation protocol.

Method MathVista MathVerse MMStar MMMU
Qwen2.5-VL-3B-Instruct 57.8 347 54.1 47.6
w-GRPO 64.1 38.9 57.9 46.8
w-DrGRPO 62.8 404 58.7 45.8
w-GSPO 58.7 39.6 54.2 459
View-R1-3B (ours) 66.2 41.6 61.3 48.9

Table 4: Comparison with GRPO/Dr.GRPO/GSPO.

GRPO using only the standard KL penalty, this
highlights the crucial role of DADS. These results
confirm that adaptively adjusting KL. divergence
based on sample difficulty allows freer exploration
of challenging but correct samples while maintain-
ing stability through stronger constraints on sim-
pler or incorrect ones, as shown in Fig. 2. Ulti-
mately, our full model, View-R1-3B, achieves the
best overall performance, scoring 66.2 on Math-
Vista and 41.6 on MathVerse, and ranks best or
near-best across MathVista sub-benchmarks. The
combined use of STCR and DADS effectively
overcomes the limitations of standard GRPO, im-
proving both performance and training stability:
STCR mitigates length bias, while DADS op-
timizes the explorationstability balance through
adaptive KL shaping.

4.4 Further Analysis

The core of DADS is the projection function f(d),
which maps difficulty d to a scaling factor on the
KL weight 3. To assess its effect, we compare lin-
ear and cubic variants with the original KL penalty
and with training without a KL term. Fig. 6 shows
performance on MathVista under these settings.
Training without KL (KL-w/0) yields fast initial
gains but later declines, while the original KL (KL-
Original) improves steadily but slowly. Adaptive
DADS seeks to balance these advantages.

We evaluate peak performance (Peak Overall
Accuracy on MathVista) and training stability,
measured by the Coefficient of Variation (CV)
across training steps. Fig. 6(c) summarizes these
results. The DADS variants reveal clear trade-offs:
the linear function f(d) = 1 — d improves peak
accuracy (63.5%) over KL-Original but shows
lower stability (CV = 2.52%). The cubic function

Method AIME 2024 MATH-500
Base (Qwen2.5-3B-Instruct) 7.03 62.4
+ GRPO 7.31 64.8
+ Dr.GRPO 7.34 65.2
+ APO (ours) 7.55 66.6

Table 5: Text-only LLM results.

achieves a better balance, attaining higher peak
accuracy (64.6%) than both KL-Original and KL-
Linear, while also offering improved stability (CV
=2.15%) compared with KL-w/o, KL-Linear, and
slightly better than KL-DADS.

Our KL-DADS variant with f(d) = 1 — e®(¢=1)
achieves the highest peak accuracy on MathVista
(66.1%). Although its stability (CV = 2.29%)
is slightly lower than the original KL and cu-
bic variants, it provides a better overall trade-off,
clearly outperforming the no-KL setting and other
adaptive strategies. By assigning higher penalties
to easier samples and rapidly decaying them for
harder ones, it balances exploration and stability
and mitigates catastrophic forgetting.

Furthermore, as shown in Fig. 3, we com-
pare the original GRPO with our STCR-enhanced
model across different datasets. The original
GRPO shows a growing divergence between the
lengths of incorrect and correct responses during
training, reflecting an overthinking phenomenon.
In contrast, STCR effectively mitigates this trend,
leading to more concise and stable reasoning.

In contrast, applying STCR on the difficulty-
graded dataset keeps the length gap between in-
correct and correct responses much more stable,
remaining within roughly 100 tokens. This indi-
cates that STCR effectively regularizes suboptimal
trajectory length. Moreover, as described in Sec.
3, the hyperparameter p in the «; scaling factor
controls this length gap, enabling fine-grained ad-
justment of the regularization strength.

STCR not only helps control response length
but also enhances training efficiency and model
performance. As shown in the ablation study in
Table 2, applying STCR to the base GRPO model
increases the MathVista ALL score from 64.1 to
64.5 and the MathVerse score from 38.9 to 40.
This result indicates that by penalizing lengthy and
incorrect responses, STCR focuses policy updates
on more effective reasoning paths, encouraging
the model to generate cleaner and more concise
reasoning chains, thereby improving learning effi-
ciency and overall performance.

30798



4 66  —e— KL-DADS
_._'__ KL-Linear
—e— KL-Cubic
6 —¢— KL-Original
s KL-w/o
g 9 d
0.5 ;sz
£
ZED
0 0.5 °
S o S R @

P S L o0 S
® KX )

Peak Accurac) y
- CV (%)
7

2.63%
2.52%

661000
5 9%
64.6008"
64.10
63.50
1.31%
|
o

Overal\ Accuracy (%) - Peak
Coefficient of Variation (%)

P

Training Step o
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comparison on MathVista during training. (c) Peak performance and training stability (Coefficient of Variation,
CV) for different DADS variants. Lower CV indicates higher stability.

Generalization to Other Backbones. We evalu-
ate APO on additional model backbones under the
same training and evaluation protocol. Table 3 re-
ports results on InternVL3-2B, and Table 5 reports
results on a text-only LLM.

InternVL3-2B backbone. As shown in Table 3,
applying APO to InternVL3-2B yields consistent
gains on multimodal reasoning benchmarks (Math-
Vista and MathVerse) while maintaining a slight
improvement on the general benchmark MMMU.
This suggests that APO generalizes beyond the
Qwen2.5-VL family and remains effective on a dif-
ferent MLLM architecture.

Text-only LLM backbone. We further test
APO on a text-only LLM using AIME 2024 and
MATH-500 (Table 5). APO improves both bench-
marks over GRPO and Dr.GRPO, indicating that
the proposed training principles extend beyond
multimodal settings and can benefit text-only rea-
soning as well.

5 Conclusion

We propose a novel Asymmetric Policy Optimiza-
tion (APO) framework composed of Difficulty-
Adaptive Divergence Shaping (DADS) and Sub-
optimal Trajectory Complexity Regularization
(STCR) to enhance the reasoning capabilities of
MLLMs. DADS dynamically adjusts the KL
penalty to improve reasoning performance while
maintaining generalization, whereas STCR pe-
nalizes overly long incorrect outputs to encour-
age concise and coherent reasoning. Built upon
Qwen2.5-VL, View-R1-3B/7B achieves signifi-
cant performance gains across multiple reasoning
and multimodal benchmarks, demonstrating the ef-

fectiveness and generality of APO in enhancing
reasoning while preserving generalization.
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Why Choose Failure Rate as the Difficulty
Metric

Our decision to define difficulty as the failure rate
estimated from GG on-policy rollouts is deliberate
and motivated by the requirements of Difficulty-
Adaptive Divergence Shaping (DADS).

Real time, model capability dependent diffi-
culty. DADS aims to adaptively allocate training
signals according to the models current capability.
Consequently, the difficulty metric must reflect the
models present performance rather than a static
property of the data. The failure rate computed
from the models own on-policy rollouts naturally
satisfies this requirement: it directly arises from
the models current behavior and evolves dynam-
ically as training progresses, enabling stable and
responsive adaptive scheduling.

Limitations of dataset-provided difficulty anno-
tations. Although some datasets provide diffi-
culty labels, such annotations are typically dataset-
specific, depend on human-defined criteria, and
lack a unified scale across tasks or domains. More
importantly, these difficulty labels are inherently
static, whereas difficulty is always relative to the
models current ability. A sample labeled as hard
may become trivial after a few training iterations,
making static annotations unsuitable for adaptive
optimization.

Limitations of teacher-based difficulty estima-
tion. Estimating difficulty using a teacher mod-
els confidence introduces substantial computa-
tional overhead, as it requires additional forward
passes of a large model for each sample. More-
over, the teachers competence profile may not
align with that of the student model, leading to
domain mismatch. As a result, teacher confidence
may fail to accurately reflect the student models ac-
tual failure likelihood, potentially producing mis-
leading difficulty signals.

Limitations of entropy or disagreement-based
metrics. Policy entropy or model disagreement
does not directly correspond to problem difficulty.
Entropy is often influenced by task structure rather
than inherent difficulty; for example, open-ended
generation tasks naturally exhibit higher entropy
due to multiple valid outputs, while well-defined
mathematical problems may have low entropy de-
spite being difficult. In addition, entropy lacks
natural bounds and typically requires maintaining

large-scale sampling statistics, which can be unsta-
ble during early training stages. These properties
make entropy-based metrics unsuitable for DADS.

Overall, the failure rate from on-policy rollouts
provides a simple, stable, and model-aligned dif-
ficulty signal that directly reflects the models cur-
rent capability, making it well suited for adaptive
KL shaping in DADS.

30803



