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Abstract

Balancing exploration and exploitation is a central goal in
reinforcement learning (RL). Despite recent advances in en-
hancing language model (LM) reasoning, most methods lean
toward exploitation, and increasingly encounter performance
plateaus. In this work, we revisit entropy—a signal of ex-
ploration in RL—and examine its relationship to exploratory
reasoning in LMs. Through empirical analysis, we uncover
positive correlations between high-entropy regions and three
types of exploratory actions: (1) pivotal tokens that deter-
mine or connect logical steps, (2) reflective actions such as
self-verification and correction, and (3) rare behaviors under-
explored by the base LMs. Motivated by this, we introduce a
minimal modification to standard RL with only one line of
code: augmenting the advantage function with an entropy-
based term. Unlike traditional maximum-entropy methods
which encourage exploration by promoting uncertainty, we
encourage exploration by promoting deeper and longer rea-
soning chains. Notably, our method achieves significant gains
on the Pass @ K metric—an upper-bound estimator of reason-
ing capabilities—even when evaluated with extremely large
K values, pushing the boundaries of LM reasoning.

1 Introduction

Recent reinforcement learning methods for language mod-
els (LMs), particularly those using verifiable rewards
(RLVR; Lambert et al. 2024), typically rely on signals that
reflect output accuracy to guide training. These approaches
have proven effective in enhancing reasoning by reinforc-
ing correct outputs and discouraging incorrect ones (Guo
et al. 2025). However, as training progresses under purely
accuracy-driven objectives, these benefits often diminish.
LMs gradually lose the incentive to take exploratory actions
for sustained, multi-step reasoning, leading to performance
plateaus or even regression (Yu et al. 2025; Cui et al. 2025b).

In traditional RL, exploration plays a vital role alongside
exploitation by encouraging the policy model to explore al-
ternative strategies (Ladosz et al. 2022). A common signal
for exploration is entropy, which quantifies uncertainty in
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Figure 1: We augment the advantage in PPO or GRPO with
a minimal entropy-based term (Top). Our entropy-based
advantage effectively encourages exploratory reasoning in
LMs, achieving superior Pass@ K performance (Bottom).

the policy’s action distribution (Haarnoja et al. 2018; Ziebart
et al. 2008). Motivated by this, we investigate the relation-
ship between entropy and exploratory reasoning in LMs, and
uncover positive correlations: (1) Pivotal tokens that guide
or connect reasoning steps (e.g., first, because, and
however) exhibit higher entropy; (2) Reflective actions
such as self-verification and correction, tend to emerge in
high-entropy regions; (3) During RL training, rare solutions
also coincide with elevated entropy. Together, these findings
suggest entropy can be a valuable signal for recognizing ex-
ploratory reasoning behaviors of LMs.

Based on these findings, we propose incorporating
entropy as an auxiliary term to encourage exploratory
reasoning of LMs. While traditional maximum entropy
methods encourage exploration by promoting uncer-
tainty (O’Donoghue et al. 2016), our method takes a dif-
ferent path to balance exploration and exploitation: we in-
troduce a clipped, gradient-detached entropy term into the
advantage function of standard RL algorithms. Clipping en-
sures that the entropy term neither dominates nor reverses



Entropy Visualization: Tokens in Bold Show Higher Entropy

Entropy Comparison: Exploratory Reasoning vs. Others
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Figure 2: Entropy Visualization and Comparison between Exploratory Reasoning and Others.

the sign of the original advantage, while gradient detach-

ment preserves the original optimization direction. This am-

plifies exploratory reasoning behaviors that emerge under
uncertainty while maintaining the original policy gradient
flow. Moreover, because of the intrinsic tension between en-

tropy and confidence, the entropy-based term naturally di-

minishes as confidence increases—encouraging exploration

in early stages while avoiding over-encouragement as train-
ing progresses. Furthermore, our method is extremely sim-
ple, requiring only one line of code to seamlessly integrate

into existing RLVR training pipelines (Sheng et al. 2024).
We validate our method on mainstream RLVR algorithms,

GRPO (Shao et al. 2024) and PPO (Schulman et al. 2017),

and observe distinct benefits. First, it amplifies exploratory

reasoning behaviors—such as the use of pivotal tokens and
reflective actions—by decreasing the policy’s uncertainty at
these decision points. Second, it encourages the generation
of longer, more exploratory responses without increasing the
repetition rate, enabling coherent multi-step reasoning. Con-
sequently, our method consistently improves Pass@1 accu-
racy across different LMs. We further increase the number
of attempts K per question to evaluate Pass@K—a met-
ric recently regarded as an upper-bound estimator of reason-
ing capability (Yue et al. 2025a). As shown in Figure 1, our

method achieves substantial improvements even at large K,

pushing the boundaries of LM reasoning.

In summary, the contributions of this work are as follows:

* We reveal a positive correlation between entropy and ex-
ploratory reasoning, showing that pivotal tokens, reflective
actions, and rare behaviors emerge with higher entropy.

* We propose a minimal yet effective method that aug-
ments the standard RL advantage with a clipped, gradient-
detached entropy term, encouraging exploration while
preserving the original policy optimization direction.

* We validate our method on mainstream RLVR algorithms:
GRPO and PPO, achieving consistent gains on Pass@1
and substantial improvements on Pass@ K.

2 Preliminary Analysis: Entropy and
Exploratory Reasoning
We examine the relationship between entropy, a signal of

exploration in RL (Ladosz et al. 2022), and exploratory rea-
soning of LMs. We start by visualizing token-level entropy
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in responses from Qwen2.5-Base (Yang et al. 2024a) on
mathematical reasoning tasks. As shown in Figure 2, high-
entropy tokens exhibit different reasoning dynamics com-
pared to low-entropy ones. Based on this observation, we
categorize exploratory reasoning-related content at both to-
ken and sentence levels to support the following analysis.

Pivotal Tokens Figure 2 shows that pivotal reasoning to-
kens, which serve as logical connectors at key decision
points (e.g., first, recall, thus), tend to have higher
entropy. To quantify this observation, we compute the av-
erage entropy of commonly used pivotal tokens, such as
causal terms (because, therefore), contrastive mark-
ers (however, although), sequential indicators (first,
then), and reasoning verbs (suggest, demonstrate),
across all responses and compare it with that of other tokens.
The results in the right panel of Figure 2 confirm an increase
in entropy. Similar observations have also been noted in con-
current works (Wang et al. 2025a; Qian et al. 2025).

Reflective Actions Reflection is a form of meta-cognition
that examines generated information, evaluates underlying
reasoning, and adapts future behavior accordingly (Shah
etal. 2025). As shown in Figure 2, the LM assigns higher en-
tropy to sentences such as “Let’s verify if this is correct...”.
To quantify this behavior, we segment responses into sen-
tences, compute the average entropy for each, and use reg-
ular expressions to identify reflective actions, such as sen-
tences containing keywords like “verify” or “check”. These
reflective sentences exhibit higher average entropy, suggest-
ing that reflection tends to occur under greater uncertainty.

Rare Behaviors Emergent During RL We examine
whether under-explored behaviors, which are rarely exhib-
ited by the base model, show distinct entropy patterns dur-
ing RL. As shown in Figure 2, one such example is con-
verting logarithmic systems into systems of linear equa-
tions. To quantify rarity, we embed all responses with
SBERT (Reimers and Gurevych 2019) and compute each
RL-generated sentence’s average distance to its k = 5 near-
est neighbors among base model outputs. The top 10% by
this distance are labeled as rare. These rare behaviors ex-
hibit higher entropy, revealing a correlation between seman-
tic novelty and predictive uncertainty.



3 Method

Our analysis reveals a positive correlation between entropy
and exploratory reasoning in LMs, motivating us to incorpo-
rate entropy as an auxiliary term to encourage exploration in
RL. To this end, we propose an advantage shaping method
that augments the standard RL advantage with an entropy-
based term, acting as a robust, self-regulating guide without
altering the gradient flow of the base RL algorithm.

Our method is compatible with mainstream RLVR algo-
rithms such as Proximal Policy Optimization (PPO; Schul-
man et al. 2017) and Group Relative Policy Optimization
(GRPO; Shao et al. 2024). We first briefly review these al-
gorithms and then present our advantage shaping method.

RL Baselines: PPO and GRPO

PPO Let g denote a question sampled from a dataset D,
and let 0 = (01, 02,...,0),|) be the corresponding output
response generated by a policy model my. PPO optimizes
the policy by maximizing a clipped surrogate objective:

jppo(a) = E|min (,Dt(@)At,Chp(pt(e), 1—er, 1+6H)At) s
(1

70(01la:0<t)  enotes the likelihood ratio

Togq (0t]a,0<¢)
between the current and old policy models, and A; is the
advantage typically computed using GAE (Schulman et al.
2015). We omit the expectation index to simplify notation.
The clipping range €, and ey prevents excessively large
changes. While standard PPO uses symmetric clipping (i.e.,
€1, = €n1), recent work slightly increases ey to avoid entropy
collapse (Yu et al. 2025). The gradient of the PPO objective
is (we omit min and clip operations under the single-update-
per-rollout assumption (Shao et al. 2024)):

VoTrro() = E[A;Vglogme(or | g,0<1)]. ()
GRPO GRPO is an alternative to GAE-based PPO that
avoids learning a separate value function by using the av-
erage reward of multiple sampled outputs, produced in re-
sponse to the same question, as the baseline. For each ques-
tion ¢, a group of G outputs {o01,09,...,0c} is sampled
from the old policy my,,, a reward model is then used to
score the outputs, yielding G rewards {ry,r9,...,rg} cor-
respondingly. These scores are then normalized as:

r; —mean({ry,7a,...,7c})
. 3)
std({rl, T9,. .. ,Tg})
In outcome-supervised settings, the normalized reward is as-
signed at the end of each output o;, and every token in o;
receives the same advantage, i.e., A;; = 7; . The policy is
then optimized using the PPO objective in Equation 2.

where p;(0) =

7 =

Entropy-Based Advantage Shaping

To encourage exploratory reasoning, we propose an entropy-
based advantage shaping method. The key idea is to inject an
entropy-based term into the advantage function.

For each token o, in an output o, the entropy of the current
policy over the vocabulary V is:

He=— Z mo(v | ¢, 0<¢)logme(v | q,0<1). (4
veY
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Listing 1: PyTorch Implementation

1 # Compute advantages as in PPO or GRPO

2 adv = compute_advantages(...)

3

4 # Apply entropy-based advantage shaping

5 adv += torch.min(alpha * entropy.detach
(), adv.abs() / kappa)

6
7 # Compute policy loss as in PPO or GRPO
8 loss = compute_policy_loss (adv, ...)

We then define an entropy-based advantage term () and
use it to shape the advantage:

(M) = min (a et Mt') : (5)

K

Aihaped = Ay +p(Hy). (6)

Here, « is a positive scaling coefficient (o > 0), and « con-
trols the clipping threshold (x > 1). To balance the entropy-
based term with the original advantage, we (i) detach the
entropy term #{¢**h from the computational graph, so
it acts as a fixed offset rather than introducing new gradi-
ent paths, and (ii) apply a clipping operation to enforce

Y(Hy) < ‘i—tl, preventing the entropy-based term from
dominating the original advantage. Moreover, when 4; < 0,
this ensures that the shaped advantage does not flip its sign.
Therefore, our method preserves the update direction, en-
suring harmful actions with negative advantages remain
penalized.

As a result, the policy gradient retains a form similar to
PPO in Equation 2, with the only difference being that the
original advantage A, is replaced by the shaped advantage:

VoTomed(9) = E[(Ar + (He)) Vo log mo (0 | q,0<4)] -
(7

Practical Implementation Our method can be integrated
into existing RL training pipelines with just one line of code.
Specifically, after computing the advantages with PPO or
GRPO, we add the entropy-based advantage term before
calculating the policy loss, as shown in Listing 1'. More-
over, our method requires minimal hyper-parameter tuning:
a fixed set of hyper-parameter values consistently improve
performance across diverse scenarios (Section 5).

Robustness of Entropy-Based Advantage: Avoiding
Over-Encouragement Prior work (Chen et al. 2025) at-
tempts to enhance reasoning by rewarding the policy based
on the frequency of reasoning-like tokens (e.g., wait and
verify), but this leads to reward hacking—the policy
model repeatedly generates such tokens to exploit the re-
ward without performing genuine reasoning. In contrast, our
method naturally avoids such over-encouragement due to the
intrinsic tension between entropy and confidence. As shown
in Figure 3, our method initially assigns high advantage to

'In the veRL codebase (Sheng et al. 2024), this corresponds
to a one-line code insertion in the update_policy function of
verl/workers/actor/dp_actor.py.
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Figure 3: Dynamics of Entropy-Based Advantage. High en-
tropy initially largely amplifies the advantage, accelerating
confidence gain and leading to reduced entropy-based shap-
ing in subsequent steps.

Entropy Regularization Entropy Adv.
Objective  Jppo(0) + SE [Hy] j;ll;ag)cd( )
Gradient Vg Jppo(0) + BE [VoH,] jshaped( )
Table 1: Comparison of Entropy Regularization and

Entropy-Based Advantage Shaping. We simplify expres-

sions by omitting expectation indices. J;}E,%’ed( ) denotes

the PPO objective with shaped advantages.

tokens with high-entropy distributions but gradually reduces
the entropy-based advantage as model confidence increases
over training iterations.

Formally, let k£ denote the training iteration and ¢ denote
the token position within the output response. The policy
model parameters are updated via gradient ascent:

jshaped

Or+1 = 0 + 1 VoTppo (0k), (8)
where 7 is the learning rate, and the policy gradi-

ent JopP°(0),) (Equation 7) uses the shaped advantage

Aihf ped Akt + (M), which is positively correlated
with the detached entropy H{%*" (Equation 5). When the
original advantage A, > 0, higher entropy leads to a
stronger update on the selected token o, largely increas-
ing its likelihood my(o; | -) and thus sharpening the out-
put distribution. According to the entropy definition (Equa-
tion 4), a sharper distribution lowers entropy, which in turn
reduces the entropy-based advantage v (#;) and weakens
subsequent updates. This self-regulating effect is empiri-
cally validated by the entropy advantage ratio in Section 7.

Comparison with Entropy Regularization In traditional
RL, entropy regularization is commonly adopted to prevent
the policy from becoming overly deterministic (Ladosz et al.
2022). Practically, this means adding an entropy loss term to
the policy loss. To clarify the difference with our method,
we present a comparison in Table 1.

Entropy regularization adds an entropy term E[H,] to
the objective. Since H; depends on the current policy
Ty, this introduces an additional gradient VyH;, promot-
ing uncertainty during training. In contrast, our method
modifies the advantage by adding a clipped entropy term
Hetach - which is detached from the computation graph.
Thus, VyHetah = 0, and the entropy affects optimization

30380

only via the shaped advantages. This makes our method fun-
damentally distinct and orthogonal to entropy regularization.
We also report an empirical comparison of the two methods’
effects on RL-trained model performance in Section 7.

4 Experiment Settings

We conduct extensive experiments across diverse backbone
LMs and RL algorithms. Unless otherwise specified, we
adopt Qwen2.5-Base-7B as the backbone and GRPO as the
RL algorithm.

Backbone LMs and Datasets Our training data is sourced
from DAPO (Yu et al. 2025). The backbone LMs include
Qwen2.5-Base-7B, Qwen2.5-Math-Base-7B (Yang et al.
2024b), and a domain-adapted variant of Llama-3.2-Base-
3B (Al@Meta 2024) further pre-trained on mathematical
corpora (Wang et al. 2025¢). We adopt the domain variant
because the DAPO dataset is too challenging for the original
Llama-3.2-Base-3B, where RL training with vanilla GRPO
or PPO fails to improve performance (Gandhi et al. 2025).

RL Training Configuration The RL baseline algorithms
include GRPO and PPO. To build strong baselines, we incor-
porate several techniques from DAPO and VAPO (Yue et al.
2025b), including Clip-Higher, Token-level Loss, Critic Pre-
training, and Group Sampling. Building on these RL base-
lines, we apply our advantage shaping method. We use a
fixed set of hyperparameter values throughout all experi-
ments: k = 2, « = 0.4 for GRPO, and o« = 0.1 for PPO.

Evaluation Benchmarks and Metrics We evaluate on
AIME 2025/2024 (MAA 2025), AMC 2023 (MAA 2023),
and MATHS500 (Hendrycks et al. 2021). We report both
Pass@1 (averaged over 16 runs) and Pass@ K (using the un-
biased estimator in (Chen et al. 2021; Bai et al. 2025)), with
K scaled based on benchmark difficulty and size—larger K
for small and challenging benchmark.

5 Main Results

As shown in Table 2, our method consistently outperforms
baselines in Pass@1 across different LMs and RL algo-
rithms, and also surpasses strong existing approaches (Cui
et al. 2025a; Liu et al. 2025; Chu et al. 2025). This improve-
ment also holds for Pass@ K': our method continues to show
performance gains even at large K values, where most base-
lines plateau.

On AIME2024, AMC2023, and MATH500, we observe
a phenomenon also noted by Yue et al. (2025a): while
RL-trained models improve Pass@1, their performance in
Pass@K can fall behind the backbone LMs when K is
large, suggesting that vanilla RL may restrict reasoning
capacity. Our method mitigates this issue. Notably, on
AIME2025—the most challenging benchmark released af-
ter the base model’s training data cutoff—our method not
only outperforms RL baselines but also surpasses the back-
bone LMs’ performance ceiling, highlighting its potential to
extend LM reasoning capabilities.



AIME25 AIME24 AMC23 MATHS500
Pass@256 Pass@] Pass@256 Pass@] Pass@128 Pass@] Pass@l6 Pass@]
QOwen2.5-Base-7B 50.0 2.2 66.7 52 90.4 28.3 88.8 54.4
+ GRPO 50.0 10.7 46.7 11.9 91.6 55.6 65.4 55.3
+ GRPO w/ Entropy Adv. 53.3 11.8 56.7 12.6 91.6 57.8 74.0 58.5
A +3.3 +1.1 +10.0 +0.7 +0.0 +2.2 +8.6 +3.2
+ PPO 43.3 7.9 46.7 14.2 85.5 51.8 68.4 57.9
+ PPO w/ Entropy Adv. 56.7 11.7 50.0 16.8 88.0 56.1 75.2 60.9
A +13.4 +3.8 +3.3 +2.6 +2.5 +4.3 +6.8 +3.0
Llama-3.2-3B 16.7 0.1 20.0 0.2 73.5 5.1 50.4 14.0
+ GRPO 13.3 0.2 16.7 0.2 69.9 6.6 56.6 18.1
+ GRPO w/ Entropy Adv. 16.7 0.2 23.3 0.3 65.1 6.3 56.6 18.6
A +3.3 +0.0 +6.7 +0.1 -4.8 -0.3 +0.0 +0.5
+ PPO 16.7 0.1 16.7 0.2 61.4 8.8 55.6 20.7
+ PPO w/ Entropy Adv. 23.3 0.5 26.7 0.4 60.2 9.6 57.4 22.6
A +6.7 +0.4 +10.0 +0.2 -1.2 +0.9 +1.8 +1.9
Owen2.5-Math-7B 50.7 4.4 70.0 10.7 90.0 34.4 88.6 47.5
Eurus-2-PRIME - - - 26.7 - 57.8 - 79.2
Oat-Zerot - - - 30.0 - 55.4 - 80.6
GPG¥ - - - 333 - 65.0 - 80.0
+ GRPO 57.4 16.3 83.3 30.9 92.8 66.9 94.6 83.0
+ GRPO w/ Entropy Adv. 63.6 17.6 80.0 33.7 95.2 69.8 94.8 83.1
A +6.2 +1.3 -3.3 +2.8 +2.4 +2.9 +0.2 +0.1

Table 2: Main Results. : results from (Chu et al. 2025). “+ GRPO” and “+ PPO” indicate RL training from the backbone LMs,
while “w/ Entropy Adv.” denotes applying our entropy-based advantage to the corresponding RL algorithms. A denotes the
performance difference between without and with applying our method.

Clip Clipped Fraction Eval Performance
Initial ~ Final  Avg.  Win Rate
X - - 48.5 5/8
v 84% 38% 52.0 8/8
o Entropy Adv. Ratio  Eval Performance
Initial Final Avg.  Win Rate
0.1 4.1% 1.90% 52.1 6/8
GRPO 04 106% 32% 520 88
PPO 0.1 95% 2.00% 51.9 8/8
04 25.0% 6.0% 47.1 4/8

Table 3: Ablations on the clip operation and coefficient «.
We report clipped fractions, entropy ratios at the initial and
final stages of RL training, and final model performance.
Avg. is the mean score across benchmarks; Win Rate is the
ratio of benchmark scores where our method outperforms
the RL baseline.

6 Ablations

We conduct ablations to analyze the impact of the clip oper-
ation and the scaling coefficient «, both aimed at balancing
the entropy-based term with the original advantage.
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Clip Operation The top part of Table 3 shows the effect
of the clip operation, where the clipped fraction denotes the
fraction of entropy-based terms that are clipped, i.e., where

o - Hetach > %. Our clipping effectively ensures that the
entropy-based term does not dominate or reverse the origi-
nal advantage, particularly during early training stages when
model entropy is typically high. Its effectiveness is also val-
idated by the improved evaluation performance.

Coefficient «  We select « to keep the ratio of the entropy-

based advantage to the original advantage (i.e., w‘%f))
within a moderate range. As shown in Table 3, « = 0.4
for GRPO and o = 0.1 for PPO yield similar trends in the
entropy-advantage ratio: around 10% initially and 3% in the
final stages, ensuring the ratio remains moderate for both
PPO and GRPO. This is also validated by the evaluation re-

sults, with consistent improvements in win rate.

7 Analysis

We analyze key metrics throughout RL training and reason-
ing dynamics at test time. In addition, we provide a compre-
hensive comparison with entropy regularization.

RL Training Process

Figure 4 shows reward, response length, entropy, and our
entropy-based advantage, throughout RL-training process.
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Figure 4: Metrics during RL training. The RL baseline is GRPO; “RL w/ Entropy Reg.” applies entropy regularization; “RL w/
Entropy Adv.” applies entropy-based advantage shaping; “RL w/o Clip-Higher” removes the clip-higher technique from the RL
baseline (i.e., e;; = €1, = 0.2). “Entropy Adv. Ratio” denotes the ratio of entropy-based advantage to the original advantage.

AIME25 AIME24 AMC23 MATHS500
Pass@256 Pass@] Pass@256 Pass@] Pass@128 Pass@] Pass@l16 Pass@]
RL w/ Entropy Reg. 50.0 9.3 50.0 16.0 90.4 54.3 70.4 57.4
RL w/ Entropy Adv. 53.3 11.8 56.7 12.6 91.6 57.8 74.0 58.5

Table 4: Comparison of model performance trained with RL using entropy regularization vs. entropy-based advantage shaping.

Training Reward and Response Length RL with tension between model confidence and entropy naturally
entropy-based advantage yields slightly higher rewards in drives exploration in uncertain regions, while the reduction
the later stages of training, suggesting more sustained learn- of the entropy-based advantage over time helps prevent over-
ing effect. While the response length of the RL baseline encouragement once sufficient confidence is achieved.
slightly declines after step 1000, adding our entropy-based

advantage maintains the upward trend throughout training. Exploratory Reasoning Dynamics

This alignment between response length and reward pro-
gression may reflect enhanced reasoning, where the LM
generates more tokens to explore and reach correct an-
swers (Guo et al. 2025; Jiang et al. 2025).

We further analyze the reasoning dynamics of the RL-
trained models on the testing benchmarks in Figure 5.

Pivotal Tokens and Reflective Actions Applying our
entropy-based advantage reinforces the model’s ability to
generate pivotal reasoning tokens and reflective actions.
These regions exhibit lower entropy, indicating increased
model confidence when producing such actions. The in-
creased occurrence of these reasoning patterns, together
with improvements on evaluation benchmarks, suggests that
the model learns to master higher-level reasoning behaviors,
enabling deeper and more effective reasoning chains.

Overall Entropy Compared to the RL baseline, entropy
regularization increases overall entropy but induces a sharp
spike, indicating instability. In contrast, our method main-
tains the overall entropy at a similar magnitude with slightly
lower values, while enabling more sustained reward im-
provements. Its superiority is further supported by better
test-time benchmark performance, as shown in Table 4.

Our method does not aim to increase token entropy uni-
formly. Instead, it promotes exploratory reasoning behav-
iors by amplifying high-entropy actions and gradually builds
confidence (reflected by lower entropy) at these points. We
further analyze this in the next subsection on exploratory
reasoning dynamics.

We also compare with RL without clip-higher, which
causes entropy to collapse to 0.03—a level typically re-
garded as entropy collapse (Yu et al. 2025; Cui et al. 2025b).

Response Length and Repetition Rate We also observe
an increase in response length on the testing benchmark.
Additionally, we record the n-gram-based repetition rate of
generated responses and find that our method yields much
longer responses while maintaining a repetition rate compa-
rable to that of the RL baseline, demonstrating its ability to
scale effectively at test time without increasing redundancy.

In contrast, our method stabilizes entropy at 0.17, nearly six Case Study As shown in the example responses in Fig-
times higher, indicating a balanced range that avoids both ure 6, our method produces more structured and persistent
collapse and excess. reasoning compared to the baseline. The model explicitly

identifies problem constraints, performs case analysis (e.g.,

Entropy-Based Advantage As shown by the trend of the odd vs. even list lengths), and adapts its approach when ini-

PY(He)

entropy-based advantage ratio (i.e., =7r7°), this ratio grad- tial attempts fail. It also verifies constraint satisfaction while
ually decreases as training progresses and the model gains iterating over candidate values (e.g., n = 5,6, ...), demon-
confidence. This supports our hypothesis that the intrinsic strating stronger reasoning flexibility and control.
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Figure 5: Comparison of reasoning dynamics on the testing benchmarks between the RL baseline and RL with entropy adv.

Question and Ground Truth

Question: A list of positive integers has the following properties: (1)
The sum of the items in the list is 30; (2) The unique mode of the list
is 9; (3) The median of the list is a positive integer that does not appear
in the list itself. Find the sum of the squares of all the items in the list.

Ground Truth: 236

Response from RL

To find the sum of the squares of all items in the list that satisfies the

given properties, let’s analyze the requirements step-by-step:
1. The sum of the integers in the list must be equal to 30. (...)
Let’s guess the list might be something like:

Suppose the list has an odd number of elements (...)

Let’s try another configuration:

Let’s try a list with sum 30: [1, 9, 9,9, 7]: Sum is 30 correct.

Let’s check the median is not in the list and unique mode is 9 is unique

correctly.

The final valid list sum correctly would be: Let’s do correct summing

and checking properties correctly: (...)

One possible valid list correctly is: [1,9, 9,9, 7]: Sums correctly. Cor-

rect sum properties and correctly summed properties correctly woul
sum correctly.

Answer: 251

725 Tokens

Response from RL w/ Entropy Adv.

3023 Tokens

To solve this problem, we will systematically analyze the given condi-
tions and construct the list of positive integers that (...).

Step-by-Step Analysis:
Step 1: Understanding the Mode (...)
Step 2: Understanding the Median (...)

Step 3: Setting Up the List (...)

Case Analysis:
Case 1: nis odd: If n is odd, (...)

Case 2: n is even If n is even, (...)

Constructing the List

Let’s start by trying small values for n and see if we can satisfy all con-
ditions.

Trying n =5 (...)

Tryingn =6 (...)

Tryingn =7 (...)

Trying n = 8 (...)

After testing several more combinations, let’s try n = 6 again with a

different strategy: (...)

d

This works. The list is: (...)

Now, we need to find the sum of the squares of all the items (...)

Answer:

Figure 6: Case study. Response comparison between RL-trained LMs with and without entropy-based advantage shaping.

8 Related Work

Exploration in Reinforcement Learning Exploration in
RL (Ladosz et al. 2022; Li et al. 2025) is addressed through
theoretical frameworks (Cai et al. 2020; Agarwal et al. 2020;
Ishfaq et al. 2021), or empirical heuristics (Burda et al. 2019;
Pathak et al. 2017; Raileanu and Rocktischel 2020; Henaff
et al. 2022). Motivated by the use of entropy to guide ex-
ploration (Haarnoja et al. 2018; Ziebart et al. 2008), we in-
vestigate its role in LM reasoning. A concurrent work (Gao
et al. 2025) also studies exploration-driven reasoning but de-
signs custom metrics rather than using entropy. Other stud-
ies apply entropy regularization (He et al. 2025; Wang et al.
2025b), while we focus on the advantage function.

Training Signals for LM Reasoning RL of LMs can
leverage supervised or unsupervised training signals. Super-
vised methods rely on reward signals from verifiable cor-
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rectness. Unsupervised methods leverage consistency-based
signals (Prasad et al. 2024; Zuo et al. 2025) or entropy mini-
mization (Zhang et al. 2025; Agarwal et al. 2025). We focus
on unsupervised signals for exploratory reasoning.

9 Conclusion

This work investigates reasoning with exploration through
the lens of entropy. We analyze the relation between entropy
and exploration, revealing that exploratory reasoning actions
consistently emerge in regions of higher entropy. Motivated
by this, we introduce a minimal modification to RL algo-
rithms by augmenting the advantage with a entropy-based
term. This fosters exploration by promoting deeper reason-
ing, while preserving the original policy optimization direc-
tion. Experiments show that our method achieve strong im-
provements in Pass @ K—highlighting a promising direction
for exploration-aware LM training.
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