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Abstract

Recent advances in reinforcement learning
(RL) have improved the reasoning capabili-
ties of large language models (LLMs) and
vision-language models (VLMs). However,
the widely used Group Relative Policy Op-
timization (GRPO) consistently suffers from
entropy collapse, causing the policy to con-
verge prematurely and lose diversity. Exist-
ing exploration methods introduce additional
bias or variance during exploration, making
it difficult to maintain optimization stability.
We propose Unified Entropy Control for Rein-
forcement Learning (UEC-RL), a framework
that provides targeted mechanisms for explo-
ration and stabilization. UEC-RL activates
more exploration on difficult prompts to search
for potential and valuable reasoning trajecto-
ries. In parallel, a stabilizer prevents entropy
from growing uncontrollably, thereby keep-
ing training stable as the model consolidates
reliable behaviors. Together, these compo-
nents expand the search space when needed
while maintaining robust optimization through-
out training. Experiments on both LLM and
VLM reasoning tasks show consistent gains
over RL baselines on both Pass@1 and Pass@k.
On Geometry3K, UEC-RL achieves a 37.9%
relative improvement over GRPO, indicating
that it sustains effective exploration without
compromising convergence and underscoring
UEC-RL as a key for scaling RL-based reason-
ing in large models. Our code is available at
https://github.com/597358816/UEC-RL.

1 Introduction

Reinforcement learning (RL) has become a cen-
tral paradigm in the post-training of large lan-
guage models (LLMs) and vision-language mod-
els (VLMs) (GLM et al., 2024; Touvron et al.,
2023). Early RLHF methods, such as Proximal
Policy Optimization (PPO) and Direct Preference
Optimization (DPO), align model outputs with hu-
man preferences using preference-based rewards

(Schulman et al., 2017b; Rafailov et al., 2023;
Zhong et al., 2024; Wang et al., 2024c). More
recently, Reinforcement Learning with Verifiable
Rewards (RLVR) has emerged as a scalable al-
ternative by leveraging automatically verifiable
supervision (Mroueh, 2025). Within this frame-
work, Group Relative Policy Optimization (GRPO)
was introduced as a lightweight PPO variant that
removes the critic and estimates advantages via
group-normalized rewards, achieving strong ef-
ficiency and competitive reasoning performance
(Shao et al., 2024; Liu et al., 2024; Guo et al.,
2025).

Exploration in RL is the process of guiding the
policy to observe sufficiently diverse and informa-
tive samples during training, so that optimization
can operate over a broader solution space instead
of collapsing to suboptimal behaviors early (Sutton
et al., 1998; Auer et al., 2002; Strehl and Littman,
2008; Kolter and Ng, 2009). Entropy quantifies
the policy’s uncertainty during inference and is
commonly used as a proxy for exploration (Schul-
man et al., 2017a; Haarnoja et al., 2018; Nachum
et al., 2017), yet recent studies show that GRPO
suffers from entropy collapse, where policy en-
tropy rapidly drops and responses become highly
convergent, severely limiting the discovery of po-
tential and valuable trajectories (Yue et al., 2025;
Yu et al., 2025). DAPO slows entropy decay via
a clip-higher strategy, but often at the cost of in-
creased update variance and unstable training (Yu
et al., 2025). Other methods introduce entropy
bonuses or modified advantages (Cui et al., 2025;
Cheng et al., 2025), but the resulting exploration
is frequently biased, as these approaches explicitly
optimize entropy-related terms rather than task re-
wards. Moreover, effective exploration should
emphasize informative and high-quality diver-
sity, rather than indiscriminately encouraging
randomness. This requires mechanisms that can
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Figure 1: Illustration of UEC-RL. UEC-RL balances exploration and stabilization, keeping entropy within an optimal operating

range.

suppress excessively high-entropy behaviors once
exploration becomes unproductive, a capability that
is largely missing in existing approaches. Overall,
the field still lacks a mechanism for controlling
entropy in both directions, exploration and stabi-
lization.

To address this gap, we introduce UEC-RL, a
framework that integrates exploration and stabiliza-
tion within a single, coherent mechanism. Rather
than merely slowing entropy collapse, UEC-RL ac-
tively adjusts the degree of exploration according
to problem difficulty, enabling entropy to increase
when deeper reasoning is required and allowing the
model to access low-probability but informative
trajectories that standard sampling often misses.
At the same time, UEC-RL incorporates a stabiliz-
ing mechanism that restrains uncontrolled entropy
growth, reinforces reliable behaviors, and guides
the policy toward stable convergence as learning
progresses. Through this coordinated design, UEC-
RL dynamically balances exploration and exploita-
tion throughout training.

Experiments across a wide range of LLM and
VLM reasoning benchmarks show that UEC-RL
delivers consistent gains over RL baselines. On
the challenging Geometry3K dataset, it achieves
a 37.9% relative improvement in accuracy while
maintaining more appropriate training dynamics.
UEC-RL also provides robust improvements on
Pass@k, demonstrating that UEC-RL is an effec-
tive method for advancing RL-based reasoning in
large-scale models. Our contributions are summa-
rized as follows:

* We introduce UEC-RL, which provides bidi-
rectional entropy regulation, enabling both con-
trollable entropy increase for deep exploration

and controllable entropy stabilization for reliable
training. As shown in Fig. 1, UEC-RL includes:

— A targeted exploration mechanism that acti-
vates high-entropy reasoning specifically on
difficult problems, allowing the model to un-
cover low-probability but informative trajec-
tories that standard sampling rarely reaches.

— A controllable entropy stabilizer that ampli-
fies reliable gradients, suppresses unbounded
exploration, and guides the policy toward sta-
ble convergence.

* We demonstrate consistent improvements across
LLM and VLM reasoning benchmarks, includ-
ing strong gains on Geometry3K and Pass@k
evaluations, confirming the effectiveness and
generality of the proposed entropy-control
paradigm.

2 Related Work

Recent post-training progress has shown that rein-
forcement learning is effective for improving rea-
soning in foundation models, offering a scalable
way to refine long-chain decision behaviors beyond
supervised fine-tuning (OpenAl, 2024). Recent ad-
vances in aligning large language models (LLMs)
and vision-language models (VLMs) have been
driven by reinforcement learning techniques (Ope-
nAl, 2023; Team et al., 2024; Zhu et al., 2023; Wei
et al., 2023; Liu et al., 2023; Team et al., 2025;
Yang et al., 2025), most notably RLHF and pol-
icy optimization methods such as DPO, PPO, and
GRPO (Rafailov et al., 2024; Ouyang et al., 2022;
Schulman et al., 2017b; Shao et al., 2024). More
recently, Reinforcement Learning with Verifiable
Rewards (RLVR) has shown strong performance in
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Figure 2: Two prominent optimization issues of GRPO on Geometry3K: insufficient exploration (entropy collapse)

and unstable training dynamics.

reasoning-intensive domains by removing learned
reward models and relying on structured, verifiable
supervision (Lambert et al., 2024; Guo et al., 2025).
In this setting, optimization efficiency and training
dynamics become critical, particularly for GRPO-
based methods that normalize rewards within roll-
out groups.

Exploration is a core component of reinforce-
ment learning, enabling policies to escape local
optima and discover high-reward behaviors (Sutton
et al., 1998). In policy gradient methods, entropy
is commonly used as a proxy for exploration to
encourage behavioral diversity (Schulman et al.,
2017b). However, recent studies show that GRPO-
based training often suffers from entropy collapse,
resulting in highly convergent samples and insuf-
ficient exploration (Yue et al., 2025; Yu et al.,
2025). Existing remedies can be broadly grouped
into two categories. The first modifies policy up-
dates via clipping strategies (Yu et al., 2025; Hao
et al., 2025; Su et al., 2025). By relaxing the upper
clipping bound, these methods can slow entropy
contraction, but often amplify update variance and
destabilize training. The second category promotes
exploration through entropy bonuses, such as en-
tropy regularization or entropy-shaped advantages
(Adamczyk et al., 2025; Li et al., 2025; Hou et al.,
2025; Tan and Pan, 2025; Cui et al., 2025; Cheng
et al., 2025). While effective at increasing diversity,
these approaches rely on coarse regularization and
may introduce optimization bias, since exploration
is driven by entropy-related objectives rather than
task rewards.

3 Preliminaries

3.1 RL baseline: GRPO

GRPO has been widely used to improve the rea-
soning capabilities of large language models, par-
ticularly in mathematical problem-solving. Unlike
PPO, GRPO removes the critic and estimates ad-
vantages using group-normalized rewards, result-
ing in significantly improved computational effi-
ciency. Given a question ¢ with a verifiable an-
swer a, GRPO samples G responses O = {0;}$;
from the old policy 7, and updates the policy
by maximizing the group-relative objective shown
in Eq. (1). By normalizing rewards within each
sampled group, GRPO provides a lightweight and
scalable alternative to PPO and has demonstrated
strong performance across diverse reasoning bench-
marks.

3.2 Limitations of GRPO

Despite its empirical success, GRPO presents no-
table shortcomings when applied to complex rea-
soning tasks. Fig. 2 illustrates two representative
failure modes on the Geometry3K dataset, which
were observed under identical settings, revealing
GRPO’s difficulty in maintaining adequate explo-
ration and stable optimization dynamics.

Entropy collapse. As illustrated in Fig. 2, pol-
icy entropy often decreases rapidly during train-
ing, causing the model to converge prematurely
to low-diversity behaviors. This collapse is espe-
cially common in text-only reasoning, where train-
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ing is relatively stable and the absence of entropy-
increasing mechanisms prevents the model from ex-
ploring low-probability but informative trajectories.
Consequently, the model activates only shallow rea-
soning patterns while deeper knowledge remains
underutilized.

Training instability. A second failure mode com-
monly appears in more complex settings such
as multimodal reasoning, as illustrated in Fig. 2,
where optimization exhibits sharp fluctuations.
When sampled outputs vary greatly in correctness
or reasoning difficulty, the group-normalized re-
ward used by GRPO no longer provides sufficient
variance reduction. As a result, gradient updates
become brittle, causing unstable learning dynamics
and occasionally leading to sudden performance
degradation or even collapse.

These two issues share a structural root cause:
GRPO lacks a mechanism for regulating entropy in
either direction. It cannot actively increase entropy
to enhance exploration on difficult prompts, nor
can it stabilize entropy in high-variance regimes to
ensure reliable convergence. This limitation mo-
tivates the development of a unified framework
capable of dynamic, bidirectional entropy control.

4 Methodology

To address the entropy collapse and instability is-
sues observed in GRPO, we introduce UEC-RL,
which enables both controlled entropy increase for
exploration and entropy reduction for stable con-
vergence. This section first presents the targeted
exploration mechanism, which adaptively activates
high-entropy reasoning on difficult prompts, fol-
lowed by the entropy-reducing replay mechanism
that stabilizes learning and improves sample effi-
ciency. The overall UEC-RL training procedure is
summarized in Algorithm 1.

4.1 Targeted Exploration Mechanism

UEC-RL enhances GRPO’s limited exploratory ca-
pacity through a unified mechanism that (1) identi-
fies prompts requiring deeper search, (2) expands
the sampling space only when necessary, and (3)
selectively retains informative trajectories.

Expanding the exploration space. If none of
the initial G rollouts solve a prompt, the prompt D
is marked as difficult, indicating insufficient explo-
ration under the current policy.

D:{(q,a) L0~ Ty 1= 1,...,G,
#{i: R(a,0;)>0}=0}.

For such prompts, UEC-RL temporarily samples
from a softened distribution with temperature #', in-
creasing the chance of uncovering low-probability
but informative reasoning paths while leaving easy
prompts unaffected.

Exploring informative trajectories. From all
collected samples, UEC-RL retains only two types
of trajectories: regular samples O with nonzero
advantage and valuable samples O obtained un-
der expanded sampling:

On = {{oh:6 ~ 70,0, (a,0) ~ D, Aig £ 0}
>

OH = {{Oi}l:G’ ~ ngold : (q,a) ~ ’157Ai,t

Low-advantage exploratory samples are filtered
out because they tend to introduce noisy gradients
that hinder optimization and generalization. These
retained samples constitute the effective optimiza-
tion set and enable exploration to be increased in a
targeted manner.

By integrating difficulty detection, adaptive
search expansion, and selective retention into a
coherent procedure, UEC-RL activates exploratory
behavior precisely where deeper reasoning is re-
quired. The mechanism is theoretically supported
by the following result:

Theorem 4.1 (Entropy Change). For a softmax
policy updated by natural policy gradient with step
size 1,

H(my ™) — H(mj) =

—NEsan CovaNﬂg(,‘s) [log 75 (als), A™ (s,a)].
This theorem was first introduced by Liu (2025),
and was organized and extended by Cui et al.
(2025). Proof can be seen in Liu (2025) and Cui
et al. (2025). H indicates the policy entropy of
policy model, and Cov denotes covariance, 775 is
the policy at step k, and A™" (s, a) is the advantage
function of action a under state s. The covari-
ance term becomes negative when high-advantage
actions receive low probability under the current
policy. In such cases, updates increase the policy
entropy. Using an elevated temperature ¢ > 1
amplifies this effect by further reducing the gap
between high- and low-probability actions, making
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Algorithm 1 UEC-RL
1: Input: Dataset D, policy my.

2: Hypers:
3: = @G: rollout group size.
4. —@G": exploration group size, G' > G.
5. —t': exploration temperature, t' > 1.
6: —s': replay size, a multiple of batch size.
7: — freplay: replay frequency, positive integer.
8: Init queue Bieplay by size s';
9: repeat
10: // Step 1: Regular rollout

11:  Sample minibatch By, C D;
12:  for each (q,a) € Byat, do

13: Sample O < {o0;}1:¢ ~ Tp,

14: Compute R;, flw of O;

15: if max; R; > 0 then

16: Op+ {0, €0: Ai,t #0};

17: else

18: // Step 2: Exploration rollout
19: Sample O’ < {0;}1.¢0 ~ Wélold;
20: Compute R;, Ai7t of O';

21 O + {0i €0 : Ajy > 0},

22: Og + O U{o; € O: Ay > 0};
23: Push Og into Breplay;

24: end if

25:  end for

26: Oeﬁ%UORUUOH;
27:  Compute 7y, of Oer;
28:  Update actor using Oeg;

29: // Step 3: Replay stabilization
30:  if global_step mod freplay = O then

31: Sample Og C B,eplay and update actor;
32:  endif

33: until convergence

negative covariance more likely. As a result, UEC-
RL induces controlled entropy increase specifically
on difficult prompts, allowing the model to escape
collapsed regimes and explore deeper reasoning tra-
jectories that standard GRPO would fail to reach.

4.2 Controllable Entropy Stabilizer

Targeted exploration allows the policy to increase
entropy on difficult prompts, but a complementary
mechanism is required to prevent uncontrolled en-
tropy growth and ensure convergence. UEC-RL
introduces a controllable entropy stabilizer that re-
peatedly reinforces high-quality trajectories discov-
ered during exploration.

Positive-advantage trajectories found under ex-
panded sampling often have low initial probability
and thus limited influence when used only once.
Revisiting them strengthens their gradients and
shifts probability mass toward correct reasoning
patterns, producing a stabilizing effect on entropy.

Theorem 4.2 (Entropy Stabilization). Let (q,0)
be a trajectory with A(q,0) > 0. If one update
increases its log-likelihood,

log g (o | ¢) > logmy ' (0] g),
then repeating this update (e.g., via replay) yields
H(nh*h) — H(rh) < 0.

Proof. Because A(q,0) > 0, raising mp(o | q)
aligns high-advantage actions with high probabil-
ity, producing a positive covariance term in Theo-
rem 4.1. A positive covariance leads to decreasing
entropy. O

Thus, exploration enlarges entropy only when
needed, and the stabilizer gradually decreases en-
tropy by consolidating informative trajectories.
This interplay transitions training from exploration
to stable convergence, avoiding both entropy col-
lapse and divergence. Concretely, we form a candi-
date set from both regular and exploratory samples
(Or U Oypy), filter trajectories whose advantages ex-
ceed a threshold Ag, and keep only the most recent
s’ trajectories to prioritize up-to-date behaviors:

Og = Recent ({ 0; € OprUOg : fli,t > Ag }) ,

where Recentg (-) returns the s most recent trajec-
tories in generation order.

5 Experiments

We evaluate UEC-RL on both text-based and mul-
timodal mathematical reasoning tasks. Our imple-
mentation is built upon EasyR1 and VeRL (Zheng
et al., 2025; Sheng et al., 2025).

Datasets and benchmarks. We train UEC-RL
on three datasets spanning both text-only and mul-
timodal reasoning, and evaluate it on a comprehen-
sive suite of text and multimodal benchmarks, with
Geometry3K additionally used for in-domain anal-
ysis of training dynamics and ablations. Full details
of the training datasets and evaluation benchmarks
are provided in Appendix A.
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Table 1: Comparison of Pass@1 accuracy on text and multimodal reasoning benchmarks. UEC-RL consistently

outperforms the RL baselines. For AIME24 and AIME2S, each question is repeated 32 times.

Text Benchmarks AIME24  AIME25 MATH GSMSK Minerva ARC MMLU ‘ Average
Qwen2.5-math-7B 15.2 5.39 65.5 65.4 47.3 69.9 343 43.28
+GRPO 25.8 9.27 77.6 87.1 29.0 78.6 45.0 50.34
+DAPO 24.3 8.54 78.3 87.6 34.2 80.9 48.5 51.77
+KL-cov 273 8.13 79.6 88.3 33.1 79.9 46.6 51.85
+Entropy-Adv 26.7 9.90 78.9 86.8 35.0 81.6 46.2 52.16
+UEC-RL 28.5 10.7 80.4 87.9 35.7 82.0 50.2 53.62
A vs. GRPO +2.7 +1.43 +2.8 +0.8 +6.7 +3.4 +2.3 +2.88
Llama3.1-8B-Instruct 5.83 1.67 49.0 87.1 23.9 83.3 51.8 43.23
+GRPO 8.02 1.67 54.6 87.6 26.8 84.3 534 45.20
+DAPO 8.33 1.14 54.4 88.4 26.5 84.6 53.9 45.32
+KL-cov 8.22 0.83 54.0 88.2 27.6 84.6 54.5 4542
+Entropy-Adv 8.02 1.67 54.0 87.4 27.2 84.3 52.3 44.98
+UEC-RL 9.27 2.08 56.6 88.8 28.3 85.3 55.9 46.61
A vs. GRPO +1.25 +0.41 +2.0 +1.2 +1.5 +1.0 +2.5 +1.41

Multimodal Benchmarks MathVision MathVerse MathVista We-Math Average
Qwen2.5-VL-7B-Instruct 24.87 43.83 66.30 62.87 49.47
+GRPO 29.11 47.51 72.60 67.53 54.19
+DAPO 27.92 48.48 72.30 69.08 54.45
+KL-cov 28.14 48.23 73.10 68.49 54.49
+Entropy-Adv 27.86 48.63 71.80 68.62 54.23
+UEC-RL 28.82 49.34 73.40 69.48 55.26
A vs. GRPO -0.29 +1.83 +0.80 +1.95 +1.07

Baseline. For comparison, we include four repre-  Text reasoning. On Qwen2.5-Math-7B, UEC-

sentative RL baselines. Additional implementation
details are provided in Appendix B.

* GRPO (Shao et al., 2024), the most widely
adopted RL baseline;

* DAPO (Yu et al., 2025), which enhances explo-
ration through the clip-higher mechanism;

¢ KL-cov (Cui et al., 2025), a covariance-aware
KL regularization for entropy baseline;

* Entropy-Adv (Cheng et al., 2025), which encour-
ages exploration by augmenting the advantage
with an entropy term.

6 Main Results

Table 1 summarizes Pass@1 performance on text
and multimodal reasoning benchmarks. Overall,
UEC-RL consistently achieves the strongest or
near-strongest results across different model fami-
lies and task settings, showing that its bidirectional
entropy-control mechanism generalizes beyond a
specific backbone or modality.

RL achieves the best overall average among all RL
baselines, outperforming GRPO, DAPO, KL-cov,
and Entropy-Adv. The gains are particularly clear
on AIME24, AIME25, MATH, and Minerva, show-
ing that targeted exploration is especially benefi-
cial for challenging mathematical reasoning tasks.
These improvements further extend to Pass @k eval-
uation (Figure 3), where UEC-RL yields consis-
tently stronger curves, indicating that the learned
policy produces not only higher-quality but also
more diverse reasoning trajectories. The advantage
of UEC-RL also transfers to Llama3.1-8B-Instruct.
UEC-RL achieves the best average score among all
compared RL methods and improves over GRPO
on most benchmarks. UEC-RL provides a robust
optimization advantage across model families, sug-
gesting that unified entropy control captures a more
general property of RL-based reasoning training.
Moreover, the gains extend beyond mathematical
reasoning to the commonsense question answering
benchmarks (ARCchajtenge and MMLU,,,). This
cross-domain improvement suggests that the ben-
efit of unified entropy control is not limited to
math-specific reasoning, but generalizes to broader
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Geometry3K  Qwen2.5-VL-7B-Instruct UEC-RL GRPO DAPO KL-cov Entropy-Adv
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Figure 4: Results on Geometry3K. UEC-RL achieves the best accuracy, exhibits more stable entropy and response-
length dynamics, and also demonstrates excellent training efficiency with lower per-step cost than GRPO.

knowledge-intensive and commonsense reasoning
tasks.

Multimodal reasoning. On multimodal bench-
marks, UEC-RL again achieves the best overall
average, outperforming the RL baselines across
visually grounded reasoning tasks. These results
show that UEC-RL remains effective even in mul-
timodal settings, where training is typically less
stable and gradient variance is larger. The consis-
tent gains confirm that UEC-RL generalizes reli-
ably from text-only reasoning to vision-language
reasoning.

In-domain analysis on Geometry3K. We addi-
tionally conduct an in-domain analysis on Geome-
try3K, a challenging visually grounded mathemat-
ical benchmark. As shown in Figure 4, UEC-RL
achieves a substantial accuracy gain over GRPO
(55.41 vs. 50.75), while also exhibiting more stable
entropy dynamics and a smoother training trajec-
tory. Existing exploration strategies designed for
LLM:s often fail to transfer to VLMs because visual

reasoning amplifies gradient variance and makes
entropy harder to control. In contrast, UEC-RL
maintains effective exploration without destabiliz-
ing training, as reflected in both the entropy and
response-length curves.

Efficiency. Figure 4 also reports per-step train-
ing efficiency. UEC-RL runs at 0.79x the step
time of GRPO, making it noticeably more effi-
cient than GRPO and Entropy-Adyv, while remain-
ing slightly slower than DAPO. Importantly, this
moderate computational cost delivers the strongest
accuracy among all compared methods. UEC-RL
improves reasoning performance without incurring
the full cost typically associated with heavier ex-
ploration strategies.

7 Ablation Study

We conduct ablation experiments to study how
the two key components of UEC-RL, namely the
targeted exploration mechanism and the entropy-
reducing stabilizer, contribute to training effective-
ness. Our analysis consists of two parts: parameter
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entropy.

tuning, which examines how exploration strength
and stabilization capacity influence entropy dynam-
ics, and module-level ablations, which isolate the
effect of each component.

7.1 Parameter tuning

To characterize how exploration and stabilization
jointly determine model behavior, we vary the ex-
ploration temperature ¢’ and the stabilizer budget
s’. As shown in Figure 5, increasing ¢’ enlarges the
exploration space and raises policy entropy, help-
ing the model discover deeper reasoning chains on
difficult prompts. This trend is consistent with The-
orem 4.1, which predicts entropy increase when
exploration encourages low-probability actions.
When t' becomes large and s’ is insufficient,
entropy grows rapidly and accuracy degrades. In
contrast, increasing s’ strengthens the influence of
high-quality trajectories and gradually stabilizes
entropy, matching the entropy reduction effect de-
scribed in Theorem 4.2. The best performance
appears when exploration and stabilization operate
in balance. These results confirm that exploration
enables the model to escape shallow local optima,
while stabilization consolidates correct behaviors
and maintains entropy within a desirable range.

7.2 Module ablations

We further disable each component to isolate its
contribution. Removing the exploration module
suppresses entropy growth on difficult prompts and
restores entropy collapse, leading to a reduction
of 5.00 accuracy points. Removing the stabilizer
allows entropy to grow excessively and causes un-
stable reward dynamics, resulting in a reduction of
5.93 accuracy points. Figure 6 illustrates that ex-
ploration provides the necessary entropy increase
to activate deeper reasoning, whereas the stabilizer
prevents uncontrolled entropy drift and ensures
convergence. Only the full UEC-RL framework
exhibits both steady entropy regulation and consis-
tent performance gains.

8 Conclusion

In this work, we presented UEC-RL, which ad-
dresses entropy collapse and provides a novel mech-
anism for bidirectional entropy regulation in RL
for large language models. Empirically, UEC-RL
delivers consistent improvements over strong RL
baselines across both text-only and multimodal rea-
soning benchmarks. It improves Pass@]1 perfor-
mance while also strengthening Pass @ k under sam-
pling, indicating not only higher single-trajectory
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Figure 6: Module ablation of UEC-RL. Removing either exploration or stabilizer consistently degrades performance,
highlighting their complementary roles in improving accuracy.

accuracy but also a more diverse and reliable pol-
icy distribution. These results support the central
claim that effective reasoning improvements re-
quire jointly promoting exploration and stabilizing
optimization, rather than relying on one-sided clip-
higher or entropy bonus.

Looking forward, UEC-RL can be extended in
several directions. More accurate difficulty estima-
tion could better identify when entropy should be
increased, improving exploration efficiency. Adap-
tive scheduling of the exploration temperature and
stabilizer budget could reduce task-specific tun-
ing while maintaining the desired entropy regime.
Finally, integrating UEC-RL with multi-step veri-
fication or agent-based reasoning systems may al-
low entropy control at finer granularity, guiding
step-level branching and consolidation to further
improve reliability and scalability in complex rea-
soning tasks.

Ethical considerations

Al is only used for translation and language polish-
ing in this paper.

Limitations

While UEC-RL enables stable and controllable ex-
ploration, its effectiveness depends on selecting
appropriate values for the exploration temperature
t" and stabilizer budget s’. Together, these hyperpa-
rameters determine the entropy range maintained
during training. However, the entropy level that
yields optimal performance is typically moderate,
for example, around 0.5, and achieving it often re-
quires task-specific hyperparameter configurations.

This variability arises because tasks differ
substantially in difficulty: harder datasets re-

quire stronger exploration to escape local optima,
whereas easier or lower-variance tasks benefit from
tighter stabilization. Consequently, the (¢', s’) com-
bination that preserves a desirable entropy regime
is not universal but instead depends on the intrinsic
difficulty and variance structure of the training set.
This makes UEC-RL relatively sensitive to hyper-
parameter choices, and achieving consistent perfor-
mance across domains may require task-specific
tuning.

Developing adaptive or self-regulating strategies
that automatically calibrate (¢, s") based on task
difficulty remains an important direction for future
research.
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A Datasets and benchmarks

Training datasets. We train UEC-RL on three
datasets that cover different modalities and diffi-
culty levels:

* DAPO-17K: a large-scale out-of-domain math-
ematical reasoning dataset designed to evaluate
RL-based alignment algorithms for LLMs (Yu
et al., 2025).

* Multimodal dataset (6k): sampled from the
multimodal corpora introduced in (Wei et al.,
2025b,a), spanning a wide range of diagram, ge-
ometry, chart, and table problems. The dataset
aggregates established resources including Ge-
ometry3K (Lu et al., 2021a), GeoQA (Chen
etal., 2021), GeoQA-Plus (Cao and Xiao, 2022),
Geos (Seo et al., 2015), AI2D (Kembhavi et al.,
2016), TQA (Kim et al., 2018), FigureQA (Ka-
hou et al., 2017), TabMWP (Lu et al., 2022b),
ChartQA (Masry et al., 2022), IconQA (Lu et al.,
2021b), Clevr-Math (Lindstrom and Abraham,
2022), M3CoT (Chen et al., 2024), and Sci-
enceQA (Lu et al., 2022a).

* Geometry3K: an in-domain geometric reason-
ing dataset used for detailed evaluation (Lu et al.,
2021a).

Evaluation benchmarks. We assess UEC-RL
across three categories of benchmarks:

* Text reasoning benchmarks. We evaluate
Pass@1 on seven widely used reasoning
benchmarks: AIME24 (HuggingFaceH4,
2025), AIME25 (HuggingFaceH4, 2025),
MATH (Lightman et al., 2023), GSM8K (Cobbe
et al., 2021), Minerva (Lewkowycz et al.,
2022), ARCcpalienge (Clark et al., 2018), and
MMLU,,, (Wang et al., 2024b). These bench-
marks span competition-level problems (AIME),
formal mathematics (MATH), school-level
word problems (GSMS8K), scientific reasoning
(Minerva), commonsense and science question
answering (ARC), and broad knowledge-
intensive multiple-choice reasoning across
diverse subjects (MMLU), providing a compre-
hensive assessment of textual reasoning ability
and generalization.

* Multimodal reasoning benchmarks. We fur-
ther evaluate on four challenging multimodal
benchmarks: MathVision (Wang et al., 2024a),

MathVerse (Zhang et al., 2024), MathVista (Lu
et al., 2023), and We-Math (Qiao et al., 2024).
These benchmarks cover diverse visual for-
mats—including diagrams, charts, tables, and
multi-image compositions—and require integrat-
ing visual and symbolic reasoning.

* Geometry3K in-domain dataset. To better un-
derstand the behavior of entropy-controlled RL,
we conduct an in-depth analysis on Geometry3K
(Lu et al., 2021a), including accuracy curves, en-
tropy dynamics, response length behavior, and
ablation studies.

B Implementation details

We follow the default EasyR1 configuration unless
otherwise noted. Table 2 summarizes the hyper-
parameters for GRPO, DAPO, Entropy-Adv, and
UEC-RL. For UEC-RL, difficult prompts trigger
expanded exploration with G’ = 20 and tempera-
ture ¢ = 1.2. Trajectories with advantages greater
than 1 are stored in a replay buffer of size 5120, and
replay is performed every 5 optimization steps. For
each experiment setting, we run a single training
run, save checkpoints every 10 optimization steps,
and report the maximum performance achieved on
each benchmark over all saved checkpoints.
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Table 2: Summary of implementation and evaluation details for all compared methods.

Settings of Training GRPO DAPO Entropy-Adv KL-cov UEC-RL
Training settings
Hardware 8xA800 GPUs (40GB)

Policy model init

Qwen2.5-VL-7B-Instruct and Qwen2.5-Math-7B

Max response length 8192

Batch size 512

Primary rollout G 5

Learning rate 1x1076

Temperature (training) 1.0

€Elow 0.2 0.2 0.2 0.2 0.2
€high 0.2 0.3 0.2 0.2 0.2
Entropy bonus - - B,k =0.4,2 see Cuietal. (2025) —
Additional rollout G’ - - - - 20
Exploration temperature ¢’ - - - - 1.2
Replay buffer size s’ - - - - 5120
Replay frequency - - - - 5 steps
Replay criterion - - - - A>1

Settings of evaluation

Max response length (eval)
Temperature (eval)

Top-p (eval)

8192
0.2
0.95
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