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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has emerged as a prominent paradigm
for enhancing the reasoning capabilities of
large language models (LLMs). However,
the entropy of LLMs usually collapses dur-
ing RLVR training, leading to premature con-
vergence to suboptimal local minima and hin-
dering further performance improvement. Al-
though various approaches have been proposed
to mitigate entropy collapse, a comprehensive
study of entropy in RLVR remains lacking. To
bridge this gap, we conduct extensive experi-
ments to investigate the entropy dynamics of
LLMs trained with RLVR and analyze how
model entropy correlates with response diver-
sity, calibration, and performance across vari-
ous benchmarks. Our results identify three fac-
tors that influence entropy: the clipping thresh-
olds in the optimization objective, the number
of off-policy updates, and the diversity of the
training data. Furthermore, through both the-
oretical analysis and empirical validation, we
demonstrate that tokens with positive advan-
tages are the primary drivers of entropy col-
lapse. Motivated by this insight, we propose
Positive-Advantage Reweighting, a simple yet
effective approach that regulates model entropy
by adjusting the loss weights assigned to tokens
with positive advantages during RLVR training,
while maintaining competitive performance.’

1 Introduction

Pioneered by OpenAl ol (Jaech et al., 2024),
DeepSeek-R1 (DeepSeek-Al et al., 2025), and
Kimi k1.5 (Team et al., 2025), reinforcement
learning with verifiable rewards (RLVR) has been
widely employed to push the boundaries of reason-
ing capabilities in large language models (LLMs).
LLMs trained with RLVR have demonstrated re-
markable performance on tasks that require com-
* Corresponding author.

'The source code is publicly available at https: //github.
com/cordercorder/EntropyRL.

plex reasoning and offer readily verifiable out-
comes, such as mathematics and coding (Liu et al.,
2025b; Luo et al., 2025; He et al., 2025; Yu et al.,
2026; Nie et al., 2026; Yang et al., 2026).

However, although RLVR enhances the reason-
ing ability of LLMs, a growing body of research
has shown that it can also drive LLMs toward en-
tropy collapse, wherein the entropy of the model
decreases substantially during training, ultimately
reaching a markedly low level (Yu et al., 2025; Li
et al., 2025a). Entropy collapse indicates that the
probability mass over the model’s vocabulary be-
comes concentrated on a limited subset of tokens.
This phenomenon further implies that LLMs in-
creasingly prioritize exploitation over exploration.
As a result, they fail to effectively explore novel
reasoning paths during training, thereby potentially
causing premature convergence to a local optimum.

To address entropy collapse in LLMs, numerous
methods have been proposed. Shen (2025) and He
et al. (2025) incorporate an entropy maximization
term into the RLVR objective. DAPO (Yu et al.,
2025) raises the upper clipping bound of the impor-
tance ratio to avoid clipping low-probability tokens.
Cui et al. (2025) restrict parameter updates for to-
kens with high covariance between log-probability
and advantage, alongside other approaches (Wang
et al., 2025b; Chen et al., 2025; Deng et al., 2025;
Li et al., 2025a; Zhu et al., 2025). Despite these
advances, systematic investigations of entropy in
RLVR remain scarce. Specifically, three critical
questions are still underexplored: (1) How does
the entropy of LLMs trained with RLVR cor-
relate with their performance? (§5) (2) What
factors govern entropy dynamics, both theoret-
ically and empirically? (§6) and (3) How can
entropy be effectively regulated to improve the
performance of LLMs? (§7)

To investigate the above research questions, we
conduct extensive experiments on RLVR. We find
that the entropy of LLMs trained with RLVR
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is strongly correlated with response diversity, as
LLMs with lower entropy tend to produce less
diverse outputs (§C.1). During training, both re-
sponse entropy and prompt entropy decrease, with
in-domain prompt entropy declining more rapidly
than that of out-of-domain prompts (§C.2). Mean-
while, prompt entropy exhibits only a weak cor-
relation with the accuracy of the corresponding
responses (§C.3). Notably, we observe that model
performance can continue to improve without sacri-
ficing entropy (§5.1). In addition, entropy does not
serve as a reliable proxy for model performance
across most benchmarks, as the observed correla-
tions between entropy and performance are highly
task-dependent (§5.2). We further observe that en-
tropy collapse is closely associated with model mis-
calibration, and that more severe entropy collapse
corresponds to stronger miscalibration (§5.3). Be-
yond these empirical findings, we identify three fac-
tors influencing entropy dynamics: (1) the clipping
threshold (§6.1), (2) the number of off-policy up-
dates (§6.2), and (3) training data diversity (§6.3).
Remarkably, an LLM trained on approximately 600
samples can achieve performance comparable to
one trained on around 17k samples (§6.3). Finally,
through both theoretical analysis and empirical val-
idation (§7.1 and §7.2), we demonstrate that tokens
with positive advantages are the primary drivers
of entropy collapse. Motivated by this insight, we
propose Positive-Advantage Reweighting, which
adjusts the loss weights of tokens with positive
advantages to regulate model entropy while im-
proving performance (§7.3). Our contributions can
be summarized as follows:

* We conduct extensive experiments to investigate
the dynamics of prompt entropy and response
entropy in LLMs trained with RLVR, revealing
how entropy correlates with response diversity,
model calibration, and performance.

* We identify three factors influencing the entropy
dynamics of LLMs during RLVR training: (1)
clipping threshold, (2) off-policy updates, and (3)
training data diversity.

* We theoretically and empirically demonstrate
that entropy collapse in RLVR primarily arises
from positive-advantage tokens, and propose
Positive-Advantage Reweighting to control
LLM entropy and improve performance by dy-
namically reweighting the losses of such tokens.

2 Related Work

Entropy has long served as a regularization mech-
anism to encourage exploration in reinforcement
learning (Ziebart et al., 2008; Ziebart, 2010). In
the era of LLMs (Zhao et al., 2023; Shen et al.,
2023; Guo et al., 2023; Shi et al., 2024; Zhang
et al., 2025), several studies use entropy as a signal
to determine when agents should seek experience
guidance and perform additional partial sampling
(Dong et al., 2025; Zhang et al., 2026). In a re-
lated vein, entropy maximization objectives have
been incorporated into RLVR to encourage explo-
ration and prevent premature convergence (Shen,
2025; He et al., 2025). To mitigate entropy collapse,
Clip-Higher (Yu et al., 2025) raises the upper clip-
ping bound of the importance ratio to prevent low-
probability tokens with positive advantages from
being clipped. Liu (2025) and Cui et al. (2025)
provide theoretical insights into entropy dynamics,
showing that tokens with strong positive covari-
ance between their probabilities and corresponding
advantages primarily drive entropy collapse. Build-
ing on these insights, Clip-Cov and KL-Cov (Cui
et al., 2025) limit updates on tokens exhibiting such
covariance. Similarly, CE-GPPO (Su et al., 2025)
mitigates entropy collapse by preserving the gra-
dients of clipped tokens through a stop-gradient
operation. Furthermore, Wang et al. (2025b) train
LLMs using only high-entropy tokens to enhance
model performance, while Cheng et al. (2025) in-
corporate entropy terms into the advantage to en-
courage exploration and improve reasoning capa-
bilities. Numerous other studies have also explored
entropy-based mechanisms to further enhance the
performance of LLMs trained with RLVR (Li et al.,
2025a; Wang et al., 2025a; Liu et al., 2025a).

3 Preliminaries

3.1 Entropy Regularization

Let & denote the prompt and y the response gener-
ated by the LLM 7y parameterized by 6. We define
H (my) as the token-level average entropy of my.
Entropy regularization augments the GRPO objec-
tive with the term oM (mp), where « is the entropy
regularization coefficient. The complete formula-
tion of GRPO and its corresponding objective are
provided in Appendix A.1.

3.2 Adaptive Entropy Regularization

Although vanilla entropy regularization can mit-
igate entropy collapse, selecting an appropriate
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regularization coefficient is challenging (He et al.,
2025): a large coefficient causes entropy to rise
rapidly, while a small one renders the regularization
ineffective. To address this issue, He et al. (2025)
propose adaptive entropy regularization, which dy-
namically adjusts the coefficient according to the
model’s entropy rather than fixing it during train-
ing. Let Hy, (mg) denote the entropy of the LLM 7y
at training step k. To prevent entropy from falling
below a predefined threshold J, the entropy regu-
larization coefficient v, is defined as follows:

QE = Ck * H{Hk (71'9) < 5}7 (1)

where the adaptive coefficient ¢y, is updated accord-
ing to the following rule:

Cht1 = ck+B-T{Hk (mg) < 6}—B-1{H (mwg) > 6}. (2)

Equation (1) indicates that entropy regularization
is applied only when the entropy falls below &, set-
ting the coefficient to c;. Equation (2) defines the
update rule: if the entropy is below 9, ¢, increases
by 3; otherwise, it decreases by [3.

4 Experimental Setup

We trained Qwen2.5-Math-7B (Yang et al., 2024)
with GRPO using the veRL framework (Sheng
et al., 2025) on the DAPO-Math-17K dataset (Yu
et al., 2025). We evaluated the trained mod-
els on both in-domain and out-of-domain bench-
marks. The in-domain benchmarks included
AIME 2024/2025 (MAA, 2024, 2025), MATH500
(Hendrycks et al., 2021), AMC 2023 (MAA, 2023),
and Minerva Math (Lewkowycz et al., 2022), while
out-of-domain evaluation covered LiveCodeBench
(Jain et al., 2025) for coding and IF-Eval (Zhou
et al., 2023) for instruction following. Detailed
experimental settings are provided in Appendix B.

S How Does the Entropy of LLMs
Trained with RLVR Correlate with
Their Performance?

For the analyses of entropy and response diversity,
entropy dynamics on prompts, and the relationship
between prompt entropy and accuracy, we summa-
rize the main empirical findings below. Detailed
empirical analyses can be found in Appendix C.1,
Appendix C.2, and Appendix C.3, respectively.
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Figure 1: Evolution of LLM entropy and Avg @64 per-
formance on AIME 2024 during RLVR training. “Ada-
Ent-Reg” denotes adaptive entropy regularization.

r

* The diversity of responses generated by
LLMs is strongly and positively correlated
with their entropy during training.

* During RLVR training, the entropy of LLMs
decreases for both in-domain and out-of-
domain prompts, with a more substantial re-
duction observed for in-domain prompts.

* The entropy of LLMs on prompts shows only
a weak correlation with their accuracy.

\

5.1 Performance Gains Without Trading Off
Entropy

The performance of LLMs continues to im-
prove during training, even as their entropy
fluctuates around the value observed before
training, indicating that performance gains are
not solely achieved by trading off entropy.

To maintain LLM entropy at a level comparable
to that observed prior to training, we apply adap-
tive entropy regularization during RLVR training.
Specifically, we randomly sample 1,000 prompts
from the training set and compute the model’s re-
sponse entropy before training. The computed en-
tropy value is set as the threshold §, ensuring that
LLM entropy remains above J throughout training.

Figure 1 illustrates the evolution of entropy and
accuracy on AIME 2024. As shown in Figure 1,
under adaptive entropy regularization, entropy ini-
tially decreases sharply, then increases and fluctu-
ates around the specified threshold. Meanwhile,
accuracy on AIME 2024 exhibits an upward trend
and even surpasses that of the model trained with-
out adaptive entropy regularization, indicating that
performance gains are not merely achieved by trad-
ing off entropy. In contrast, LLMs trained with-
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Avg@64 Pass@64
AIME 2024 0.41721 0.12799
AIME 2025 0.04730 0.24753
MATHS500 0.08916 0.46253
AMC 2023 -0.13453 0.59091
Minerva -0.14829 0.56942
LiveCodeBench -0.89371 -0.18895
IF-Eval 0.62660  -0.32060

Table 1: Spearman correlation coefficients between
LLM entropy and performance across benchmarks.

out entropy regularization experience rapid entropy
collapse, wherein entropy declines to a low value.
Correspondingly, the Avg @64 metric rises sharply
early in training, it quickly plateaus and remains
below that achieved with adaptive entropy regular-
ization. These results suggest that entropy collapse
may lead to performance degradation.

5.2 Correlations Between Entropy and Model
Performance

The correlation between LLM entropy and its
performance on benchmarks depends on both
the task and the evaluation metric used.

The Spearman correlation coefficients between
LLM entropy and model performance across bench-
marks are summarized in Table 1. As shown, when
LLMs are trained with RLVR using only mathemat-
ical data, the Avg@64 scores on LiveCodeBench
exhibit a strong negative correlation with model
entropy during training. This relationship is further
illustrated in Figure 11 in Appendix C.4, which
shows a clear negative correlation between LLM
entropy and Avg @64 scores on LiveCodeBench. In
contrast, the correlations between entropy and per-
formance on other benchmarks are relatively weak,
suggesting that the correlation between LLM en-
tropy and performance is highly dependent on both
the task and the evaluation metric.

5.3 Entropy Collapse and Miscalibration

While RLVR enhances the performance of
LLMs, it can induce miscalibration, leading
models to become overconfident in their re-
sponses. This miscalibration typically worsens
as entropy collapse becomes more severe.

\. J

We further investigate the relationship between
entropy and the calibration of LLLMs. For a well-
calibrated model, correct responses should receive
higher probabilities than incorrect ones. To assess
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Figure 2: Distribution of log probabilities for correct
and incorrect responses. Values in parentheses indicate
the entropy regularization coefficients. In each violin
plot, the black line denotes the mean.

this, we compute the distributions of average per-
token log probabilities for correct and incorrect
responses generated by LLMs.

As shown in Figure 2, prior to training, Qwen2.5-
Math-7B generally assigns higher probabilities to
correct responses than to incorrect ones. However,
after GRPO training, the probabilities of both cor-
rect and incorrect responses increase, indicating
that the model becomes more overconfident. Mean-
while, the probability gap between correct and in-
correct responses narrows, suggesting reduced dis-
criminability and poorer calibration, which aligns
with the observations of Bereket and Leskovec
(2025). Furthermore, when the entropy regular-
ization coefficient is negative, thereby promoting
entropy collapse, both overconfidence and miscali-
bration become more pronounced. In contrast, em-
ploying a positive entropy regularization coefficient
mitigates these effects. Considering Figures 2 and
6 in Appendix C.1 jointly, we observe a consistent
trend in overconfidence and miscalibration: GRPO
(e = —0.001) > GRPO > GRPO (a = 0.001) >
GRPO (a = 0.002). A similar ordering is observed
for entropy collapse, suggesting a potential correla-
tion between miscalibration and entropy collapse.

6 What Factors Govern Entropy
Dynamics, Both Theoretically and
Empirically?

To investigate the factors that shape the entropy
dynamics of LLMs during GRPO training, we con-
duct a series of experiments across three dimen-
sions: (1) the effect of varying clipping thresholds
on model entropy and performance (§6.1); (2) the
impact of off-policy updates on entropy dynamics
and performance on both the training and test sets
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Figure 3: Evolution of LLM entropy during RLVR train-
ing under varying lower and upper clipping thresholds.

(§6.2); and (3) the role of training data diversity in
shaping entropy dynamics (§6.3).

6.1 Clipping Threshold

e D

Increasing the upper clipping threshold in
GRPO alleviates entropy collapse, whereas de-
creasing it exacerbates this phenomenon. A
similar trend is observed for the lower clipping
threshold: higher values mitigate entropy col-
lapse, while lower values intensify it.

\. J

To examine how clipping thresholds affect the
entropy and performance of LLMs, we trained
LLMs with GRPO under various lower and upper
clipping settings beyond the default €1oy = enigh =
0.2. Specifically, we conducted the following ex-
periments: (1) Clip-Higher, with epiep = 0.28; (2)
Clip-Lower, with €,y = 0.28; (3) Clip-Tighter,
with 0w = 0.12; and (4) Clip-Free, which re-
moves clipping from the GRPO objective. Detailed
descriptions are provided in Appendix D.1.

The entropy dynamics of LLMs trained with
GRPO under various clipping thresholds are illus-
trated in Figure 3. As shown, Clip-Higher ef-
fectively prevents entropy collapse and even in-
creases entropy during training. In contrast, the
other clipping variants (Clip-Lower, Clip-Tighter,
and Clip-Free) induce varying degrees of entropy
collapse. Among them, Clip-Lower results in the
most pronounced collapse, whereas Clip-Tighter
mitigates entropy collapse and maintains higher
entropy than the default clipping configuration.

These observations align with theoretical ex-
pectations. Clip-Higher expands the upper clip-
ping bound, allowing low-probability tokens with
positive advantages to avoid being clipped. Con-
sequently, these tokens can increase their prob-
abilities during training, mitigating the over-

concentration of the probability distribution across
the vocabulary and preventing entropy collapse.
Conversely, Clip-Lower decreases the lower clip-
ping bound, enabling low-probability tokens with
negative advantages are excluded from clipping.
This allows their probabilities to decrease further,
thereby exacerbating the over-concentration of the
distribution and intensifying entropy collapse. In
comparison, Clip-Tighter raises the lower clip-
ping bound, making low-probability tokens with
negative advantages more likely to be clipped. As
a result, their probabilities are preserved during
training, which helps alleviate entropy collapse.

Notably, Figure 3 shows that Clip-Free achieves
the highest entropy among all clipping variants, ex-
cept for Clip-Higher. Moreover, as presented in
Table 2, on in-domain test sets, Clip-Free yields
the second-highest average Avg@64 and Pass @64
scores among all clipping variants. On out-of-
domain test sets, Clip-Free similarly achieves the
second-highest Avg@64 and the highest average
Pass@64. These results indicate that, when the
number of off-policy updates is small, removing
clipping from the GRPO objective does not com-
promise the stability of GRPO training.

6.2 Off-Policy Updates

r

With the clipping hyperparameters held con-
stant, increasing the number of off-policy up-
dates amplifies changes in LLM entropy and
enables the models to achieve higher rewards
on the training set; however, the corresponding
performance improvements on the test set are
considerably less pronounced.

. v

In GRPO, a batch of prompts is sampled for
rollout, advantage estimation, and log-probability
computation using the rollout LLM. This batch is
then divided into several mini-batches, with model
parameters updated once per mini-batch. Since the
parameters change after the first update, the data
in the remaining mini-batches can be regarded as
off-policy data with respect to the updated policy.

To study the effect of off-policy data on LLM
entropy and reward during training, we conducted
experiments under two clipping configurations: (1)
the default setting with €1ow = epigh = 0.2, and (2)
the Clip-Higher setting with €1oy, = 0.2 and epigp =
0.28. For each configuration, we varied the number
of parameter updates per batch, Nypgae € {1, 2,4},
while keeping other hyperparameters fixed.

25304



Entropy
Training Reward

005

Figure 4: Evolution of entropy and training rewards
under the default clipping hyperparameter setting.

Figures 4 and 12 (Appendix D.2) depict the evo-
lution of entropy and training reward under the
default and Clip-Higher clipping settings, respec-
tively. With clipping hyperparameters fixed, in-
creasing the number of off-policy updates amplifies
entropy changes. Under the default setting, where
entropy decreases with few updates, additional up-
dates accelerate this decline (Figure 4). Conversely,
under the Clip-Higher setting, where entropy in-
creases with few updates, more off-policy updates
lead to a faster entropy increase (Figure 12). While
more off-policy updates improve training rewards,
Table 2 shows that the corresponding gains in av-
erage Avg@64 on in-domain test sets remain be-
low 1%. Moreover, the average Pass@64 score
decreases on both in-domain and out-of-domain
benchmarks as the number of off-policy updates
increases, suggesting that excessive off-policy up-
dates may lead to overfitting.

6.3 Training Data Diversity

7

Lower data diversity intensifies entropy col-
lapse during RLVR training. Moreover, train-
ing data size is not the only factor determining
the performance of LLMs trained with RLVR,
as an LLM trained on ~600 samples perform
comparably to one trained on ~17k samples.

To examine how training data diversity af-
fects LLM entropy dynamics, we train models on
datasets with identical sample sizes but varying
diversity. Specifically, we construct training data
subsets using K-means clustering and random sam-
pling, with both methods selecting the same num-
ber of samples. Subsets produced by K-means
clustering are expected to be less diverse than those
obtained via random sampling, and overall diver-
sity is expected to decline as dataset size decreases.

Details on subset construction and entropy compu-
tation are provided in Appendix D.3.

Table 3 in Appendix D.3 summarizes the perfor-
mance of LLMs trained on the constructed subsets
and the full training dataset. As shown, entropy
decreases as the size of the training data is reduced.
Moreover, LLMs trained on subsets constructed
via K-means clustering consistently exhibit lower
entropy than those trained on randomly sampled
subsets, except in the case of models trained on
5,031 samples. These results further suggest that
training data diversity plays a critical role in en-
tropy dynamics, with entropy tending to decline as
data diversity diminishes. Notably, despite substan-
tial reductions in training data, LLMs trained on
substantially smaller subsets (e.g., the subset with
616 samples constructed via K-means clustering)
can still achieve performance comparable to those
trained on the full dataset. This finding indicates
that data scale alone does not determine model per-
formance, consistent with prior studies (Li et al.,
2025b; Ye et al., 2025; Muennighoff et al., 2025).

7 How Can Entropy Be Effectively
Regulated to Improve the Performance
of LLLMs?

To investigate how to regulate the entropy of LLMs
for improved performance, we first present a the-
oretical analysis of how tokens with positive and
negative advantages influence entropy dynamics
during RLVR training (§7.1). We then empiri-
cally validate the conclusions derived from this
analysis (§7.2). Finally, building on these theoret-
ical insights, we propose a Positive-Advantage
Reweighting approach to effectively control the
entropy of LLMs during RLVR training (§7.3).

7.1 Theoretical Analysis

To effectively regulate entropy, we analyze which
tokens drive entropy changes during training. Un-
der GRPO, tokens can be grouped by advantage
into those with positive, negative, or zero advan-
tage. Since tokens with zero advantage do not
contribute to the gradient, we exclude them from
the analysis. Intuitively, high-probability tokens
are more likely to be sampled during decoding
and thus tend to dominate model responses. When
such tokens also have positive advantages, their
probabilities are further amplified after parameter
updates, resulting in a more concentrated probabil-
ity distribution and entropy collapse. We therefore
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hypothesize that entropy collapse in LLMs is pri-
marily driven by tokens with positive advantages,
which we further justify theoretically.

Let z, denote the logit of token v produced by
the LLM, and 7, (¢) denote the importance ratio

mo(yil@Y<t)  Wwhen token v is not sampled at step
77901(1 (yt |m7y<t)

t, the gradient of the GRPO optimization objective
with respect to z, can be approximated as follows:

—r¢ (0) Mo (v | @, y<t) Ata

if A, > 0andr; () < 1+ enign
0,

if Ay > 0andr; (6) > 1+ enign
0z, —r (0) mo (v | @, y<t) At:
if Ay < Oandry (6) > 1 — €iow

0,

if A, < Oandr; () <1 — eon
3)
Similarly, when token v is sampled at step ¢, the

gradient can be approximated as follows:

re(0) (1—mo (v | @,y<1)) As,

if Ay > 0andr; (6) < 1+ enign
0,

if Ay, > 0andr; (6) > 1+ enign
02 e (0) (1 — 7o (v | @, y<t)) As,
if A, <Oandr; (0) > 1 — elon

0,

if A, <Oandr; () <1— éclon
“

Detailed derivations are provided in Ap-
pendix E.1. As shown in Eq. (3), because RLVR
performs gradient ascent to maximize the objective,
when token v is not sampled at step ¢, a positive
advantage decreases its probability, whereas a neg-
ative advantage increases it. Similarly, as shown
in Eq. (4), when token v is sampled at step ¢, a
positive advantage increases its probability, while
a negative advantage decreases it.

Taken together, a positive advantage leads to
updates that increase the probabilities of sam-
pled tokens while decreasing those of unsampled
ones. Since high-probability tokens are more likely
to be sampled, this mechanism further amplifies
their probabilities while suppressing those of low-
probability, unsampled tokens, thereby concen-
trating the probability mass and exacerbating en-
tropy collapse. Conversely, when the advantage
is negative, the update decreases the probabilities
of sampled tokens and increases those of unsam-
pled ones. In this case, because high-probability
tokens are still more likely to be sampled, the up-
date tends to reduce the probabilities of these high-
probability sampled tokens while increasing those

W A }”‘ ’A JH\ MMWI

11
AT Y

5
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Figure 5: Evolution of the entropy of LLMs during
RLVR training under different methods. “Ada-Ent-Reg”
denotes Adaptive Entropy Regularization.

of low-probability, unsampled tokens. This effect
counteracts over-concentration of the distribution
and thus mitigates entropy collapse.

Furthermore, when the importance sampling ra-
tio in the GRPO objective is clipped, the gradient
with respect to z,, becomes zero. This implies that
clipping modulates the relative contributions of gra-
dients from tokens with positive versus negative
advantages, and thus also influences entropy, con-
sistent with the empirical results in Section 6.1.

7.2 Empirical Analysis

To empirically validate this hypothesis, we con-
ducted two comparative experiments in which
LLMs were trained exclusively on tokens with ei-
ther non-negative advantages (Adv > 0) or non-
positive advantages (Adv < 0). We compared
these settings with the following baselines: (1)
Adaptive Entropy Regularization, (2) Clip-Cov,
(3) KL-Cov, (4) Entropy-Adyv, and (5) Rand-Pos-
Clip. Details of these baselines and experimental
settings are provided in Appendix E.2.

Figure 5 shows the entropy evolution across var-
ious methods. As shown, Clip-Cov, KL-Cov,
Adaptive Entropy Regularization, and Rand-
Pos-Clip effectively alleviate entropy collapse,
whereas Ent-Adyv intensifies it. Furthermore, train-
ing LLMs exclusively on tokens with advantages
> 0 leads to the most severe entropy collapse,
while training on tokens with advantages < 0
yields high entropy. These results empirically sup-
port our hypothesis that entropy collapse primarily
stems from tokens with positive advantages, sug-
gesting that adjusting the loss weights of tokens
with advantages > 0 can regulate model entropy.
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Model | AIME 2024 | AIME 2025 | MATHS00 | AMC 2023 |

Minerva ‘ LiveCodeBench ‘ IF-Eval Average (ID) ‘ Average (OOD) Entropy

Qwen2.5-Math-7B | 10.00/60.00 | 3.80/33.33 | 43.76/95.60 | 30.04/92.50 | 14.41/60.29 | 3.62/30.15 |22.67/8046 2040/68.35 | 13.15/5530 N/A
+GRPO (Nypdate = 1) | 28.75/63.33 | 14.69/50.00 | 78.14/96.80 | 64.38/97.50 | 34.64/64.34 | 7.85/33.46 | 30.17/72.90 44.12/7439 | 19.01/53.18  0.11838
+GRPO (Nypdare = 2) | 29.58/70.00 | 16.98/46.67 | 76.56/94.40 | 67.42/92.50 | 33.28/62.50 | 10.66/34.56 | 28.72/71.10 44.76/7321 | 19.69/52.83  0.02286
+DAPO (Nypae = 4) | 33.96/66.67 | 16.61/50.00 | 71.13/93.60 | 69.49/97.50 | 28.62/58.46 | 7.43/3456 | 31.89/6535 4396/73.24 | 19.66/49.95  0.47900
+ GRPO (Nypaare = 4) | 31.41/63.33 | 14.90/56.67 | 72.09/90.80 | 75.43/90.00 | 31.14/55.51 | 1237/34.56 |29.83/7038 44.99/71.26 | 21.10/5247  0.01789
+ Clip-Higher | 33.33/60.00 | 15.94/53.33 | 72.35/94.20 | 67.62/97.50 | 30.57/63.97 | 5.88/3235 |31.35/66.19 43.96/73.80 | 18.62/49.27 053910
+ Clip-Lower | 27.76/56.67 | 15.31/50.00 | 71.61/89.20 | 74.73/87.50 | 30.07/55.51 | 11.43/31.99 | 28.10/66.91 43.90/67.78 | 19.76/49.45  0.01577
+ Clip-Tighter | 32.19/63.33 | 16.09/43.33 | 67.59/90.40 | 69.18/95.00 | 26.03/54.78 | ~ 8.64/3456 | 29.96/69.06 42.22/69.37 | 1930/51.81  0.04681
+ Clip-Free | 34.38/66.67 | 17.19/43.33 | 73.02/92.40 | 69.14/97.50 | 31.01/59.93 | 9.35/34.93 | 30.53/70.50 44.95/71.97 | 19.94/52.72  0.06745
+ Ada-Ent-Reg (§ = 0.2) | 32.92/66.67 | 16.30/50.00 | 69.05/90.40 | 69.34/92.50 | 27.63/61.03 | 7.16/33.09 | 31.26/68.94 43.05/72.12 | 19.21/51.02  0.19692
+ Ada-Ent-Reg (5 = 0.3657) | 33.96/66.67 | 18.65/50.00 | 73.98/92.80 | 68.52/97.50 | 31.66/61.76 |  6.31/3235 | 29.66/69.78 4535/73.75 | 17.98/51.07 030941
+ Clip-Cov | 31.98/70.00 | 18.18/53.33 | 74.27/95.80 | 68.13/97.50 | 32.23/62.50 | 7.85/34.56 | 31.05/69.06 44.96/7583 | 19.45/51.81  0.20899
+KL-Cov | 33.96/66.67 | 16.20/53.33 | 70.10/93.60 | 68.79/97.50 | 28.63/61.03 |  7.61/3493 | 30.82/68.35 43.54/7443 | 1921/51.64  0.19695
+ Entropy-Adv | 31.09/66.67 | 15.52/46.67 | 76.65/93.60 | 70.63/87.50 | 33.80/60.29 | 11.75/31.25 |29.21/70.14 4554/70.95 | 2048/50.70  0.01669
+Adv <0 [ 29.79/63.33 | 11.04/46.67 | 76.55/96.00 | 63.40/97.50 | 32.73/63.97 | 3.64/2647 |3370/62.11 4270/73.49 | 18.67/4429  0.88384
+Adv >0 | 27.55/53.33 | 13.23/43.33 | 72.20/91.00 | 64.49/92.50 | 34.05/58.09 | 10.92/33.46 |28.17/71.58 4230/67.65 | 19.55/52.52  0.01460
+ Rand-Pos-Clip | 34.27/66.67 | 16.93/46.67 | 73.21/93.80 | 68.13/97.50 | 31.86/61.03 | 8.84/34.19 | 30.74/69.54 44.88/73.13 | 19.79/51.87  0.05763
+ Pos-Adv-Reweight (Stage-based) | 31.72/56.67 | 15.21/46.67 | 78.79/96.00 | 64.84/95.00 | 33.67/65.81 | 4.92/31.99 | 33.07/60.91 44.85/72.03 | 19.00/4645  0.32983
+Pos-Adv-Reweight (Epoch-wise) | 32.34/66.67 | 17.45/43.33 | 75.75/95.40 | 66.17/95.00 | 33.51/60.29 | 6.93/3346 | 31.63/66.43 4505/72.14 | 19.28/49.94  0.05203
+ Pos-Adv-Reweight (Entropy-guided) | 34.38/73.33 | 15.89/40.00 | 75.93/95.40 | 69.34/92.50 | 32.78/64.71 |  6.89/33.82 | 31.88/66.07 45.66/73.19 | 19.39/49.95  0.18746

Table 2: Performance of Qwen2.5-Math-7B trained with GRPO and its variants. “Ada-Ent-Reg” denotes Adaptive
Entropy Regularization. “Average (ID)” and “Average (OOD)” indicate the mean performance across in-domain and
out-of-domain benchmarks, respectively. Results are presented as A / B, representing Avg @64 and Pass@64.

7.3 Positive-Advantage Reweighting

Building on this insight, we propose Positive-
Advantage Reweighting (Pos-Adv-Reweight),
which controls entropy by dynamically reweight-
ing the loss of tokens with positive advantages.
Specifically, we introduce a hyperparameter A that
determines the loss weights of such tokens. We
consider three variants of Pos-Adv-Reweight:

* Pos-Adv-Reweight (Stage-based) divides
RLVR training into two equal stages. In the
first stage, A = 0, so training uses only tokens
with non-positive advantages. In the second
stage, A increases linearly from O to 1, gradually
incorporating tokens with positive advantages.

* Pos-Adv-Reweight (Epoch-wise) increases A
linearly across epochs, from 0 in the first epoch
to 1 in the final epoch. If the total number of
epochs is F and the current epoch is e, then A is
definedas A = (e — 1)/(F — 1).

* Pos-Adv-Reweight (Entropy-guided) adap-
tively adjusts A based on the model entropy dur-
ing training. Specifically, when the LLM entropy
exceeds a predefined threshold §, A is increased
by A to suppress entropy; otherwise, A is de-
creased by A to encourage higher entropy. In this
way, the training process dynamically regulates
the model entropy around the target threshold
0. Formally, let § denote the predefined entropy
threshold, and let A\;, represent the loss weight of
tokens with positive advantages at training step
k. To ensure comparability with Ada-Ent-Reg,

we set § = 0.2, fix the step size A = 0.05, and
initialize A9 = 0. The update rule is given by:

if Hy, (m9) < 6
otherwise )

lip(Ax — A,0,1
ml_{‘”p( k= 2.0,1), )

clip(A\x + A,0,1),

As shown in Figure 5, both Pos-Adv-Reweight
(Stage-based) and Pos-Adv-Reweight (Epoch-
wise) induce an initial rise in entropy followed by
a gradual decline, indicating that entropy decreases
as the loss weights of tokens with positive advan-
tages increase. Meanwhile, Pos-Adv-Reweight
(Entropy-guided) effectively maintains the model
entropy around the target value of 0.2. Moreover,
Rand-Pos-Clip, which randomly sets the gradients
of a small subset of tokens with positive advan-
tages to zero, mitigates entropy collapse relative
to the GRPO baseline. Collectively, these results
demonstrate that dynamically adjusting the relative
loss weights of tokens with positive and negative
advantages effectively regulates entropy.

Table 2 summarizes the performance of LLMs
trained with RLVR under various entropy regu-
larization approaches across multiple benchmarks.
As shown in Table 2, although training exclusively
on tokens with advantages < 0 effectively mit-
igates entropy collapse, it results in lower aver-
age Avg@64 scores on both in-domain and out-
of-domain benchmarks, as well as reduced av-
erage Pass@64 scores on out-of-domain bench-
marks. In contrast, by dynamically adjusting the
loss weights of tokens with non-negative advan-
tages, both Pos-Adv-Reweight (Stage-based) and
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Pos-Adv-Reweight (Epoch-wise) further improve
performance beyond the Adv < 0 setting and out-
perform the GRPO baseline on five of the seven
benchmarks (AIME 2024, AIME 2025, MATHS500,
Minerva, and IF-Eval) in terms of Avg@64, while
achieving average Avg@ 64 scores comparable to
other entropy regularization methods.

Although Clip-Higher also alleviates entropy
collapse, it does not explicitly regulate entropy.
As a result, entropy may fluctuate unpredictably
and drift without control. In contrast, Pos-
Adv-Reweight explicitly regulates entropy to-
ward a predefined target value, enabling pre-
cise and effective entropy control during train-
ing. Furthermore, all three variants of Pos-Adv-
Reweight, namely Pos-Adv-Reweight (Stage-
based), Pos-Adv-Reweight (Epoch-wise), and
Pos-Adv-Reweight (Entropy-guided), consis-
tently outperform Clip-Higher in terms of aver-
age Avg@64 scores across both in-domain and
out-of-domain benchmarks. Notably, Pos-Adv-
Reweight (Entropy-guided) achieves higher aver-
age Avg@64 scores than Clip-Higher on six of the
seven benchmarks (AIME 2024, MATH500, AMC
2023, Minerva, LiveCodeBench, and IF-Eval), and
attains the best average Avg@64 scores among all
entropy regularization approaches.

Overall, these results show that Pos-Adv-
Reweight effectively mitigates entropy collapse
while maintaining competitive performance. More-
over, despite its simplicity, Rand-Pos-Clip, which
randomly zeros the gradients of a small subset of
tokens with positive advantages, achieves average
Avg @64 scores comparable to Clip-Cov on both
in-domain and out-of-domain benchmarks, as well
as comparable average Pass @64 scores on out-of-
domain benchmarks. This suggests that adjusting
the loss weights of tokens with positive advantages
is an effective strategy for controlling model en-
tropy while preserving strong performance.

To connect our study with theoretical analyses of
LLM entropy dynamics during GRPO training (Liu,
2025; Cui et al., 2025), we visualize the covariance
between token log-probabilities and advantages,
with detailed results provided in Appendix E.3.
Furthermore, we conduct experiments on Llama-
3.1-8B-Instruct to demonstrate that our findings
generalize beyond Qwen2.5-Math-7B. The corre-
sponding results are reported in Appendix F.

8 Conclusion

In this paper, we comprehensively investigate the
entropy dynamics of LLMs trained with RLVR.
Through extensive empirical analyses, we exam-
ine how entropy correlates with response diversity,
model calibration, and performance across multi-
ple benchmarks. Furthermore, we identify three
factors influencing entropy dynamics: the clipping
threshold, the number of off-policy updates, and
training data diversity. Notably, we observe that
an LLM trained on approximately 600 samples
performs comparably to one trained on about 17k
samples. Our theoretical and empirical analyses
further reveal that entropy collapse primarily arises
from tokens with positive advantages, and that en-
tropy can be effectively regulated by adjusting the
loss weights of tokens with positive advantages.
Building on this insight, we propose Positive-
Advantage Reweighting (Pos-Adv-Reweight), a
simple yet effective approach that dynamically ad-
justs the loss weights of positive-advantage tokens
to control entropy, while maintaining competitive
performance across benchmarks.
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Limitations

A concurrent study introducing QwenLong-L1.5
(Shen et al., 2025) proposes AEPO to enhance the
stability of RL training for LLMs in long-context
settings and to improve their long-context reason-
ing performance. Specifically, AEPO dynamically
sets the gradients of samples with negative advan-
tages to zero based on the model entropy during
training, which is equivalent to assigning zero loss
weights to such samples or training exclusively on
samples with non-negative advantages. This ap-
proach shares a similar core idea with our proposed
Positive-Advantage Reweighting, suggesting that
Positive-Advantage Reweighting has the potential
to enhance both training stability and model per-
formance for RL-trained LLLMs beyond the math-
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ematical domain. However, due to computational
constraints, the RLVR experiments in our study
were conducted exclusively on training data from
the mathematical domain. This limitation may re-
strict the extent to which the proposed Positive-
Advantage Reweighting fully demonstrates its ef-
fectiveness in stabilizing RLVR training and im-
proving LLM performance in more dynamic envi-
ronments, such as agentic RL (Zhang et al., 2025).
Nevertheless, we expect that Positive-Advantage
Reweighting can effectively enhance both training
stability and model performance for LLMs trained
with RL beyond the mathematical domain. Fur-
thermore, we hope that our empirical analysis of
entropy dynamics in RLVR training provides valu-
able insights to the research community and mo-
tivates the development of more effective entropy
regularization strategies in future work.
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A Preliminaries

A.1 Group Relative Policy Optimization
(GRPO)

Let the prompt be x and the response generated by
the LLM 7y (parameterized by 6) be y. The reward
for response y is denoted as R(y). The RLVR
objective is to maximize the expected reward of
responses generated by 7y, formulated as:

J(0) = Eymy (J2) R (y) - (6)

To optimize 7y for maximizing the expected re-
ward, GRPO (Shao et al., 2024) adopts the sur-
rogate objective of PPO (Schulman et al., 2017),
replacing critic-based advantage estimation with
group-based reward normalization to reduce the
memory and computational cost of training a critic.
Instead of learning a state-value function, GRPO
samples multiple responses per prompt and com-
putes each response’s advantage by normalizing
its reward with the group’s mean and standard de-
viation. Following DAPO, we employ a token-
level loss to ensure equal token contribution across
responses of varying lengths and remove the KL
penalty term from the original GRPO objective.
Formally, let 7y sample G responses {y’ }szl for
each prompt x, and let D denote the prompt dataset.
The optimization objective of GRPO with token-
level loss and without the KL penalty term is:

J(0) = Eww,{yi}f:lwao,d(-m

c |v']

1 . N
m szln(ri,t(e)Ai,t, @

=1 t=1

clip (14,t (0) , 1 — €1ow, 1 + €nign) Azt)

)

o (yilz,yl,)
o (Vi12.Y%4)
R(y')—mean({R(v’)} )

sd({R(y7)}5, )
and epgh are clipping hyperparameters controlling
the lower and upper bounds, respectively.

where 74 (0) = , the advantage is

givenby A; ; = , and €jow

B Experimental Setup

We trained Qwen2.5-Math-7B (Yang et al., 2024)
with GRPO using the veRL framework (Sheng
et al., 2025) on the DAPO-Math-17K dataset (Yu
et al., 2025). Training employed a rollout batch
size of 256, generating 16 responses per prompt.
The AdamW optimizer was applied with a cosine
learning rate schedule and a peak rate of 1 x 1076,

During rollouts, decoding parameters were fixed as:
top-p = 1.0, temperature = 1.0, and a maximum
generation length of 4096 tokens.

We evaluated both in-domain and out-of-domain
performance. The in-domain benchmarks included
AIME 2024/2025 (MAA, 2024, 2025), MATH500
(Hendrycks et al., 2021), AMC 2023 (MAA, 2023),
and Minerva Math (Lewkowycz et al., 2022), while
out-of-domain evaluation covered LiveCodeBench
(Jain et al., 2025) for coding and IF-Eval (Zhou
et al., 2023) for instruction following. For each
question, we sampled 64 responses and reported
both Avg@64 and Pass@64. All evaluations used
a decoding temperature of 1.0 and top-p of 1.0.
To mitigate potential data contamination in the
Qwen2.5 series of LLMs (Wu et al., 2025), AIME
2025 served as the validation set, and the best
checkpoint was evaluated on all other benchmarks.

C How Does the Entropy of LLMs
Trained with RLVR Correlate with
Their Performance?

C.1 Entropy and Response Diversity

The diversity of responses generated by LLMs
is strongly and positively correlated with their
entropy during training.

To examine the relationship between response di-
versity and model entropy, we control LLM entropy
using vanilla entropy regularization by varying the
regularization coefficient. Experiments are con-
ducted with coefficients {0.001,0.002}, without
entropy regularization, and with a negative coeffi-
cient —0.001 that explicitly promotes entropy mini-
mization. Response diversity is evaluated using the
N-gram Diversity (Li et al., 2016) and SelfBLEU
(Zhu et al., 2018) metrics.

The N-gram Diversity metric (Li et al., 2016)
measures the proportion of unique n-grams relative
to the total number of n-grams in the generated
responses. Let U; denote the number of unique n-
grams and C; the total number of n-grams of order
1. The metric is defined as follows:

NUi

—. 8)
i=1 Ci

N-gram Diversity =

In our experiments, we set N = 5 to assess re-
sponse diversity.

SelfBLEU (Zhu et al., 2018) provides a comple-

mentary measure of diversity. For each response,

the BLEU score is computed by treating it as the
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Figure 6: Evolution of entropy (solid lines) and N-gram
diversity (markers) across training steps under different
entropy regularization settings for Qwen2.5-Math-7B
trained with GRPO.

hypothesis and all other responses as references.
The resulting BLEU scores, averaged over 1- to
4-gram, are then averaged across all responses to
obtain the final SelfBLEU score.

Figures 6 and 7 illustrate the entropy dynam-
ics during RLVR training, together with the di-
versity of the generated responses to AIME 2024
prompts, as measured by N-gram Diversity and
SelfBLEU, respectively. As shown in Figure 6,
LLMs trained with GRPO exhibit entropy collapse
during training, which is alleviated by vanilla en-
tropy regularization with o = 0.001, while a larger
coefficient (o« = 0.002) causes entropy to increase
continuously in later stages. Conversely, applying
a negative coefficient (o« = —0.001) further exacer-
bates entropy collapse. Notably, N-gram Diversity
follows a similar trajectory to entropy, with an av-
erage Spearman correlation of 0.8795 across the
four training settings, indicating a strong positive
correlation between response diversity and model
entropy during training.

C.2 Entropy Dynamics on Prompts
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Figure 7: Evolution of entropy (solid lines) and neg-
ative SelfBLEU (markers) across training steps under
different entropy regularization settings for Qwen2.5-
Math-7B trained with GRPO.

Training Steps

Figure 8: Ratio of the prompt entropy of Qwen2.5-Math-
7B at various training steps relative to its initial entropy.

decreases over training and eventually stabilizes.
This reduction is more pronounced for prompts
from the in-domain AIME 2024 benchmark than
for those from the out-of-domain IF-Eval bench-
mark. Moreover, similar to preventing entropy col-
lapse in generated responses, applying a positive
entropy regularization coefficient helps maintain
the entropy of LLMSs on prompts.

C.3 Prompt Entropy and Accuracy

During RLVR training, the entropy of LLMs
decreases for both in-domain and out-of-
domain prompts, with a more substantial re-
duction observed for in-domain prompts.

In addition to examining the entropy dynamics of
responses generated by LLMs trained with RLVR,
we also analyze the entropy dynamics of LLMs on
prompts during RLVR training. Specifically, we
compute the ratio between the entropy of LLMs on
prompts at different training steps and their entropy
on the same prompts before training, as shown
in Figure 8. The entropy of LLMs on prompts

The entropy of LLMs on prompts shows only
a weak correlation with their accuracy.

To examine the correlation between prompt en-
tropy and response accuracy in LLMs, we quan-
tify the accuracy of each prompt as the propor-
tion of correct responses among 64 generated re-
sponses. Figure 9 shows scatter plots of prompt
entropy versus accuracy on AIME 2024, AIME
2025, and MATHS500 for Qwen2.5-Math-7B. The
results show only a weak correlation, with an aver-
age Spearman’s rank coefficient of 0.0745 across
the three benchmarks. We further compute the
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Figure 9: Scatter plot of prompt entropy versus accuracy
across AIME 2024, AIME 2025, and MATHS500.
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Figure 10: Spearman’s rank correlation coefficients be-
tween the entropy of LLMs on prompts and their corre-
sponding accuracy across different training steps. “Av-
erage” indicates the mean Spearman’s rank correlation
coefficient computed over AIME 2024, AIME 2025,
and MATHS500.

Spearman correlation at different training steps. As
shown in Figure 10, although the coefficient fluctu-
ates during training, it remains consistently small,
further confirming the weak correlation between
prompt entropy and response accuracy.

C.4 Correlations Between Entropy and Model
Performance

The scatter plot depicting the relationship between
LLM training entropy and model performance on
LiveCodeBench, as measured by Avg@64, is pre-
sented in Figure 11.

D What Factors Govern Entropy
Dynamics, Both Theoretically and
Empirically?

D.1 Clipping Threshold

A detailed description of the GRPO clipping vari-

ants explored in our study is presented below:

* Clip-Higher (Yu et al., 2025) raises the upper

e

A
~ea Correlation: -0.8948
o

Entropy

..... 04
Avg@64

Figure 11: Scatter plot illustrating the relationship be-
tween LLM entropy during training and Avg @64 scores
on LiveCodeBench. The brown dashed line represents
the least-squares regression fit to the data points.

clipping bound in the GRPO objective to re-
duce the proportion of low-probability tokens
being clipped. This relaxation allows these to-
kens to increase their likelihoods more freely,
thereby enhancing exploration and mitigating
entropy collapse in LLMs. Following Yu et al.
(2025), we set epjgh = 0.28.

* Clip-Lower adopts a similar design to Clip-
Higher but increases ¢joy, thereby lowering
the clipping lower bound in the GRPO objec-
tive. Increasing €)ow makes low-probability
tokens with negative advantages less suscep-
tible to clipping, allowing their probabilities
to decrease more rapidly. Consequently, Clip-
Lower is expected to intensify entropy col-
lapse in LLMs. To align the setup with Clip-
Higher, we set €1y to 0.28.

* Clip-Tighter, in contrast to Clip-Lower, de-
creases €low, thereby raising the lower clip-
ping bound in the GRPO objective. Conse-
quently, low-probability tokens with negative
advantages are more likely to be clipped, pre-
venting excessive suppression of their prob-
abilities and mitigating entropy collapse in
LLMs. Concretely, while Clip-Lower in-
creases €jow from 0.2 to 0.28 (+0.08), Clip-
Tighter symmetrically decreases it by 0.08,
yielding a final value of 0.12.

* Clip-Free removes the clipping operation
from the GRPO objective. The clipping mech-
anism, inherited from PPO, serves to penalize
updates that deviate substantially from the cur-
rent policy, thereby stabilizing training. Re-
moving it allows us to examine how clipping
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Model | AIME 2024 | AIME 2025 | MATH500 | AMC2023 | Minerva | LiveCodeBench | IF-Eval | Average (ID) | Average (OOD) | Entropy
Qwen2.5-Math-7B | 10.00/60.00 | 3.80/33.33 | 43.76/95.60 | 30.04/92.50 | 14.41/60.29 | 3.62/30.15 | 22.67/80.46 | 2040/68.35 | 13.15/5530 | N/A
+GRPO (Full-data) | 28.75/63.33 | 14.69/50.00 | 78.14/96.80 | 64.38/97.50 | 34.64/64.34 | 7.85/33.46 | 30.17/72.90 | 44.12/7439 | 19.01/53.18 | 0.11838
+ GRPO (10,001kmean) | 31.41/63.33 | 14.22/46.67 | 76.69/95.60 | 64.69/95.00 | 34.38/65.81 | 7.67/33.82 | 29.71/73.74 | 44.28/73.28 | 18.69/53.78 | 0.11419
+GRPO (10,001uon) | 30.00/63.33 | 15.10/50.00 | 77.29/96.00 | 63.48/92.50 | 34.48/65.81 | 8.08/3529 | 30.56/71.46 | 44.07/73.53 | 19.32/5338 | 0.11777
+GRPO (5,031kmen) | 30.16/66.67 | 13.75/46.67 | 74.86/95.40 | 62.85/95.00 | 33.99/65.81 | 8.40/34.19 | 30.90/71.58 | 43.12/7391 | 19.65/52.89 | 0.10722
+GRPO (5,031 | 30.47/70.00 | 14.53/50.00 | 74.80/94.80 | 63.36/95.00 | 33.32/64.34 | 7.95/3493 | 30.29/72.78 | 43.30/74.83 | 19.12/53.85 | 0.09953
+GRPO (2,538kme) | 30.94/70.00 | 13.85/46.67 | 75.29/95.40 | 62.23/100.00 | 34.09/63.24 | 8.77/35.66 | 30.41/73.14 | 43.28/75.06 | 19.59/54.40 | 0.08674
+GRPO (2,538 | 30.00/70.00 | 14.32/53.33 | 74.58/95.00 | 63.55/95.00 | 33.67/63.24 | 8.13/31.62 | 29.49/72.90 | 43.22/7531 | 18.81/5226 | 0.10369
+GRPO (1,246kmem) | 30.31/70.00 | 14.01/36.67 | 76.83/95.80 | 63.98/95.00 | 34.71/62.50 | 8.65/33.09 | 30.45/71.70 | 43.97/71.99 | 19.55/52.40 | 0.08588
+GRPO (1,2460muom) | 30.47/63.33 | 14.69/56.67 | 75.99/95.20 | 65.27/95.00 | 34.29/65.44 | 8.87/3456 | 30.47/70.50 | 44.14/75.13 | 19.67/52.53 | 0.09030
+GRPO (616kmen) | 29.32/60.00 | 17.60/46.67 | 78.57/94.80 | 64.10/87.50 | 36.05/59.19 | 9.06/34.93 | 30.70/67.75 | 45.13/69.63 | 19.88/51.34 | 0.02398
+GRPO (616mmam) | 27.55/63.33 | 15.00/53.33 | 68.54/89.40 | 65.27/95.00 | 29.62/58.09 | 9.99/36.03 | 31.23/70.26 | 41.20/71.83 | 20.61/53.15 | 0.02926
Table 3: Performance of Qwen2.5-Math-7B trained with GRPO under varying data scales. “Entropy” denotes

the EMA-smoothed entropy at the final training step. Numbers in parentheses indicate the number of training
samples, with subscripts “K-means” and “random” referring to datasets selected via K-means clustering and random
sampling, respectively. “Average (ID)” and “Average (OOD)” denote the mean performance across in-domain and
out-of-domain benchmarks. Results are reported as A / B, corresponding to Avg@64 and Pass@64.

influences the entropy dynamics of LLMs and
training stability.

D.2 Off-Policy Updates

The evolution of entropy and reward on the train-
ing set during LLM training under the Clip-Higher
setting is presented in Figure 12.

D.3 Training Data Diversity

For K-means clustering, each prompt is represented
by a mean-pooled token embedding from the final
layer of Qwen2.5-Math-7B. We perform K-means
clustering with X = 1,000 and sort the resulting
clusters in descending order according to their sam-
ple counts. Subsets are constructed by selecting
samples from the top M € {281,112,49,21,9}
clusters, yielding subsets of 10,001, 5,031, 2,538,
1,246, and 616 samples, respectively. For random
sampling, we select the same number of samples
to ensure a fair comparison. Qwen2.5-Math-7B is
then trained with RLVR on all subsets using identi-
cal hyperparameters.

Since the entropy of LLMs evolves dynamically
during training, we employ an Exponential Moving
Average (EMA) to mitigate short-term fluctuations
and report the smoothed entropy at the final train-
ing step. Formally, at step k, the EMA-smoothed

entropy HEMA is defined as:
HOA = Hu(mh) (1= @) + eHM, )

where the smoothing coefficient ¢ is set to 0.6. The
experimental results are summarized in Table 3.

06 == Entropy

Training Reward

0 50 100 150

Figure 12: Evolution of entropy and training rewards
under the Clip-Higher setting.

E How Can Entropy Be Effectively
Regulated to Improve the Performance
of LLMs?

E.1 Theoretical Analysis

To clearly illustrate the derivation of the gradient
of the GRPO optimization objective with respect to
the logit z, of token v, we first present the deriva-
tion without clipping, and then incorporate the clip-
ping operation. Specifically, the GRPO optimiza-
tion objective can be formulated as follows:

7o (Yt | T, Yy<t) A,

JO)=Ey,nn, (-
(9) Yo Imxy<t)7r901d (ye | @, yer)

(10)
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The gradient of the GRPO optimization objective
with respect to the logit z,, of token v is given by:

mo(Ytlz,y<t) A
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When token v is not sampled during the generation
of y, the gradient of 7y (y¢|x, y<;) with respect
to 2, 1s:

Ome (yt|w,y<t) _ uley exp(zv,)
0zy 0z
_ —exp (zy,) exp (20) 12)
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Conversely, when token v is sampled during the
generation of v, the gradient becomes:
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the gradient when token v is sampled:
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When the importance sampling ratio in the

GRPO optimization objective falls into the clipped

region, the gradient with respect to z, becomes

zero. Consequently, when token v is not sampled

at step t, the gradient of the GRPO objective with
respect to z, can be approximated as follows:

=1 (0) mo (v | T, Y<t) At,
if A, > 0andr, () < 1+ enign
0,
aT (0) if A, > 0and r; (0) > 1+ enign
Oz | =1 (0) 7o (v |z, y<r) As,
if A, < Oandr; (0) > 1 — clon
0,
if A, <Oandr; () <1 — écon

(16)
Similarly, when token v is sampled at step ¢, the
gradient can be approximated as follows:

re (0) (1 — 7o (v] @,y<t)) As,

if A, > 0and r; (0) < 1+ enign
0,

if A, > 0and r; (0) > 14 enign
9z |7 (0)(1— 7o (v |z, yer)) Ar,
if A, <Oandr; (6) > 1 — €lon

0,

if A, < 0andr; () <1 — elon
a7

ZU’EV exXp (zv’))

o (Yt| T, Y<t) — o (yt|w,y<t)2
e

= 7wy (Yt|x, y<t) (1 — mo (ye|2, y<t))
(13)

By substituting Eq. (12) into Eq. (11), we obtain
the gradient of the GRPO optimization objective
with respect to z, when token v is not sampled:

8T (0)  Byimo Clwycn)Omo (Ye | ®,y<i) A
Oz Togq (Yt | T, Y<t) Oz

_Eywﬂe‘,,d(-

|z, y<¢)TO (yt | w,y<t)71’9 (U \ :L'7y<t) Ay

T (X oy exp(z))? B2 Empirical Analysis
v eV v

The baseline methods against which we compare
are described as follows:

* Adaptive Entropy Regularization dynami-
cally adjusts the entropy regularization coef-
ficient to keep model entropy above a prede-
fined threshold 6. We consider two settings
for §: (1) & = 0.2, following He et al. (2025),
and (2) ¢ set to the entropy of the LLM on
responses to 1,000 randomly sampled training
prompts before training, which equals 0.3657.

oo (Yt | T, Y<t)

=79 (Y | &, y<t) Mo (v | &, y<t) Ay
0014 (yt | w7y<t)

Q

(14)
Similarly, substituting Eq. (13) into Eq. (11) yields

* Clip-Cov (Cui et al., 2025) mitigates entropy
collapse by zeroing the gradients of a small
subset of tokens with high covariance between
log probabilities and advantages.
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* KL-Cov (Cui et al., 2025) adopts a similar
approach to Clip-Cov but applies a KL penalty
to high-covariance tokens.

* Entropy-Adv (Cheng et al., 2025) augments
the original advantage with an entropy term to
encourage exploratory reasoning tokens and
enhance LLM performance.

* Rand-Pos-Clip serves as a counterpart to
Clip-Cov. Unlike Clip-Cov, which sets the
gradients of a small subset of tokens exhibit-
ing high covariance between log probabilities
and advantages to zero, Rand-Pos-Clip ran-
domly zeroes the gradients of a subset of to-
kens with positive advantages. To ensure a
fair comparison between the two methods, we
maintain the same proportion of tokens whose
gradients are set to zero in both Rand-Pos-
Clip and Clip-Cov.

We conduct experiments with Nypdace fixed at 4
to evaluate the effectiveness of different approaches
in controlling the entropy of LLMs.

E.3 Analysis of the Covariance between
Log-Probability and Advantage

Liu (2025) and Cui et al. (2025) provide a theoret-
ical analysis showing that the change in entropy
of an LLM between two consecutive training steps
is governed by the covariance between token log-
probabilities and advantages. Formally, let 77 de-
note the learning rate at training step k, and let y;
be a token sampled from the policy 775 (ytlz, y<it).
Under the policy gradient, the entropy change of
the policy my from step k£ + 1 to k£ can be approxi-
mated as follows:

H(mh ™ (weley<) = M (76 (wele.y<) ) = "
- Cov (log 7§ (yelw, y<r) , 75 (wel, y<o) Ar)

Similarly, under the natural policy gradient, the
entropy change between steps k and k£ + 1 can be
expressed as follows:

H(m5 ™ (weley<) = H (75 (el y<r)) ~

) (19)
—n - Cov (logwg (yilx, y<t) 7At) .

To connect our empirical analysis with these
theoretical derivations, we reran the experi-
ments on Qwen2.5-Math-7B to record both
Cov(log  (ys|®, y<i), 7 (ye|w, y<i)A;)  and
Cov(log Tré“(yt|sc,y<t),/lt) throughout training.
Specifically, we considered the following settings:

GRPO with Nypgare = 1;

GRPO with Nypaare = 4;

GRPO with Nypgae = 4 trained exclusively
on tokens with Adv < 0;

GRPO with Nypgae = 4 trained exclusively
on tokens with Adv > 0;

¢ GRPO with Nypgaee = 4 augmented with Pos-
Adv-Reweight (Entropy-guided).

Figure 13 to 17 illustrate the evolution of the neg-
ative entropy change and the corresponding covari-
ance terms under the above settings, as well as the
Spearman’s rank correlation coefficients between
the negative entropy change and each covariance
term. As shown in these figures, both the negative
entropy change and the covariance terms exhibit
noticeable fluctuations during training, while the
absolute values of the Spearman’s rank correlation
coefficients remain generally small.

We hypothesize that the weak empirical correla-
tions between the covariance terms and the corre-
sponding entropy changes arise from a mismatch
between the optimizer assumed in the theoretical
analysis and that used in practice. Specifically, the
theoretical derivation of the relationship between
covariance terms and entropy change assumes SGD
as the optimizer when deriving the exact updates
of token logits (Liu, 2025; Cui et al., 2025). In con-
trast, LLMs are typically trained with the AdamW
optimizer (Kingma and Ba, 2015; Loshchilov and
Hutter, 2019), which employs adaptive learning
rates based on first- and second-moment estimates
of the gradients. This discrepancy complicates the
computation of exact token logit updates and may
lead to deviations between theoretical predictions
and the observed entropy dynamics.

F Experiments on Llama-3.1-8B-Instruct

F.1 Experimental Setup

To assess whether our empirical findings general-
ize beyond Qwen2.5-Math-7B, we further trained
Llama-3.1-8B-Instruct using GRPO.? The train-

“We initially intended to train Llama-3.1-8B with GRPO,
as it is a pretrained model that has not undergone instruction
tuning, similar to Qwen2.5-Math-7B. However, during prelim-
inary experiments, we observed that Llama-3.1-8B frequently
generated endlessly repetitive responses during training, which
substantially slowed down the training process and degraded
training stability. Consequently, we selected Llama-3.1-8B-
Instruct, which has undergone instruction tuning, to ensure
more efficient and stable training.
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Figure 14: Evolution of the negative entropy change and the covariance terms during GRPO training of Qwen?2.5-
Math-7B with Nypaae = 4. The left figure reports the covariance between log 7§ (y:|@, y<;) and 75 (y¢|@, y<¢) Ay,

while the right panel reports the covariance between log 75 (y:|z, y<;) and A,.

ing configuration for Llama-3.1-8B-Instruct fol-
lowed that of Qwen2.5-Math-7B, as described in
Section 4. Specifically, Llama-3.1-8B-Instruct was
trained on the DAPO-Math-17K dataset (Yu et al.,
2025) with the AdamW optimizer, employing a
cosine learning rate schedule and a peak learning
rate of 1 x 107, During rollout, the batch size was
set to 256, and 16 responses were generated per
prompt using top-p sampling with p = 1.0, a tem-
perature of 1.0, and a maximum generation length
of 4096 tokens. For evaluation, we largely followed
the setup used for Qwen2.5-Math-7B, with one ex-
ception: MATHS500 was used as the validation set.
This choice was motivated by the generally poor
performance of GRPO-trained Llama-3.1-8B on
AIME 2025, which makes AIME 2025 an unreli-
able validation benchmark in this setting.

F.2 Entropy and Response Diversity

Figure 18 and Figure 19 illustrate the entropy
dynamics of Llama-3.1-8B-Instruct trained with
GRPO under varying numbers of off-policy up-

dates, together with the diversity of generated re-
sponses across training steps, measured by N-gram
Diversity and SelfBLEU, respectively. As shown in
Figure 18, increasing the number of off-policy up-
dates leads to a reduction in model entropy during
training, which is accompanied by a correspond-
ing decline in the diversity of the generated re-
sponses. Notably, a strong positive correlation is
observed between entropy and N-gram Diversity,
with a Spearman’s rank correlation coefficient of
0.8937. This result indicates that the empirical
relationship between entropy and response diver-
sity identified for Qwen2.5-Math-7B in Section C.1
also holds for Llama-3.1-8B-Instruct.

F.3 Entropy Dynamics on Prompts

Figure 20 presents the ratio between the entropy of
Llama-3.1-8B-Instruct measured at different train-
ing steps and its initial entropy prior to training,
across different numbers of off-policy updates. As
illustrated in Figure 20, the entropy measured on
prompts drawn from the same domain as the train-
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ing data decreases more rapidly than that measured
on prompts from different domains. A similar trend
is observed for Qwen2.5-Math-7B, indicating that
the empirical findings reported in Section C.2 also
hold for Llama-3.1-8B-Instruct.

F.4 Prompt Entropy and Accuracy

Figure 21 illustrates the relationship between accu-
racy and entropy for Llama-3.1-8B-Instruct across
AIME 2024, AIME 2025, and MATHS500. As
shown in the figure, the entropy measured on
prompts exhibits only a weak correlation with the
accuracy of the corresponding responses. Quanti-
tatively, the average Spearman’s rank correlation
coefficient between prompt entropy and response
accuracy across the three benchmarks is 0.2078.
Furthermore, Figure 22 shows that the Spearman’s
rank correlation coefficient remains consistently
small throughout GRPO training. These results
indicate that the empirical finding reported in

Avg@64 Pass@64
AIME 2024 -0.08571 0.39466
AIME 2025 -0.34786  -0.46291
MATHS500 -0.02857  -0.31429
AMC 2023 0.02857  -0.26482
Minerva -0.48571 -0.11595
LiveCodeBench -0.54286  -0.88571
IF-Eval -0.82857 0.46382

Table 4: Spearman’s rank correlation coefficients be-
tween the entropy of LLMs and their performance
across different benchmarks. Coefficients with the
largest absolute values are highlighted in bold.

Section C.3, namely that prompt entropy is only
weakly correlated with model accuracy, also holds
for Llama-3.1-8B-Instruct.

F.5 Correlations Between Entropy and Model
Performance

Table 4 reports the Spearman’s rank correlation co-
efficients between model entropy and the Avg@64
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with Pos- AdV-Reweight (Entropy- guided) on Qwen2.5-Math-7B with Nypgae = 4. The left figure reports the

covariance between log 7r9 (yi|z, y<¢) and 75 (yi|z, y<i) Ay, while the right panel reports the covariance between

log 7T9 (y¢|x, y<;) and At

P

A A A A A Aa

Correlation: 0.8937

A A a

llllll

Figure 18: Evolution of entropy (solid lines) and N-
gram diversity (markers) across training steps under
varying numbers of off-policy updates for Llama-3.1-
8B-Instruct trained with GRPO.

and Pass @64 performance metrics for Llama-3.1-
8B-Instruct trained with GRPO and its variants. As
shown in Table 4, entropy exhibits a strong neg-
ative correlation with Avg@64 on IF-Eval and a
strong negative correlation with Pass@64 on Live-
CodeBench. These results indicate that the empir-
ical finding obtained with Qwen2.5-Math-7B in
Section 5.2, namely that the relationship between
LLM entropy and benchmark performance depends
on both the task and the evaluation metric, also
holds for Llama-3.1-8B-Instruct.

F.6 Entropy Collapse and Miscalibration

Figure 23 presents the distributions of log proba-
bilities, as computed by the corresponding LLMs,
for correct and incorrect responses generated by
Llama-3.1-8B-Instruct and its GRPO-trained vari-
ants. As illustrated in Figure 23, responses
produced by Llama-3.1-8B-Instruct trained with
GRPO and its variants are assigned higher probabil-

Negative SelfBLEU

22 |
TRgenge | ~
- 0.9
18t SSuagetane L K N J
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Figure 19: Evolution of entropy (solid lines) and neg-
ative SelfBLEU scores (markers) across training steps
under varying numbers of off-policy updates for Llama-
3.1-8B-Instruct trained with GRPO.

ities than those produced by Llama-3.1-8B-Instruct.
This observation suggests that GRPO training in-
creases the model’s confidence in the responses it
generates.

Moreover, consistent with the empirical find-
ings for Qwen2.5-Math-7B, Llama-3.1-8B-Instruct
assigns higher average probabilities to correct re-
sponses than to incorrect ones, and this pattern also
holds for its GRPO-trained variants. However, af-
ter GRPO training, the gap in average probability
between correct and incorrect responses becomes
smaller, indicating that Llama-3.1-8B-Instruct be-
comes increasingly miscalibrated.

Notably, when Llama-3.1-8B-Instruct is trained
exclusively on tokens with no-positive advantages,
which are expected to reduce the probabilities of
responses generated during the rollout stage, the
average probabilities of both correct and incorrect
responses nonetheless increase. In this setting, the
difference in average probability between correct
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Model | AIME 2024 | AIME 2025 | MATHS00 | AMC 2023 |

Minerva ‘ LiveCodeBench ‘ IF-Eval ‘ Average (ID) ‘ Average (OOD) ‘ Entropy

Liama-3.1-8B-Instruct | 23473333 | 0.26/1333 | 38.50/84.60 | 15.98/87.50 | 16.06/5331 | 8.36/30.88 | 7442/96.16 | 14.63/5442 | 41.39/6352 | N/A
+GRPO (Nypaaie = 1) | 8.85/36.67 | 0.57/16.67 | 55.08/87.00 | 39.65/72.50 | 25.99/55.51 | 10.54/29.41 | 77.90/93.88 | 26.03/53.67 | 44.22/61.65 | 0.13570
+ GRPO (Nypdaee = 2) [ 7.29/4333 | 047/1333 | 52.33/90.60 | 25.55/80.00 | 25.61/59.93 | 9.61/31.62 | 78.06/95.08 | 22.25/57.44 | 43.84/63.35 | 0.04994
+ GRPO (Nypduie = 4) | 5.52/30.00 | 0.47/16.67 | 49.82/91.00 | 26.64/87.50 | 24.33/61.76 |  9.77/30.51 | 77.62/94.84 | 21.35/57.39 | 43.69/62.68 | 0.03781
+Adv <0 | 3.13/40.00 | 0.52/16.67 | 43.17/89.80 | 18.52/80.00 | 20.19/58.46 | 846/29.04 | 76.00/95.80 | 17.10/56.98 | 42.23/62.42 | 2.18019
+Adv >0 | 5.99/36.67 | 0.73/26.67 | 49.40/89.60 | 23.63/85.00 | 25.14/55.88 | 10.85/31.99 | 79.43/94.48 | 20.98/58.76 | 45.14/63.23 | 0.02846

+ Pos-Adv-Reweight (Entropy-guided) | 7.03/36.67 | 0.31/13.33 | 50.16/89.40 | 26.88/87.50 | 23.78/58.46 |

9.90/30.15 | 77.27/94.84 | 21.63/57.07 | 43.59/62.50 | 0.19455

Table 5: Performance of Llama-3.1-8B-Instruct trained with GRPO and its variants.
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Figure 20: Ratio of the entropy of Llama-3.1-8B-
Instruct at different training steps to its initial entropy

prior to training, under varying numbers of off-policy
updates.
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Figure 21: Scatter plot of accuracy versus entropy for
Llama-3.1-8B-Instruct evaluated on AIME 2024, AIME
2025, and MATHS00.

and incorrect responses is larger than that observed
under GRPO training, indicating that miscalibra-
tion is alleviated relative to GRPO. In contrast,
when Llama-3.1-8B-Instruct is trained exclusively
on tokens with non-negative advantages, the dif-
ference in average probability between correct and
incorrect responses becomes even smaller than that
observed under GRPO training, thereby further ex-
acerbating miscalibration.

Taken together, these results demonstrate that the
empirical finding reported in Section 5.3, namely
that training LLMs with GRPO can induce miscali-
bration, also holds for Llama-3.1-8B-Instruct.

Pearson correlation coefficient
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Figure 22: Spearman’s rank correlation coefficients be-
tween entropy and accuracy for Llama-3.1-8B-Instruct,
measured at checkpoints saved at different training steps.
“Average” indicates the mean Spearman’s rank correla-
tion coefficient computed over AIME 2024, AIME 2025,
and MATHS500.

F.7 Effect of Off-Policy Updates

Figure 24 illustrates the entropy dynamics and the
evolution of training reward when Llama-3.1-8B-
Instruct is trained with GRPO under different num-
bers of off-policy updates. As shown in Figure 24,
increasing the number of off-policy updates from 1
to 2 results in a more rapid decrease in entropy,
and further increasing the number to 4 acceler-
ates the entropy reduction even further. In addi-
tion, a larger number of off-policy updates leads to
higher rewards on the training set for Llama-3.1-
8B-Instruct trained with GRPO. In contrast, the
test performance measured by the Avg@64 score
deteriorates as the number of off-policy updates
increases. These results indicate that the empiri-
cal findings discussed in Section 6.2 also apply to
Llama-3.1-8B-Instruct.

F.8 Experimental Results of
Pos-Adv-Reweight

To evaluate the effectiveness of Pos-Adv-Reweight
on Llama-3.1-8B-Instruct, we train the model us-
ing GRPO with four off-policy updates, incorporat-
ing Pos-Adv-Reweight (Entropy-guided) under
the same experimental setup as Qwen2.5-Math-7B.
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Figure 23: Distribution of log probabilities for correct
and incorrect responses produced by Llama-3.1-8B-
Instruct and its GRPO-trained variants. In each violin
plot, the black line denotes the mean value.
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Figure 24: Evolution of entropy and reward on the train-
ing set during GRPO training of Llama-3.1-8B-Instruct.

The entropy dynamics of Llama-3.1-8B-Instruct
trained with GRPO and its variants are shown in
Figure 25, and the corresponding performance on
multiple benchmarks is reported in Table 5.

As illustrated in Figure 25, Llama-3.1-8B-
Instruct trained with GRPO, as well as the variant
trained exclusively on tokens with non-negative
advantages, both suffer from entropy collapse.
In contrast, training exclusively on tokens with
non-positive advantages results in pronounced en-
tropy fluctuations. Conversely, training with Pos-
Adv-Reweight (Entropy-guided) maintains the
model entropy at a stable level of approximately
0.2 during training. Furthermore, the results in
Table 5 indicate that restricting training to ei-
ther non-negative-advantage tokens or non-positive-
advantage tokens leads to inferior average Avg @64
scores on in-domain benchmarks compared with
GRPO. By contrast, Llama-3.1-8B-Instruct trained
with Pos-Adv-Reweight (Entropy-guided) out-
performs GRPO in terms of average Avg@64
scores. These results further demonstrate that Pos-
Adv-Reweight, which adaptively adjusts the loss

Entropy
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Figure 25: Evolution of entropy for Llama-3.1-8B-
Instruct trained with GRPO and its variants.

weights of tokens with positive advantages, effec-
tively controls the entropy of LLMs while improv-
ing their overall performance.
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