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Abstract

Entropy mechanism emerges as a key or-
ganizing principle for understanding and
improving Large Reasoning Models (LRMs).
This survey examines how entropy shapes
both their training and inference behavior.
On the training side, we take a mathematical
perspective: casting existing RL-based
reasoning algorithms into a unified objective
and using this formulation to derive an
entropy-centric decomposition of methods,
clarifying how different approaches adjust
exploration–exploitation "knobs". On the
inference side, based on the characteristic of
LRM that trading increased inference tokens
yields better performance, we summarize
methods that leverage entropy to enhance
inference performance or reduce uncertainty.
Finally, we discuss open challenges and
future directions of entropy-driven research
for LRMs. Our repository is available on
https://github.com/wzhwzhwzh0921/
Awesome_LRM_with_Entropy.

1 Introduction

Large Reasoning Models (LRMs) (e.g., Ope-
nAI o1 (OpenAI, 2024) and DeepSeek-R1 (Guo
et al., 2025)) are designed for slow think-
ing—deliberate, token-intensive reasoning that
markedly improves systematic reasoning and com-
plex problem-solving (Pan et al., 2026; Li et al.,
2025d). Their reasoning capabilities are supported
by two key components: (i) Reinforcement Learn-
ing (RL)–based training, which explicitly encour-
ages and shapes reasoning behavior (Zeng et al.,
2025a; Kimi Team, 2025; MiniMax-AI, 2025), and
(ii) Test-Time Scaling (TTS) (Muennighoff et al.,
2025; Chen et al., 2024b), which allocates substan-
tially more inference-time compute to extend and
refine the reasoning trace.

*Equal Contributions.
†Corresponding author.

Training Steps Output Tokens

Reward / Performance

Entropy / Diversity

R
ew

ar
d 

/ E
nt

ro
py

Entropy

100 200 300 400 200 400 600 8000 600 0 1000

" Wait ... "

High Entropy

" Consider ... "

Figure 1: The left panel shows reward and entropy dur-
ing GRPO training on GSM8K with Qwen3-8B, and
the right panel shows entropy at inference after training,
where the high entropy parts are shown.

Entropy measures the model’s uncertainty over
the next-token distribution. A high entropy indi-
cates many possible continuations, whereas a low
entropy suggests the model is more certain or con-
servative. According to existing studies, entropy
plays a central role in both the RL training and TTS
inference stages of LRMs. During RL, entropy and
task reward naturally lie at opposite ends of the ex-
ploration–exploitation trade-off (Xue et al., 2025;
Zhang et al., 2025c; Audibert et al., 2009; Yue
et al., 2025), as illustrated in Fig. 1(left). In settings
with sparse rewards, PPO/GRPO-style ratio clip-
ping and batch- or group-mean baselines (Schul-
man et al., 2017; Shao et al., 2024) induce sys-
tematic bias in estimated advantages, driving the
policy to concentrate probability mass on a narrow
set of high-reward trajectories (Jin et al., 2025; Liu
et al., 2025b). This behavior accelerates entropy
collapse and premature convergence, sharply reduc-
ing exploration and solution-space coverage and
ultimately trapping the model in suboptimal pol-
icy regions (Cui et al., 2025; Huang et al., 2025b;
Hao et al., 2025). During inference, LRMs gener-
ate far longer reasoning than conventional Large
Language Models (LLMs). The high-entropy seg-
ments are typically regarded as an important in-
ternal signal and turning points in the reasoning,
where it initiates reflection, introduces assumptions,
and triggers other key reasoning patterns (Wang
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Figure 2: Timeline of papers on entropy mechanisms in LRM within sixteen months after the emergence of GRPO.

et al., 2025f; Shorinwa et al., 2025) as Fig. 1(right).
By understanding, controlling, and exploiting the
transitions between high- and low-entropy phases
during reasoning, researchers can raise the think
quality of LRMs (Kayal et al., 2025; Farquhar
et al., 2024). Fig. 2 shows the rapid growth of
LRM+entropy research, led by top institutes, high-
lighting entropy’s importance in LRMs.

This survey examines entropy mechanisms in
LRM training and inference, as shown in Fig. 3,
which highlights the relevant work and classifica-
tions. On the training side, we introduce a new uni-
fying perspective: we embed existing approaches
into a single RL objective and interpret their ef-
fects as regularizing specific parameters within that
objective. Distinct from prior surveys organized
around benchmarks and problem types (Xu et al.,
2025a; Liu et al., 2025c), we categorize training
methods according to their modified parameters in
PPO/GRPO’s original optimization objective, ex-
plicitly identifying the specific ‘knob’ that is modi-
fied for each. On the inference side, we revisit sev-
eral recurring criticisms of LRMs (e.g., excessive
inference time (Zhang et al., 2025c; Alomrani et al.,
2025)) and analyze how entropy-aware TTS tech-
niques leverage intrinsic signals to mitigate these

issues in practice. Building on these insights, we
highlight key open challenges and outline several
promising directions for future research.

2 Entropy Mechanism in LRM Training

LRMs are typically trained with policy-gradient
methods, such as PPO and GRPO, to strengthen
their inference capabilities (Schulman et al., 2017;
Shao et al., 2024; Zhang et al., 2025c). The
corresponding training loss is shown in Fig. 4.
{oi}Gi=1 ∼ πθold(· | q) denotes a group of G tra-
jectories generated by the behavior policy πθold .
Each trajectory oi has a token sequence of length
|oi|, and the inner sum runs over token positions
t = 1, . . . , |oi|. ri,t(θ) is the importance ratio.

Existing training approaches largely operate by
adjusting five control knobs: (i) The sampling
term q ∼ P (Q) & {oi} determines which queries
are exposed to the learner and thus which parts
of the loss landscape are emphasized during train-
ing. (ii) The advantages of tokens Âi,t determine
which pattern is encouraged/punished. (iii) The
clip ratio clip(·), which controls the magnitude of
policy updates by capping the importance ratio ri,t.
And (iv) The KL loss β DKL(πθ ∥πref) regularizes
deviation from a reference policy controlled by β.
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Figure 3: An entropy-centric overview of LRM mechanisms in training and inference.
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Figure 4: The PPO/GRPO optimization objective, where different colors mark different parts.

Additionally, some methods directly change (v)
The learning objective itself JPPO/GRPO(θ), for
example by adding or reweighting loss terms. We
organize all methods by the parameters they modify
to form an entropy-control guideline; methods that
affect multiple parameters are presented separately.
With this organization, future researchers who wish
to examine a specific parameter can directly anchor
it to its corresponding entropy-control role and re-
lated method family. Although the optimization re-
lationship between entropy and model performance
in LRMs remains difficult to characterize precisely,
we nevertheless attempt in the Appendix. A.8 to
provide a unified formulation of these key “knobs”
through an optimization objective, illustrating how
they can directly influence final performance.

2.1 Sampling – q ∼ P (Q) & {oi}
Policy learning algorithms learn from self-
generated samples, making sampling schemes cru-
cial for training. In GRPO-based methods, within-
group sample diversity is essential for effective

learning signals. Based on rollout trajectories, sam-
pling approaches can be categorized as: (1) Single-
Turn Sampling, the standard single-round infer-
ence commonly used in tasks like math reasoning;
(2) Agentic Sampling, involving multi-turn roll-
outs with tool interactions

2.1.1 Single-Turn Sample

AEPO-Wang (Wang et al., 2025b) adopts a dy-
namic sampling strategy: when the overall en-
tropy is low, it increases the sampling tempera-
ture, and when the entropy is high, it decreases
the temperature, thereby controlling the diversity
of samples. Some methods treat high-entropy to-
kens in the sampling process as critical turning
points and use them as signals to branch the sam-
pling trajectories. TreeRL (Hou et al., 2025) is a
representative example: it uses such high-entropy
tokens to construct tree-structured sampling results.
FR3E (Zheng et al., 2025b), ADR (Zhang et al.,
2025f), ROSE (Zhao et al., 2026) and ETTRL (Liu
et al., 2025a) adopt similar strategies. In contrast,
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CURE (Li et al., 2025b) emphasizes that the roll-
out should already be in a high-entropy regime
at the very beginning to enhance the diversity of
early decisions and concatenates the low-entropy
segments of the rollout into the prompt and then re-
rolls for new samples. Cao et al. (Cao et al., 2025a)
directly use entropy as a measure of problem diffi-
culty, constructing a curriculum learning trajectory
that progresses from low to high-entropy—that is,
from easy to hard. POPE (Qu et al., 2026) and
HIVE (Wu et al., 2026) use entropy as a measure
of problem difficulty, enabling models to progres-
sively learn from more challenging problems and
thereby achieve more stable optimization.

2.1.2 Agentic Sample

For agentic sampling, the presence of tool-related
information that is not directly generated by
the model leads to irregular entropy fluctuations.
ARPO (Dong et al., 2025b) observes this phe-
nomenon and, analogous to single-turn samples,
shares the preceding prefix at high-entropy tool-
call turns and then samples new branches from
that point. AEPO-Dong (Dong et al., 2025a), as
a follow-up, found that multiple consecutive high-
entropy rounds would concentrate limited branch-
ing resources on a few tracks, causing sampling
to "freeze" on a high-entropy chain (high-entropy
rollout collapse). Therefore, AEPO-Dong added
entropy pre-monitoring and branch penalties to the
ARPO framework: on the one hand, adaptively
allocating the number of global vs. branch roll-
outs based on problem entropy/tool entropy; on the
other hand, suppressing consecutive high-entropy
branches on the same path, distributing exploration
more evenly across different tracks.

2.2 Advantage – Âi,t

In RL, advantage fundamentally influences the di-
rection of optimization, while original GRPO’s ad-
vantage setting is also considered to be one of the
causes of entropy collapse. Some studies directly
control entropy changes during the reinforcement
process by modifying different advantage calcula-
tion methods. They can be categorized from two
perspectives: (1) Entropy as Advantage Bonus,
where entropy or entropy-derived metrics are di-
rectly incorporated into the advantage calculation.
(2) Entropy as Coefficient, where entropy is used
to weight the advantage, thereby amplifying or sup-
pressing tokens within specific entropy ranges.

2.2.1 Entropy as Advantage Bonus
Entropy-as-bonus methods can be understood as
balancing two competing objectives: encourag-
ing exploration and reducing uncertainty. On
the exploration side, Cheng et al. (2025) show
that adding an entropy term to the advantage en-
courages longer and deeper reasoning traces, im-
proving Pass@K coverage. RL-ZVP (Le et al.,
2025) constructs fine-grained entropy-based ad-
vantages for zero-variance samples, promoting di-
verse correct solutions while reducing penalties
on high-entropy tokens in fully incorrect samples.
PRL (Yao et al., 2026a) further introduces entropy-
derived process rewards to provide intermediate su-
pervision, thereby broadening the model’s reason-
ing boundary. Motivated by the U-shaped pattern
of token entropy (Deng et al., 2025), PEAR (Huang
et al., 2025a) uses the entropy gap between think-
ing and answer contents as an additional advantage,
encouraging exploration during reasoning while
normalizing the final answer.

On the uncertainty-reduction side, several meth-
ods suppress excessive entropy to improve sta-
bility and efficiency. EM-INF (Agarwal et al.,
2025) shows that entropy minimization can sta-
bilize model outputs, while EMPG (Wang et al.,
2025e) penalizes future entropy to steer the policy
away from ambiguous tokens. ETR (Xiong et al.,
2026) introduces an entropy-trend reward that en-
courages a downward entropy trajectory across rea-
soning steps, reducing prolonged uncertainty and
overthinking while preserving local exploration.
ENTRA (Cai et al., 2026) uses entropy to identify
and discourage redundant low-importance reason-
ing tokens, reducing unnecessary repetition while
preserving essential reasoning steps. Similarly,
EMPO (Zhang et al., 2025b) treats entropy as an
advantage signal for suppressing unreliable genera-
tions. Overall, entropy-aware advantages balance
exploration with uncertainty control.

2.2.2 Entropy as Advantage Coefficient
Another line of work uses entropy to reweight ad-
vantages, modulating the contribution of tokens,
segments, or samples during policy updates. At
the token level, EDGE-GRPO (Zhang et al., 2025e)
uses inverse entropy to emphasize low-entropy to-
kens, while GTPO/GRPO-S (Tan et al., 2025) redis-
tributes rewards with dynamic entropy weighting
at the token or sequence level. ERPO (Yu et al.,
2026), ACPO (Yin et al., 2025), and EAPO (He
et al., 2026) further adjust token-level learning sig-
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nals according to entropy-related uncertainty, infor-
mativeness, or reward polarity, helping the model
focus on critical reasoning steps.

At the sample or group level, entropy guides
which responses should be amplified or suppressed.
UCAS (Xie et al., 2025) and AsymGRPO (Gu et al.,
2026) apply asymmetric advantage modulation to
encourage confident correct responses while pre-
serving informative exploration in incorrect or un-
certain ones. ProGRPO (Li et al., 2026b) reweights
advantages using generative probability signals to
reduce over-confident updates, and LESS (Chen
et al., 2025c) weights recurring low-entropy seg-
ments according to their correctness. Beyond direct
weighting, CANON (Chen et al., 2025a), QAE (Wu
et al., 2025b), and AdaThink-Med (Rui et al.,
2025) use entropy for response regrouping, entropy-
change control, or difficulty-aware advantage esti-
mation. These methods selectively strengthen reli-
able reasoning signals while controlling uncertain
updates with advantage reweight.

2.3 Clip Mechanism – clip(·)
The clipping mechanism constrains update magni-
tude based on ri,t(θ), creating an approximate trust
region that prevents destabilizing large updates on
individual tokens. The lower and upper bounds re-
spectively restrict updates that decrease or increase
token probabilities, selectively damping gradients
and influencing policy entropy. Building on this
idea, existing methods can be broadly categorized
by control granularity and objectives into two types:
(1) Range-level clip modulation: directly adjust-
ing the global clipping interval to globally relax
or tighten the update range. (2) Token-level clip
modulation: performing fine-grained control at the
token level, assigning different effective clipping
behaviors to different types of tokens, or restor-
ing/recalibrating the gradients of tokens.

2.3.1 Range-level Clip Modulation
Range-level methods directly adjust the clipping
interval to globally relax or tighten policy updates,
thereby influencing exploration and entropy dy-
namics. DAPO (Yu et al., 2025) observes that
positive samples with low old probabilities often
correspond to new reasoning branches or reflec-
tions, but are easily clipped by the upper bound,
which may suppress exploration and accelerate en-
tropy collapse. It therefore raises the clip upper
bound by a constant. Similarly, DLER (Liu et al.,
2025e) shows that tokens clipped by the upper

bound are often high-entropy tokens worth learn-
ing, and thus adopts a larger upper clipping thresh-
old. EAG-RL (Fang et al., 2025) further makes
this adjustment entropy-adaptive, assigning larger
upper bounds to high-entropy trajectories.

Other methods redesign the clipping range from
the perspective of stability. Park et al. (Park et al.,
2025) remove the upper bound and raise the lower
bound to make error correction less aggressive.
BAPO (Xi et al., 2025) considers the effect of off-
policy training and dynamically widens the clip-
ping interval by increasing the upper bound and
decreasing the lower bound, reducing excessive
clipping as training proceeds. DISPO (Karaman
et al., 2026) decouples up- and down-clipping for
correct and incorrect responses, yielding multiple
controllable update regimes to balance exploration
and distillation. FEC (Chen et al., 2026) analyzes
how different importance-ratio regions contribute
to entropy increase or decrease, and dynamically
adjusts clipping thresholds to achieve flexible en-
tropy control.

2.3.2 Token-level Clip Modulation
Token-level methods redesign clipping behavior
for individual tokens or token groups, preserving
useful entropy while avoiding unstable probabil-
ity shifts. Archer (Wang et al., 2025d) assigns
wider clipping bounds to high-entropy reasoning to-
kens and tighter bounds to low-entropy knowledge
tokens, while DCPO (Yang et al., 2025b) adapts
the clipping range according to each token’s old
probability, giving low-probability tokens wider
upper bounds. BandPO (Li et al., 2026c) similarly
introduces probability-aware bounds that bridge
trust-region constraints and ratio clipping, allowing
more flexible updates for low-probability actions.
ASPO (Wang et al., 2025c) further flips the impor-
tance ratio for positive-advantage tokens and pairs
it with reversed clipping, favoring correct but cur-
rently low-probability tokens. ESPO (Sheng et al.,
2025) recomputes ratios over subsequences and
assigns wider clipping ranges to high-entropy seg-
ments, redistributing updates toward exploratory
parts of the trajectory. SSPO (Jiao et al., 2026)
replaces hard clipping with soft sequence-level gat-
ing, smoothing the effect of clipped ratios instead
of abruptly truncating gradients. ERC (Su et al.,
2025b) introduces an additional entropy ratio as
a soft clipping constraint to prevent excessive en-
tropy shifts, and Clip-Cov (Cui et al., 2025) clips
gradients only for high-covariance tokens where
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large advantages align with high probabilities.
Another line of methods focuses on restor-

ing or recalibrating gradients for clipped tokens,
since completely discarding them may accumu-
late bias and accelerate entropy reduction. CE-
GPPO (Su et al., 2025a) reactivates clipped tokens
with reduced learning weights, whereas AEPO-
Dong (Dong et al., 2025a) restores gradients only
for tokens exceeding the upper clipping bound.
M2PO (Zheng et al., 2025a) controls extreme high-
entropy outliers under off-policy training, preserv-
ing informative high-entropy tokens while bound-
ing the second moment of importance weights.

2.4 KL Penalty – βDKL(πθ∥πref)

The KL penalty constrains the learned policy πθ
from drifting too far from a reference policy πref ,
with its strength controlled by β. As a reference-
based trust region, it stabilizes policy updates and
preserves prior capabilities, but may also restrict
exploration and indirectly affect policy entropy. Re-
cent studies therefore revisit this knob by removing
KL regularization, adapting its strength, or reshap-
ing the region where exploration is encouraged.

A common strategy is to remove the KL term by
setting β = 0, motivated by the concern that fixed
KL constraints may over-restrict policy divergence
and accelerate entropy collapse, especially in long-
chain reasoning or multi-turn tasks. Representative
examples include Open-Reasoner-Zero (Hu et al.,
2025) and DAPO (Yu et al., 2025) for single-turn
reasoning, as well as AceReason-Nemetron (Chen
et al., 2025d) and MT-GRPO (Zeng et al., 2025b)
for multi-round settings. KL-Cov (Cui et al., 2025)
takes a selective approach by applying KL penal-
ties to high-covariance tokens, suppressing over-
amplified confident tokens while preserving useful
updates elsewhere.

Other methods retain KL regularization but
adapt its strength. Archer (Wang et al., 2025d)
and Cao et al. (Cao et al., 2025a) weaken KL on
high-entropy tokens to encourage exploration and
strengthen it on low-entropy tokens to preserve core
capabilities. APO (Hong et al., 2025) modulates
KL by sample difficulty, relaxing constraints for
hard problems while tightening them for easy ones.
ProRL (Liu et al., 2025d) periodically updates the
reference policy with recent online snapshots, re-
calibrating the KL constraint during long-term RL.
Beyond coefficient adjustment, TRE (Huang et al.,
2026) encourages exploration within a local trust re-
gion of plausible tokens, maximizing entropy only

over top-K or nucleus-filtered candidates to avoid
probability leakage into long-tail tokens.

2.5 Optimization Objective – JPPO/GRPO(θ)

The optimization objective fundamentally deter-
mines the update direction of RL. In LRMs, it
governs how the output-token distribution evolves,
steering the model toward behaviors aligned with
the specified objective. Recent work revisits the
PPO/GRPO objective through entropy-aware de-
signs, which can be broadly grouped into two fami-
lies: (1) Entropy-Based Optimization Objective,
which allows the model to directly learn an addi-
tional entropy-based objective besides the original
optimization objective. (2) Entropy-Guided Loss
Reweighting, which recalculates or reweights the
optimization objective to control the update direc-
tions applied to different tokens.

2.5.1 Entropy-Based Optimization Objective
A straightforward way to extend the PPO/GRPO
objective is to introduce entropy-related terms di-
rectly into the optimization objective, so that the
model learns from both task rewards and explicit
entropy signals. EVOL-RL (Zhou et al., 2025) fol-
lows this idea by adding a negative policy-entropy
term, helping maintain response diversity under
label-free, majority-vote reward settings and pre-
venting rapid entropy collapse. Subsequent studies
refine this strategy by assigning heterogeneous en-
tropy weights across samples, tokens, or reasoning
stages. For instance, AER (Zhang et al., 2025d)
introduces a sample-level entropy-coefficient loss,
allocating larger entropy weights to hard samples
while reducing unnecessary entropy pressure on
easy samples.

At a finer granularity, AEnt (Shen, 2025) con-
trols token-level truncated entropy over a high-
probability token set, avoiding distortions from
enforcing high entropy over implausible long-tail
tokens. Its adaptive coefficient maintains diversity
only within plausible candidate tokens. AEPO-
He (He et al., 2025a) applies adaptive entropy con-
trol across reasoning stages, enforcing higher en-
tropy during the Reflection phase to mitigate repet-
itive or mechanical reasoning patterns. EPO (Xu
et al., 2025c) takes a round-level perspective in
agentic RL, anchoring each round’s entropy to a
historical running average to prevent late-stage pol-
icy collapse and excessive entropy fluctuations.

Recent methods also revisit the objective from
broader distributional or multi-mode perspec-
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tives. Distribution-Centric Policy Optimization
(DCPO) (Li et al., 2026d) formulates policy opti-
mization around distribution-level control, aiming
to better balance exploration and exploitation. Pol-
icy Split (Yao et al., 2026b) introduces dual-mode
entropy regularization, separating exploitation-
oriented updates from exploration-oriented high-
entropy updates to preserve stable reasoning while
maintaining exploratory capacity.

Some approaches depart more radically from
standard PPO/GRPO by rewriting the objective in
terms of entropy or reward-induced distributions.
One-shot Entropy Minimization (Gao et al., 2025)
improves reasoning by minimizing conditional en-
tropy on a small set of samples, while FlowRL (Zhu
et al., 2025) adopts a GFlowNet-style MSE ob-
jective to match the reward-induced distribution,
encouraging both high reward and high policy en-
tropy. Overall, these methods treat entropy as an
explicit optimization target for shaping exploration,
stability, and reasoning diversity.

2.5.2 Entropy-Guided Loss Reweighting
Entropy-guided loss reweighting controls entropy
dynamics by changing which tokens, steps, or tra-
jectories dominate policy-gradient updates, with-
out explicitly modifying the PPO/GRPO objective.
One line of work introduces entropy-based mask-
ing or selective gradient allocation to focus learn-
ing on critical positions. Wang et al. (Wang et al.,
2025f) split tokens by local entropy and retain only
high-entropy forking tokens for GRPO updates.
DART-GUI (Li et al., 2025a) extends this idea to
multi-round agentic settings by aggregating token
entropy into step-level entropy and optimizing only
high-entropy decision steps. D3S (Wang et al.,
2025a) scores tokens by the product of advantage
and entropy, selecting top-K tokens across samples
for gradient computation. UloRL (Du et al., 2025)
incorporates global entropy trends by activating
masking for high-confidence tokens in correctly
solved samples when the policy entropy falls below
a preset threshold. EG-SPO (Hu et al., 2026) fur-
ther generalizes selective updating through entropy-
gated gradient allocation, applying stronger PPO
updates to high-entropy tokens while attenuating
updates on low-entropy ones.

Other methods preserve most tokens but softly
reweight their learning signals to regulate the en-
tropy trajectory. Prog-Adv-Reweight (Jin et al.,
2025) observes that positive-advantage updates
tend to concentrate probability mass and accel-

erate entropy decay, and therefore temporarily
downweights such updates before gradually restor-
ing their influence. SimKO (Peng et al., 2025)
first selects high-entropy tokens and then applies
top-K smoothing to distribute positive-advantage
signals across plausible candidates; for incorrect
samples, it additionally penalizes the most con-
fident wrong token to avoid consolidating erro-
neous modes. Clip-Cov (Cui et al., 2025) and
STEER (Hao et al., 2025) both estimate each to-
ken’s contribution to entropy change, suppressing
updates that may cause excessive entropy shifts.
EntroPIC (Yang et al., 2025a) formulates entropy
stabilization as a feedback-control problem, dy-
namically adjusting loss coefficients for positive-
and negative-advantage terms. Beyond token-level
reweighting, UEC-RL (Wang et al., 2026) performs
targeted exploration through selective trajectory
retention and replay, while Entrocraft (Li et al.,
2026a) reshapes the effective advantage distribu-
tion via rejection sampling to follow a desired en-
tropy curve.

3 Entropy Mechanisms in LRM Inference

An increasing number of studies (Nikitin et al.,
2024; Agrawal et al., 2024; Jiang et al., 2025) have
identified pronounced overthinking phenomena in
LLM generation. Recently, entropy has been in-
troduced into inference mechanisms to both evalu-
ate (Xu and Lu, 2025; Liu et al., 2025f; Nikitin
et al., 2024) and regulate (Sharma and Chopra,
2025b; Li et al., 2025c) inference behavior. These
explorations reveal a clear trend: Entropy is evolv-
ing from a passive representation of uncertainty
into an active control signal for inference.

Compared with general LLMs, LRMs exhibit
stronger dependencies along reasoning chains and
denser branching in path selection, which amplifies
computational overhead and error accumulation
when inference is not properly controlled. Accord-
ingly, this section focuses on LRM inference and
organizes existing work into two core directions:
(i) Entropy-guided inference, which monitors en-
tropy dynamics to decide when to continue, pause,
branch, or trigger correction, thereby reducing re-
dundant computation and improving efficiency; (ii)
Self-consistency enhancement, which uses en-
tropy to evaluate candidate answers or reasoning
paths and select more reliable outputs.
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3.1 Entropy-Guided Inference

Entropy-guided inference monitors entropy
changes in real time to determine how inference
should proceed, with branching control being a
key factor for inference performance. DTS (Xu
et al., 2025e) models token generation as a tree and
uses next-token entropy to decide when to expand
branches. EAGER (Scalena et al., 2025) monitors
top-K entropy at each step to trigger branching
adaptively. ARTS (Hong et al., 2026) further
decouples proposal and decision in reasoning tree
search, using verifier-guided decisions to navigate
sparse, high-entropy search spaces and preserve
rare but valid reasoning paths. Meanwhile, entropy
is also used as a criterion for early stopping or
regeneration. EAT (Wang et al., 2025g) monitors
token-level entropy changes to determine when to
stop. SEAT (Xu et al., 2025d) defines semantic
entropy over clustered parallel responses and
uses it to decide whether another inference round
is needed. EGL (Correa and de Matos, 2025)
computes entropy after the draft pass and generates
an uncertainty report to guide adaptive refinement
when entropy exceeds a threshold.

3.2 Self-Consistency Enhancement

Self-consistency enhancement uses entropy to as-
sess the credibility of candidate answers or reason-
ing paths, obtaining more robust outputs through
entropy-aware filtering or weighting. SCRL (Yan
et al., 2026) questions the reliability of consensus it-
self and introduces entropy-gated negative pseudo-
labeling to filter unreliable trajectories when ma-
jority consensus is weak or misleading. DualRe-
search (Shi et al., 2025) treats two inference graphs
as posterior answer distributions and uses their
Shannon entropy as weighting factors for answer
aggregation. IEW (Sharma and Chopra, 2025a)
extends this idea to the full inference chain by
aggregating multiple paths with inverse-entropy
weighting, assigning higher weights to more stable,
lower-entropy paths. STaR (Zhang et al., 2025a)
quantifies uncertainty along the inference chain
based on token-level entropy, enabling the selec-
tion of the most reliable reasoning path.

4 Challenge and Future Directions

This survey reviews entropy-related methods for
RL training and TTS inference in the LRM era,
discussing current limitations and future directions.
Notably, all surveyed methods emerged within six-

teen months after GRPO, reflecting the rapid ad-
vancement of LLMs into the reasoning era. As en-
tropy remains a fundamental challenge, it will con-
tinue to drive the research of LRMs. Additionally,
Appendix A.8 provides a comprehensive overview
of method settings and performance, while Ap-
pendix A.9 briefly covers entropy-related issues in
earlier pretraining and SFT methods.
Challenge: Entropy to Performance. It is impor-
tant to emphasize that entropy control is a means,
not an end. The goal is to preserve diversity while
improving the accuracy of exploration. Although
many methods show empirical gains by adjusting
entropy, results vary across settings, indicating that
the relationship is not a simple trade-off. A central
challenge is to deepen our understanding of this
link and make entropy-driven improvements more
consistently transfer to performance.
Challenge: Intrinsic Relations Between Parame-
ters. Most existing methods focus on adjusting one
algorithmic parameter or a small set of parameters,
but lack coordination across approaches. There
is still a shortage of methods that adopt a global,
fine-grained perspective for tuning LRM training
and inference. Developing such frameworks would
enable a more systematic analysis of how entropy
influences learning dynamics and performance.
Future: Entropy in Agentic Models. The deep in-
tegration of agentic multi-turn tool calls and reason-
ing capabilities has greatly enhanced the model’s
ability to tackle complex problems. This approach
is seen as a crucial breakthrough in moving be-
yond single-turn problem-solving. In the context of
agentic tasks, new entropy-related issues arise, par-
ticularly in multi-turn tool calls, reasoning, and en-
vironmental interaction. Research on dynamically
monitoring and controlling policy entropy in such
tasks is crucial to avoid instability in training or
inference caused by continuous high-entropy deci-
sions or excessive branching. Solving these issues
will enable agentic RL to not only "effectively ex-
plore" but also "robustly exploit and consolidate".
Future: Entropy in Parallel Thinking. Parallel
thinking refers to having the model generate multi-
ple reasoning paths in parallel and then aggregate
or synthesize them into a final answer. This offers
a simple and efficient way to convert pass@k po-
tential into pass@1 performance. However, it may
also amplify current LLM weaknesses in reasoning
robustness and stability. By leveraging entropy to
monitor the credibility and diversity of these paral-
lel paths, we can filter for high-quality candidates
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and provide more reliable signals for path fusion.
This could help reduce risks such as hallucinations,
logical conflicts, and inconsistencies, thereby fur-
ther improving overall performance.

Limitations

This survey is limited to the LRM era and primarily
focuses on entropy-related methods in RL train-
ing and inference. Entropy issues in earlier stages
of the broader LLM pipeline, such as pretraining
and SFT, are only briefly covered in the appendix.
Our taxonomy and narrative synthesis necessarily
involve subjective choices, which are significant
but largely unavoidable in a fast-evolving research
landscape. In addition, due to heterogeneous exper-
imental settings across studies (e.g., base models,
training data, and hyperparameters), we avoid di-
rect head-to-head comparisons. As a result, some
of our observations should be interpreted as de-
scriptive trends rather than definitive conclusions.
Finally, given the rapid progress of this field, the
coverage and conclusions of this survey may need
to be updated as new results emerge, while we try
to continue updating new papers on our repository.
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A Appendix

A.1 Overall formulation
appendix:formula Before analyzing each training
knob separately, we first introduce a unified quan-
tity that measures the entropy of the current policy
over the training distribution. Since the training ob-
jective is defined over sampled queries q ∼ P (Q)
and group rollouts {oi}Gi=1 ∼ πθold(· | q), the most
natural entropy quantity is the average token-level
entropy evaluated under the same training mea-
sure. This definition allows us to quantify how
each component in training changes the entropy of
the current policy in a consistent way.

Htrain(θ) := Eq∼P (Q)E{oi}Gi=1∼πθold
(·|q)

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

Hi,t(θ)

]
(1)

where

Hi,t(θ) = −
∑

y∈V
πθ(y | q, oi,<t)

log πθ(y | q, oi,<t)

(2)

Let one optimization step be written as

θ+ = θ +∆θ (3)

To attribute the entropy change to different train-
ing knobs, we decompose the update as

∆θ = ∆θq +∆θA +∆θclip

+∆θKL +∆θJ
(4)

where the five terms correspond to the sam-
pling term q ∼ P (Q), the token advantage Âi,t,
the clip ratio clip(ri,t(θ), 1 − ϵ, 1 + ϵ), the KL
penalty βDKL(πθ∥πref), and the learning objective
JPPO/GRPO(θ), respectively.

The one-step entropy change is then defined as

∆Htrain := Htrain(θ
+)−Htrain(θ). (5)

Using a second-order expansion around θ, we
obtain

∆Htrain ≈
∑

m∈{q,A,clip,KL,J}
Cm

+
1

2

∑

m,n∈{q,A,clip,KL,J}
Im,n

(6)

where

Cm := ∇θHtrain(θ)
⊤∆θm

Im,n := ∆θ⊤m∇2
θHtrain(θ)∆θn

(7)

Here, Cm measures the first-order marginal con-
tribution of the m-th training knob to the entropy
change, while Im,n captures the second-order inter-
action between different knobs.

To compare the relative importance of different
knobs, we further define the normalized first-order
attribution as

ρm =
|Cm|

|Cq|+ |CA|+ |Cclip|+ |CKL|+ |CJ |
(8)

A.2 Contribution of sampling
q ∼ P (Q) & {oi}

The sampling term affects entropy indirectly by
changing which queries are emphasized during
training. Even if the policy update rule remains
unchanged, modifying the query distribution P (Q)
changes the gradient composition across training
samples, and therefore changes the direction in
which the policy entropy evolves. In this sense,
sampling does not act on entropy explicitly, but
rather reweights the optimization trajectory that
determines entropy dynamics.

To make this dependence explicit, we introduce
an auxiliary sampling parameter ξq and write the
query distribution as Pξq(Q). Let the gradient of
the training objective under this sampling distribu-
tion be

g(θ, ξq) := ∇θJPPO/GRPO(θ; ξq) =

Eq∼Pξq (Q)

[
u(q; θ)

] (9)

where u(q; θ) denotes the query-level gradient
contribution after taking expectations over rollouts
and tokens.

Its derivative with respect to ξq is

∂g(θ, ξq)

∂ξq
= Eq∼Pξq (Q)

[
u(q; θ)

∂ logPξq(q)

∂ξq

]

(10)
For a small perturbation ∆ξq, the corresponding

sampling-induced parameter update can be approx-
imated as

∆θq ≈ −η
∂g(θ, ξq)

∂ξq
∆ξq. (11)
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Therefore, the first-order entropy contribution of
sampling is

Cq = ∇θHtrain(θ)
⊤∆θq

≈ − η∇θHtrain(θ)
⊤∂g(θ, ξq)

∂ξq
∆ξq,

(12)

or equivalently,

Cq ≈ − η∇θHtrain(θ)
⊤Eq∼Pξq (Q)

[
u(q; θ)

∂ logPξq(q)

∂ξq

]
∆ξq.

(13)

The corresponding entropy sensitivity is

Sξq :=
∂Htrain(θ

+)

∂ξq
≈

− η∇θHtrain(θ)
⊤∂g(θ, ξq)

∂ξq
.

(14)

This expression shows that the effect of sampling
on entropy is determined by how the reweighted
query gradient aligns with the entropy gradient.

A.3 Contribution of token advantage Âi,t

The token advantage Âi,t directly controls how
strongly each token contributes to the policy up-
date. Therefore, any entropy-aware modification to
the advantage term changes entropy by reweight-
ing token-level policy gradients. This covers both
types of methods discussed in the main text, includ-
ing entropy as an advantage bonus and entropy as
a coefficient.

To keep the notation consistent with the main
text, we write the advantage as Â

(ξA)
i,t , where

ξA is an auxiliary parameter that represents the
strength of the entropy-aware adjustment. In the
PPO/GRPO surrogate, the effective ratio term is

ωi,t(θ) =




ri,t(θ), unclipped,

clip(ri,t(·), clipped.
(15)

For a perturbation ∆ξA, the resulting parameter
update is approximated by

∆θA ≈ − ηEq∼P (Q)E{oi}∼πθold
(·|q)

[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

ωi,t(θ)
∂Â

(ξA)
i,t

∂ξA

∇θ log πθ(oi,t | q, oi,<t)
]
∆ξA

(16)

Thus, the first-order entropy contribution of the
advantage term is

CA = ∇θHtrain(θ)
⊤∆θA, (17)

namely,

CA ≈ − η∇θHtrain(θ)
⊤E

[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

ωi,t(θ)
∂Â

(ξA)
i,t

∂ξA

∇θ log πθ(oi,t | q, oi,<t)
]
∆ξA.

(18)

The corresponding entropy sensitivity is

SξA :=
∂Htrain(θ

+)

∂ξA
≈ −η∇θHtrain(θ)

⊤E

[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

ωi,t(θ)

∂Â
(ξA)
i,t

∂ξA
∇θ log πθ(oi,t | q, oi,<t)

]

(19)
This formulation makes clear that the advantage

term influences entropy through token-wise gradi-
ent reweighting rather than by directly redefining
entropy itself.

A.4 Contribution of the clip ratio
clip(ri,t(θ), 1− ϵ, 1 + ϵ)

The clipping operation affects entropy by chang-
ing which token updates are saturated and which
are still allowed to contribute linearly to the surro-
gate objective. As a result, adjusting the clipping
range changes the subset of tokens that effectively
shape the policy update, thereby altering the en-
tropy trajectory. This mechanism is especially im-
portant because clipping regulates the exploration-
exploitation trade-off in a highly local and token-
dependent manner.

Using the symmetric clipping notation from the
main text, define

rclipi,t (θ; ϵ) = clip(ri,t(θ), 1− ϵ, 1 + ϵ) (20)

Its derivative with respect to ϵ can be written
piecewise as

∂rclipi,t (θ; ϵ)

∂ϵ
=

1{ri,t(θ) > 1 + ϵ} − 1{ri,t(θ) < 1− ϵ}
(21)
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For a perturbation ∆ϵ, the clip-induced update
is approximately

∆θclip ≈ −ηEq∼P (Q)E{oi}∼πθold
(·|q)

[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

∂rclipi,t (θ; ϵ)

∂ϵ

Âi,t∇θ log πθ(oi,t | q, oi,<t)
]
∆ϵ.

(22)

Therefore, the first-order entropy contribution of
clipping is

Cclip = ∇θHtrain(θ)
⊤∆θclip (23)

that is,

Cclip ≈ − η∇θHtrain(θ)
⊤E

[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

∂rclipi,t (θ; ϵ)

∂ϵ

Âi,t∇θ log πθ(oi,t | q, oi,<t)
]
∆ϵ

(24)

The corresponding sensitivity is

Sϵ :=
∂Htrain(θ

+)

∂ϵ
≈ −η∇θHtrain(θ)

⊤

E
[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

∂rclipi,t (θ; ϵ)

∂ϵ

Âi,t∇θ log πθ(oi,t | q, oi,<t)
]

(25)

This shows that clipping influences entropy by
controlling whether saturated ratio regions continue
to transmit policy gradients.

A.5 Contribution of the KL penalty
βDKL(πθ∥πref)

The KL term constrains the current policy toward
the reference policy and thus affects entropy by
regularizing the direction and magnitude of policy
drift. Unlike the advantage or clipping terms, the
KL penalty does not act through token reweight-
ing. Instead, it contributes a direct regularization
gradient whose alignment with the entropy gradi-
ent determines whether it increases or decreases
overall entropy.

Under the notation of the main text, the KL-
induced update is

∆θKL = − ηβ∇θEq∼P (Q)E{oi}∼πθold
(·|q)

[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

DKL

(
πθ(· | q, oi,<t)∥πref(· | q, oi,<t)

)]
(26)

Accordingly, the first-order entropy contribution
of the KL term is

CKL = ∇θHtrain(θ)
⊤∆θKL, (27)

namely,

CKL = − ηβ∇θHtrain(θ)
⊤

∇θE
[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

DKL

(
πθ(· | q, oi,<t)∥πref(· | q, oi,<t)

)]
.

(28)

The corresponding entropy sensitivity is

Sβ :=
∂Htrain(θ

+)

∂β
≈ −η∇θHtrain(θ)

⊤

∇θE
[ 1
G

G∑

i=1

1

|oi|

|oi|∑

t=1

DKL

(
πθ(· | q, oi,<t)∥πref(· | q, oi,<t)

)]
.

(29)

Therefore, the effect of the KL coefficient β on
entropy is governed by the alignment between the
KL regularization gradient and the entropy gradi-
ent.

A.6 Contribution of Optimization Objective
JPPO/GRPO(θ)

Many entropy-related training methods can be un-
derstood as modifying the original PPO/GRPO ob-
jective by adding auxiliary regularizers, reweight-
ing terms, or entropy-aware losses. This makes the
objective-level analysis especially general: once
an additional term is written explicitly in the train-
ing objective, its entropy effect can be quantified
through its induced parameter update and its align-
ment with the entropy gradient.

Suppose the training objective is augmented as

J(θ) = JPPO/GRPO(θ) +

K∑

k=1

λkΩk(θ), (30)
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where each Ωk(θ) denotes an additional objec-
tive term and λk is its weight.

Then the update induced by the k-th objective
term is

∆θJ,k = −ηλk∇θΩk(θ). (31)

Its first-order contribution to the training entropy
is

CJ,k = ∇θHtrain(θ)
⊤∆θJ,k

= − ηλk∇θHtrain(θ)
⊤∇θΩk(θ).

(32)

Summing over all additional objective terms
gives

∆θJ =
K∑

k=1

∆θJ,k,

CJ =

K∑

k=1

CJ,k.

(33)

The entropy sensitivity with respect to λk is

Sλk
:=

∂Htrain(θ
+)

∂λk
≈

− η∇θHtrain(θ)
⊤∇θΩk(θ).

(34)

This formulation is highly general and can be
directly applied to any additional loss term intro-
duced in entropy-aware training.

A.7 Cumulative contribution over the
training trajectory

The one-step decomposition above characterizes
the local mechanism of entropy change. However,
the observed entropy evolution during training is
the result of many successive updates. To connect
the local analysis with the global training dynamics,
we further define the cumulative contribution of
each knob along the optimization trajectory.

For m ∈ {q, A, clip,KL, J}, define

C(0→T )
m =

T−1∑

k=0

∇θHtrain(θk)
⊤∆θm,k. (35)

This quantity measures the cumulative first-order
contribution of the m-th knob to the entropy evolu-
tion from step 0 to step T .

We also define the normalized cumulative attri-
bution as

ρ̄(0→T )
m =

∣∣∣C(0→T )
m

∣∣∣
∑

u∈{q,A,clip,KL,J}

∣∣∣C(0→T )
u

∣∣∣
. (36)

This cumulative view is useful for identifying
which training knob dominates entropy collapse or
entropy preservation at different stages of training.

A.8 Settings & Results Of Entropy-related
Methods

We observe that existing methods are rarely com-
pared head-to-head in a systematic manner, and the
community’s widely accepted and commonly used
baselines are typically GRPO or DAPO. Mean-
while, differences in base models, training data, and
hyperparameter choices can substantially affect RL
training outcomes. With many contemporaneous
studies emerging in parallel, these factors further
complicate fair evaluations of the effectiveness of
different approaches. To mitigate this confounding
issue, this survey organizes methods by base model
and annotates the detailed training setups reported
for most works in Tabs. 1–5 and Tabs. 6–10. Our
goal is to provide researchers with a comprehensive
visual overview rather than an authoritative com-
parison or ranking of methods. All configuration
details are sourced from the original papers and
linked repositories.

Meanwhile, this paper compiles and summa-
rizes the acquisition addresses of mainstream
base models employed in the experiments,
covering models such as DeepSeek-R1-Distill-
Qwen https://huggingface.co/deepseek-ai,
LLaMA https://huggingface.co/meta-LLaMA
and Qwen https://huggingface.co/Qwen.

To facilitate a clear evaluation of the improve-
ments in model reasoning capabilities achieved
by different methods, the following clarifications
are provided. Methods that were not evaluated
on mathematical benchmarks are excluded from
our analysis, such as EMPG (Wang et al., 2025e),
EPO (Xu et al., 2025c), and EPPO (Miao et al.,
2025). Furthermore, given the discrepancies in the
benchmarks adopted by different methods, we only
select the metrics from mathematical benchmarks,
namely AIME24, AIME25, MATH500, Olympiad,
Minerva, MATH, and AMC23, for statistical anal-
ysis, in accordance with the frequency of bench-
mark utilization. Benchmarks with low evalua-
tion frequency (e.g., AMC, GSM8K, AMC24) as
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well as non-mathematical benchmarks (e.g., Live-
CodeBench, CoQA, WebWalker) are eliminated
from the statistics. Correspondingly, to ensure that
all methods are included in the statistical scope, a
small number of base models (e.g., BP-Math-32B,
GLM-9B) are also excluded. Regarding the chal-
lenge of standardizing evaluation metrics across
models, two types of tables are constructed in this
study: Tabs. 1–5 only include methods evaluated by
the pass@1 and accuracy (acc) metrics; Tabs. 6–10
cover all types of evaluation metrics, with specific
metric names labeled prior to the corresponding val-
ues. For the statistics of experimental parameters,
this study focuses on the parameter configurations
in the training phase. For methods involving multi-
stage training, parameter variations across stages
are denoted in the format of "8k/16k". The train-
ing datasets are restricted to mathematical domains.
Additionally, "MATH (3–5)" denotes the subset of
the MATH dataset with difficulty levels ranging
from 3 to 5.

Specifically, we systematically extract and docu-
ment the following key training hyperparameters
from each paper. We record the "Global Size" (to-
tal batch size across all devices for one parameter
update) and "Mini Batch" (per-device batch size),
which determine the gradient computation granu-
larity and memory requirements during training.
The "Learn. Rate" (learning rate) controls the step
size of parameter updates and is critical for training
stability and convergence speed. "Data Col." (data
columns) refers to the number of data fields used
in training. "Train. Steps" indicates the total num-
ber of parameter update iterations, representing the
complete training trajectory from initialization to
convergence. "Rollout Num." specifies the num-
ber of candidate response sequences generated per
prompt during policy optimization, which directly
impacts sample efficiency and exploration diversity.
"Samp. Temp." (sampling temperature) modulates
the randomness of generated outputs, with higher
values increasing diversity. "Max Len." (maximum
response length) defines the upper bound of gener-
ated sequence lengths.

A.9 Entropy in the Broader LLM Training
and Inference Pipeline

Although our survey focuses on entropy mecha-
nisms specifically for LRMs, entropy-driven tech-
niques have also been explored throughout the
broader LLM pipeline, including pretraining, su-
pervised finetuning, and decoding. To maintain

conceptual completeness while preserving narra-
tive focus in the main text, we provide in this ap-
pendix a concise overview of such methods. These
works are not explicitly designed for LRMs, yet
they are conceptually aligned with the entropy-
centric framework developed in this survey. As
shown in Fig. 5, we categorize the related methods
into three groups along the LLM pipeline: pretrain-
ing, supervised fine-tuning (SFT), and decoding,
and we list representative works for each stage.

A.9.1 Entropy in Pretraining
During the pretraining stage, entropy mechanisms
are leveraged to regulate knowledge organization
and expert utilization within large models. LIMoE
(Mustafa et al., 2022) imposes dual entropy con-
straints on the routing distribution: the minimum-
entropy loss encourages each token to confidently
select a single expert, improving determinism
and computational efficiency, while the maximum-
entropy loss promotes broader expert activation
at the sample level, preserving representation di-
versity. Researchers also introduce the concept of
knowledge entropy (Kim et al., 2024), demonstrat-
ing that knowledge entropy gradually decreases as
pretraining progresses, making it increasingly diffi-
cult for the model to acquire new knowledge and
exacerbating catastrophic forgetting.

A.9.2 Entropy in Supervised Fine-Tuning
During the SFT stage, entropy mechanisms play
an important role in the training process in mul-
tiple ways. Entropy is widely used to improve
reasoning ability after SFT. GEM (Li et al., 2025e)
introduces maximum-entropy regularization dur-
ing fine-tuning, encouraging the model to maintain
higher entropy and avoiding concentrating high
probability on a single token, thereby improving
reasoning performance. WeFT (Xu et al., 2025b) in-
creases the training weight of high-entropy regions
in diffusion models, so that more model capacity is
allocated to reasoning-critical steps. EM-FT (Agar-
wal et al., 2025) minimizes token-level distribu-
tion entropy during fine-tuning, making the model
more inclined to select more reliable steps when
generating chains of reasoning. POEM (Cao et al.,
2025b) encourages viewpoint diversity in generated
semantic representations via entropy maximiza-
tion. Another work proposes a new fine-tuning
loss (Stahlberg and Kumar, 2025) that improves
fine-tuning by reducing the outgoing connection
entropy of FFN layers. In addition, sparse Tsal-
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Figure 5: An entropy-centric overview of LMMs.

lis entropy regularization (Choi et al., 2024) fil-
ters low-probability tokens, enabling fine-tuning to
learn more interpretable hard prompts.

Entropy plays an important role in reducing
hallucinations after SFT. The study (Yuan et al.,
2024a) incorporates a maximum-entropy mecha-
nism into SFT, increasing predictive entropy on
the forget set and thereby reducing hallucinations.
Another study (Tjandra et al., 2024) uses semantic
entropy as an unlabeled, data-driven signal to fine-
tune large language models, so that they proactively
refuse when uncertain and reduce hallucination risk.
Label smoothing (Huang et al., 2025c) is also intro-
duced into LLM fine-tuning and is explained by its
equivalent KL regularization toward the uniform
distribution, thereby reducing hallucinations.

Entropy also stabilizes the SFT training process
and prevents collapse. TrinityX (Kashyap et al.,
2025) adds an entropy regularizer in router training,
encouraging more diverse expert selection while
avoiding excessive collapse to a small number of
experts. ReLIFT (Ma et al., 2025) incorporates
an entropy regularization term into the online SFT
objective to stabilize training and mitigate distri-
bution collapse. Another work uses entropy as an
objective by maximizing next-token distribution en-
tropy on the forgetting set, mitigating privacy risks
without significantly harming general capabilities
(Zhang et al., 2025g).

Entropy is also used for SFT data processing.
A study uses the model’s single-token answer en-
tropy to measure question difficulty, partitions data
into different difficulty levels, and applies different
training strategies for different levels (Goncharov
et al., 2025). Other works use entropy for sam-
ple filtering and data replay during fine-tuning to
improve training efficiency or preserve key capa-
bilities (He et al., 2025b; Mok et al., 2023).

Overall, entropy is not only a metric for char-
acterizing LLMs’ uncertainty, but also an efficient
signal that directly guides SFT optimization, af-
fecting key components such as training objective
design, weight allocation, and sample selection;
therefore, it plays an important role in SFT.

A.9.3 Entropy in Decoding
In the decoding of LLMs, entropy serves as a key
control signal for decoding, effectively improving
the stability and consistency of generation. The
study (Stolfo et al., 2024) finds that neurons in-
side the model influence generative behavior by
regulating their distribution entropy. Therefore,
the study (Zhu et al., 2024) continuously monitors
changes in entropy before and after token genera-
tion to promptly correct the generation direction
when unstable fluctuations occur. Meanwhile, en-
tropy is also injected as a penalty term into proba-
bility adjustment (Chen et al., 2024a), making the
model more inclined to select low-entropy, high-
confidence tokens. Furthermore, END (Wu et al.,
2025a) incorporates cross-layer entropy to enable
more consistent risk estimation across different fea-
ture levels. REAL (Chang et al., 2024) computes
residual entropy that helps the model adaptively
shrink or expand the sampling space during decod-
ing. In long-text scenarios, SNNE (Nguyen et al.,
2025) introduces continuous semantic similarity to
unify and extend the semantic entropy framework,
improving hallucination detection.

Entropy is further employed as a mechanism
for scheduling and regulating the inference pro-
cess. COIECD (Yuan et al., 2024b) determines
whether a knowledge conflict has occurred by as-
sessing the information-entropy constraint of the
token, triggering a more cautious sampling strat-
egy. CascadeVLM (Wei, 2024) uses entropy to
measure the uncertainty of the sample and routes
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different samples accordingly. CNTP (Wang et al.,
2025h) relies on the predictive entropy of the cur-
rent token to determine whether multiple sampling
should be performed, improving inference quality
and reliability. At the attention level, entropy can
also serve as a trigger signal. ONLY (Wan et al.,
2025b) calculates the Text-to-Visual Entropy Ratio
for each layer to identify target layers for attention
intervention. EnSToM (Suh et al., 2025) utilizes
the internal entropy of the LLM as an uncertainty
signal to dynamically control activation steering,
thereby improving the service capabilities of the
dialogue system.

Furthermore, in long dialogues or multimodal
tasks, entropy begins to guide the dynamic manage-
ment of context and resources. SirLLM (Yao et al.,
2024) leverages token entropy and memory decay
mechanisms to dynamically filter and retain the
most important KV cache, enhancing the model’s
ability to handle long dialogues. MEDA (Wan et al.,
2025a) uses cross-modal attention entropy to de-
termine the size of the KV cache for each layer,
thereby achieving efficient multimodal inference.
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Table 1: Performance of Different Entropy-Based Methods on Mathematical Benchmarks – DeepSeek-R1-Distill-
Qwen Models (pass@1 & acc)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

DeepSeek-R1-
Distill-Qwen-1.5B

PEAR (Huang et al., 2025a) 23.33 – 77.20 – – – 70.00 ✓ GSM8K 128 - 1E-6 7473 - 8 0.6 16K

DA-DLER-R1-1.5B (Liu et al., 2025e) 34.37 – – 48.70 44.89 86.70 – ✓ DeepScaleR-Preview 512 64 1E-6 40K 600 16 1.0 4000

DLER-R1-1.5B (Liu et al., 2025e) 34.38 – – 48.31 43.59 86.95 – ✓ DeepScaleR-Preview 512 64 1E-6 40K 450 16 1.0 4000

ProRL (Liu et al., 2025d) 48.13 33.33 – 60.22 47.98 91.89 – ✓ DeepScaleR 256 64 2E-6 40k - 16 1.2 8k

ADR (Zhang et al., 2025f) 36.5 23.3 81.0 – – – – ✗
OpenMathReasoning,
DeepScaleR-Preview

- - - - - - - 8k/16k

HIVE (Wu et al., 2026) 37.5 – 87.2 53.2 35.1 – – ✗
DAPO, MATH,
OPEN-R1

128 512 1E-6 – 1000 8 1.0 –

DeepSeek-R1-
Distill-Qwen-7B

TreeRL (Hou et al., 2025) 60.8 – 94.4 57.1 – – – ✓
MATH-train,
NuminaMath

480 - 1.5E-6 - - 30 1.2 8K

DA-DLER-R1-7B (Liu et al., 2025e) 53.9 – – 61.16 53.60 94.17 – ✓ DeepScaleR-Preview 512 64 1.0E-6 40K 600 16 1.0 4000

DA-DLER-R1-7B (Liu et al., 2025e) 55.62 – – 60.48 53.88 94.21 – ✓ DeepScaleR-Preview 512 64 1.0E-6 40K 450 16 1.0 4000

ETR (Xiong et al., 2026) 56.7 – 90.6 – – – 87.5 ✓ DeepMath(5-10) 32 16 1E-5 7000 207 5 1.0 16K

Table 2: Performance of Different Entropy-Based Methods on Mathematical Benchmarks – LLaMA Models (All
Metrics)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

LLaMA-3.1-8B
TTRL (Liu et al., 2025a) 10 - 63.7 - - - - ✗ - - - - - - - 0.6 3K

ETMR (Liu et al., 2025a) 16.9 - 59.5 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 32 0.6 3K

LLaMA-3.1-8B-Instruct

AEPO-Dong (Dong et al., 2025a) 26.7 16.7 65.8 - - 80.6 - ✓ - 128 16 - - - 16 0.6 20K

ARPO (Dong et al., 2025b) 23.3 16.7 64.6 - - 80.2 - ✓
Tool-Star,
STILL

128 16 - - - - - 4K

EM_INF (Agarwal et al., 2025) 3.3 - 43.0 16.4 22.8 - - ✓ - - - - - - - 0.1 -

GRPO + D³S (Wang et al., 2025a) 5.3 0.1 - 3.3 22.5 35.9 20.3 ✗ DeepScaleR - - 5E-7 - - 32 0.6 -

UEC-RL (Wang et al., 2026) 9.27 2.08 – – 28.3 56.6 – ✓ DAPO-17K – – – – – 5 1.0 8K

LLaMA-3.2-3B-Instruct
SimKO (Peng et al., 2025) 13.8 1.0 54.6 21.0 18.5 - 35.2 ✓ GSM8K, MATH 1K 256 1E-6 - - 8 1.0 -

HIVE (Wu et al., 2026) 17.5 – 53.8 20.0 20.5 – – ✗
DAPO, MATH,
OPEN-R1

256 512 1E-6 – 1000 8 1.0 –

Table 3: Performance of Different Entropy-Based Methods on Mathematical Benchmarks – Qwen-2.5 Models
(pass@1 & acc)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

Qwen-2.5-1.5B ERPO (Yu et al., 2026) 3.75 2.08 – – 4.22 27.19 – ✗ MATH(3–5) 16 – 5E-6 8441 – 8 1.0 2K

Qwen-2.5-3B

TTRL (Liu et al., 2025a) 7.9 - 72.2 - - - 40.7 ✗

AIME24,
AMC,
MATH-500

- - - - - - 0.6 3K

ETMR (Liu et al., 2025a) 9.2 - 71.7 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - - - -

SCRL (Yan et al., 2026) – 8.4 68.2 – 29.5 – – ✓

AIME25, AMC,
MATH-500,
Minerva, GPQA

8 – 5E-7 – – 16 0.6 3K

ERPO (Yu et al., 2026) 7.08 2.92 – – 8.91 37.50 – ✗ MATH(3–5) 16 – 5E-6 8441 – 8 1.0 2K

Qwen-2.5-7B

SimKO (Peng et al., 2025) 16.3 9.4 76.7 38.7 35.2 - - ✓ MATH 1K 256 1E-6 - - 8 1.0 -

FR3E (Zheng et al., 2025b) 25.2 - 79.0 42.1 39.0 - - ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-6 - - 16 - 16k

ERPO (Yu et al., 2026) 12.92 7.08 – – 13.28 49.53 – ✗ MATH(3–5) 16 – 5E-6 8441 – 8 1.0 2K

Qwen-2.5-7B-Instruct

AEPO-Dong (Dong et al., 2025a) 33.3 33.0 80.4 - - 90.0 - ✓ - 128 16 - 1K - 16 0.6 20K

ARPO (Dong et al., 2025b) 30 30.0 78.8 - - 88.8 - ✓
Tool-Star,
STILL

128 - - - - - - 4K

EM_INF (Agarwal et al., 2025) 11.1 - 73.8 38.2 41.2 - 45.8 ✓ - - - - - - - 0.1 -

TRE-P (Huang et al., 2026) 74.27 – – – – – – ✗ MATH 512 64 1E-6 7500 300 8 1.0 8K

Qwen-2.5-14B
TreeRL (Hou et al., 2025) 20.8 - 81.7 44.6 - - 55.9 ✓

MATH-train,
NuminaMath

480 - 1.5E-6 - - 30 1.2 8K

DCPO (Li et al., 2026d) 20 85.0 84.6 - - - - ✓
MATH-DAPO-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

Qwen-2.5-32B FR3E (Zheng et al., 2025b) 40.2 - 87.4 51.7 45.6 - - ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-6 - - 16 - 16k
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Table 4: Performance of Different Entropy-Based Methods on Mathematical Benchmarks – Qwen-2.5-Math Models
(pass@1 & acc)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

Qwen-2.5-Math-
1.5B

GRPO + D³S (Wang et al., 2025a) 11.2 6.9 - 10.6 23.5 53.7 48.6 ✗ DeepScaleR - - 5E-7 - - 32 1.0 -

GSPO + D³S (Wang et al., 2025a) 11.4 8.2 - 10.5 22.9 54.0 48.4 ✗ DeepScaleR - - 5E-7 - - 32 1.0 -

TTRL (Liu et al., 2025a) 15.8 - 73.0 - – – – ✗

AIME24,
AMC,
MATH-500

- - - - - - 0.6 3K

EDGE-GRPO (Zhang et al., 2025e) 10 - 73.20 37.33 29.04 – – ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-6 2k 1000 - - 1K

EMPO (Zhang et al., 2025b) 13.3 - - 36.6 32.4 73.0 55.0 ✓ - – – – – – – – –

UCAS (Xie et al., 2025) 23.3 - 80.6 42.1 31.6 – – ✓ MATH (3-5) 512 - 1E-6 - - 16 1.0 3K

AEnt (Shen, 2025) 21.7 - 75.0 37.7 33.0 – – ✓ MATH 512 - 2E-6 7.5K - 16 - 3K

HIVE (Wu et al., 2026) 16.7 – 77.9 40.3 31.5 – – ✗
DAPO, MATH,
OPEN-R1

256 512 1E-6 – 1000 8 1.0 –

Qwen-2.5-Math-7B

FR3E (Zheng et al., 2025b) 39.1 - 82.2 46.5 40.8 – 67.5 ✗
DeepScaler,
SimpleRL (3-5)

512 128 1E-6 - - 16 - 16k

DCPO (Li et al., 2026d) 46.7 82.6 82.5 - – – 16.7 ✗
MATH-DAPO-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

Entropy Adv (Cheng et al., 2025) 33.7 17.6 83.1 - - - 69.8 ✗ DAPO-Math-17K 512 32 1E-06 - - 16 1.0 8K

GRPO + D3S (Wang et al., 2025a) 20.3 7.9 - 10.7 25.0 52.2 54.4 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

GSPO + D3S (Wang et al., 2025a) 18.3 8.3 - 11.5 28.4 54.9 53.2 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

AEPO-Wang (Wang et al., 2025b) 50.0 - - 42.4 37.5 82.0 – ✓ DAPO-17K 128 - 10-6 - - - - 2K

SimKO (Peng et al., 2025) 32.8 12.9 77.6 39.8 35.0 – 62.4 ✓ MATH 1K 256 10-6 - - 8 1.0 -

EDGE-GRPO (Zhang et al., 2025e) 16.67 - 79.00 42.67 36.03 – – ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-6 2k 1000 - - 1K

EMPO (Zhang et al., 2025b) 20.0 - - 37.3 40.4 78.0 65.0 ✓ - - - - - - - - -

UCAS (Xie et al., 2025) 43.3 - 85.6 48.0 37.6 – – ✗ MATH (3-5) 512 - 1E-6 - - 16 1.0 3K

SCRL (Yan et al., 2026) – 26.9 85.6 – 41.6 – – ✓

AIME25, AMC,
MATH-500,
Minerva, GPQA

– – 5E-7 – – 16 1.0 3K

HIVE (Wu et al., 2026) 36.7 – 93.0 43.8 34.8 – – ✗
DAPO, MATH,
OPEN-R1

256 512 1E-6 – 1000 8 1.0 –

UEC-RL (Wang et al., 2026) 28.5 10.7 – – 35.7 80.4 – ✓ DAPO-Math-17k – – – – – 5 1.0 8K

Qwen-2.5-Math-7B-
Instruct

EM_INF (Agarwal et al., 2025) 14.4 - 80.2 40.8 42.3 – – ✗ - - - - - - - 0.1 -

Table 5: Performance of Different Entropy-Based Methods on Mathematical Benchmarks – Qwen-3 Models (pass@1
& acc)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

Qwen-3-4B
PEAR (Huang et al., 2025a) 56.66 – 84.00 – – – 87.50 ✓ GSM8K 128 - 1E-6 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) 25.2 22.1 86.7 – – – 70.2 ✗ open-source DeepscaleR 128 32 1E-6 - - - - 8k

ENTRA (Cai et al., 2026) – – 93.20 – – – – ✗ MATH, Weekly12K – – – 2000 200 – 0.6 38K

ETR (Xiong et al., 2026) 73.3 – 91.4 – – – 90.0 ✓ DeepMath-103K 32 16 1E-5 7000 207 5 1.0 16K

Policy Split (Yao et al., 2026b) – – – – – 94.12 – ✗ DeepMath-103K 256 – 3E-6 20K – 8 – 12K

Qwen-3-8B

PEAR (Huang et al., 2025a) 60 – 85.40 – – – 92.50 ✓ GSM8K 128 - 1E-6 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) 31.4 25.1 89.4 – – – 75.6 ✗ open-source DeepscaleR 128 32 1E-6 - - - - 8k

QAE+CLIP-Cov (Wu et al., 2025b) 46.04 37.40 – – – – 90.23 ✓ DAPO-Math-17K 512 32 1E-6 - - 32 0.7 20K

QAE+Clip-Higher (Wu et al., 2025b) 48.23 34.90 – – – – 92.97 ✓ DAPO-Math-17K 512 32 1E-6 - - 32 0.7 20K

QAE+KL-Cov (Wu et al., 2025b) 44.69 33.44 – – – – 87.97 ✓ DAPO-Math-17K 512 32 1E-6 - - 32 0.7 20K

ENTRA (Cai et al., 2026) – – 94.80 – – – – ✗ MATH, Weekly12K – – – 2000 200 – 0.6 38K

ETR (Xiong et al., 2026) 73.3 – 93.6 – – – 92.5 ✓ DeepMath-103K 32 16 1E-5 7000 207 5 1.0 16K

Policy Split (Yao et al., 2026b) – – – – – 94.40 – ✗ DeepMath-103K 256 – 3E-6 20K – 8 – 12K

Table 6: Performance of Various Entropy-Based Methods on Mathematical Benchmarks – DeepSeek-R1-Distill-
Qwen Models (All Metrics)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

DeepSeek-R1-
Distill-Qwen-1.5B

PEAR (Huang et al., 2025a) acc@1: 23.33 - acc@1: 77.20 - - - acc@1: 70.00 ✓ GSM8K 128 - 1E-06 7,473 - 8 0.6 16K

CE-GPPO (Su et al., 2025a) avg@32: 42.0 avg@32: 33.9 avg@4: 91.0 - - - avg@32: 85.9 ✓ KlearReasoner-MathSub-30K - - 1E-06 30k - 8 - 16k

AEnt (Shen, 2025) avg@4: 39.2 - avg@4: 88.2 avg@4: 59.1 avg@4: 35.9 - - ✓ OpenR1-math 256 - 1E-06 40k - 8 - 7K

ASPO-Math-1.5B (Wang et al., 2025c)
avg@64: 49.0
pass@64: 80.0

avg@64: 35.1
pass@64: 70.0

avg@64: 90.5
pass@64: 94.4

avg@64: 58.8
pass@64: 66.9

avg@64: 35.1
pass@64: 50.4

-
avg@64: 87.2
pass@64: 95.0

✓ - - - - - - - - -

Archer-Math-1.5B (Wang et al., 2025d)
avg@64: 48.7
pass@64: 83.3

avg@64: 33.8
pass@64: 70.0

avg@4: 90.8
pass@4: 94.4

avg@4: 59.3
pass@4: 67.1

avg@8: 35.7
pass@8: 51.1

-
avg@64: 86.0
pass@64: 97.5

✓

DeepScaleR,
SkyworkOR1,
DAPO-Math-17K

64 32 1E-06 51,800 520 16 1.0 32K

DA-DLER-R1-1.5B (Liu et al., 2025e) pass@1: 34.37 - - pass@1: 48.70 pass@1: 44.89 pass@1: 86.70 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 600 16 1.0 4000

DLER-R1-1.5B (Liu et al., 2025e) pass@1: 34.38 - - pass@1: 48.31 pass@1: 43.59 pass@1: 86.95 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 450 16 1.0 4000

ProRL (Liu et al., 2025d) pass@1: 48.13 pass@1: 33.33 - pass@1: 60.22 pass@1: 47.98 pass@1: 91.89 - ✓ DeepScaleR Dataset 256 64 2E-06 40k - 16 1.2 8k

ADR (Zhang et al., 2025f) pass@1: 36.5 pass@1: 23.3 pass@1: 81.0 - - - - ✗
OpenMathReasoning
DeepScaleR-Preview

- - - - - - - 8k/16k

ProGRPO (Li et al., 2026b)
pass@1: 46.0
pass@32: 76.7

pass@1: 33.6
pass@32: 60.0

pass@1: 87.0
pass@32: 98.2

pass@1: 62.0
pass@32: 81.8

pass@1: 34.8
pass@32: 58.1

-
pass@1: 86.3
pass@32: 95.0

✗ DAPO-Math-17k 512 32 1× 10−6 - - 8 1 32K

BandPO (Li et al., 2026c)
mean@32: 20.00
pass@32: 51.80

mean@32: 23.85
pass@32: 40.65

- - - -
mean@32: 77.34
pass@32: 94.98

✓ DAPO , MATH(3–5) 256 64 1× 10−6 - 800 - 1 -

HIVE (Wu et al., 2026) acc: 37.5 - acc: 87.2 acc: 53.2 acc: 35.1 - - ✗ DAPO,MATH, OPEN-R1 128 512 1× 10−6 - 1000 8 1 -

DeepSeek-R1-
Distill-Qwen-7B

TreeRL (Hou et al., 2025) acc@1: 60.8 - acc@1: 94.4 acc@1: 57.1 - - - ✓
MATH-train,
NuminaMath

480 - 1.5E-06 - - 30 1.2 8K

CE-GPPO (Su et al., 2025a) avg@32: 66.0 avg@32: 51.4 avg@4: 95.6 - - - avg@32: 93.8 ✓ KlearReasoner-MathSub-30K - - 1E-06 30k - 8 - 16k

DA-DLER-R1-7B (Liu et al., 2025e) pass@1: 53.90 - - pass@1: 61.16 pass@1: 53.60 pass@1: 94.17 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 600 16 1.0 4000

DLER-R1-7B (Liu et al., 2025e) pass@1: 55.62 - - pass@1: 60.48 pass@1: 53.88 pass@1: 94.21 - ✓ DeepScaleR-Preview-Dataset 512 64 1E-06 40K 450 16 1.0 4000

BandPO (Li et al., 2026c)
mean@32: 29.90
pass@32: 49.14

mean@32: 34.58
pass@32: 57.21

- - - -
mean@32: 89.84
pass@32: 95.00

✓ DAPO , MATH(3–5) 256 64 1× 10−6 - 500 - 1 -

ETR (Xiong et al., 2026) pass@1: 56.7 - pass@1: 90.6 - - - pass@1: 87.5 ✓ DeepMath(5-10) 32 16 1× 10−5 7,000 207 5 1 16384

53345



Table 7: Performance of Various Entropy-Based Methods on Mathematical Benchmarks – LLaMA Models (All
Metrics)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

LLaMA-3.1-8B
MENTOR (Qin et al., 2025) avg@32: 1.2 avg@32: 0.6 - pass@1: 8.9 pass@1: 16.2 pass@1: 30.2 - ✓ OpenR1-MATH 128 64 1E-06 220K 120 8 1.0 8k

TTRL (Liu et al., 2025a) pass@1: 10.0 - pass@1: 63.7 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 32 0.6 3K

ETMR (Liu et al., 2025a) pass@1: 16.9 - pass@1: 59.5 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 32 0.6 3K

LLaMA-3.1-8B-Instruct

AEPO-Dong (Dong et al., 2025a) pass@1: 26.7 pass@1: 16.7 pass@1: 65.8 - - pass@1: 80.6 - ✓ - 128 16 - - - 16 0.6 20K

ARPO (Dong et al., 2025b) pass@1: 23.3 pass@1: 16.7 pass@1: 64.6 - - pass@1: 80.2 - ✓
Tool-Star,
STILL, Tool-Star

128 16 - - - 16 - 4K

EM_INF (Agarwal et al., 2025) pass@1: 3.3 - pass@1: 43.0 pass@1: 16.4 pass@1: 22.8 - - ✓ - - - - - - - 0.1 -

GRPO + D3S (Wang et al., 2025a) pass@1: 5.3 pass@1: 0.1 - pass@1: 3.3 pass@1: 22.5 pass@1: 35.9 pass@1: 20.3 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

UEC-RL (Wang et al., 2026) pass@1: 9.27 pass@1: 2.08 - - pass@1: 28.3 pass@1: 56.6 - ✓ DAPO-17K - - - - - 5 1 8192

LLaMA-3.2-3B-Instruct

SimKO (Peng et al., 2025) pass@1: 13.8 pass@1: 1.0 pass@1: 54.6 pass@1: 21.0 pass@1: 18.5 - pass@1: 35.2 ✓ GSM8K, MATH 1K 256 1E-06 - - 8 1.0 -

M2PO (Zheng et al., 2025a) avg@16: 10.4 avg@16: 4.4 avg@4: 52.0 avg@4: 18.1 avg@4: 21.2 - avg@4: 33.8 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

ROSE (Zhao et al., 2026) pass@8: 20.00 pass@8: 6.67 pass@8: 55.00 - - - pass@8: 45.00 ✓ MATH 512 - 1× 10−6 7500 - 8 - -

PRL (Yao et al., 2026a) pass@8: 16.67 - pass@8: 74.00 pass@8: 41.33 pass@8: 36.40 - pass@8: 67.50 ✗ NuminaMath 128 256 1× 10−6 150k - - - 3072

HIVE (Wu et al., 2026) acc: 17.5 - acc: 53.8 acc: 20.0 acc: 20.5 - - ✗ DAPO,MATH, OPEN-R1 256 512 1× 10−6 - 1000 8 1 -

Table 8: Performance of Various Entropy-Based Methods on Mathematical Benchmarks – Qwen-2 Models (All
Metrics)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

Qwen-2.5-3B

TTRL (Liu et al., 2025a) pass@1: 7.9 - pass@1: 72.2 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - 64/32 0.6 3K

MENTOR (Qin et al., 2025) avg@32: 8.3 avg@32: 3.8 - pass@1: 35.2 pass@1: 26.5 pass@1: 69.8 - ✓ MATH (3-5) 128 64 1E-06 - 120 8 1.0 8k

SCRL (Yan et al., 2026) - pass@1: 8.4 pass@1: 68.2 - pass@1: 29.5 - - ✓

AIME25
AMC
MATH-500
Minerva
GPQA

8 - 5× 10−7 - - 16 0.6 3072

ERPO (Yu et al., 2026) acc: 7.08 acc: 2.92 - - acc: 8.91 - acc: 37.50 ✗ MATH(3–5) 16 - 5× 10−6 8,441 - 8 1 2048

DCPO (Li et al., 2026d) avg@1: 3.3 avg@1: 62.5 avg@1: 71.2 - - - avg@1: 10 ✓
DAPO-Math-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

ETMR (Liu et al., 2025a) pass@1: 9.2 - pass@1: 71.7 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - - - -

Qwen-2.5-7B

GRPO+POSITION (Deng et al., 2025) pass@4: 29.75 pass@4: 25.36 pass@4: 90 - - - pass@4: 80 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

GRPO+PPL (Deng et al., 2025) pass@4: 35.48 pass@4: 24.35 pass@4: 92.4 - - - pass@4: 85 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

SimKO (Peng et al., 2025) pass@1: 16.3 pass@1: 9.4 pass@1: 76.7 pass@1: 38.7 pass@1: 35.2 - pass@1: 57.3 ✓ MATH 1K 256 1E-06 - - 8 1.0 -

MENTOR (Qin et al., 2025) avg@32: 18.3 avg@32: 16.5 - pass@1: 45.2 pass@1: 34.9 pass@1: 81.4 - ✓ MATH (3-5) 128 64 1E-06 - 120 8 1.0 8k

Clip-Cov (Cui et al., 2025) avg@32: 22.1 avg@32: 15.8 avg@32: 80.4 avg@32: 44.1 avg@32: 41.1 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

KL-Cov (Cui et al., 2025) avg@32: 22.6 avg@32: 12.9 avg@32: 80.8 avg@32: 42.6 avg@32: 38.2 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

FlowRL (Zhu et al., 2025) avg@16: 15.41 avg@16: 10.83 avg@16: 66.96 avg@16: 34.61 avg@16: 31.41 - - ✓ DAPO-Math-17K 512 - 1E-06 - - 8 - 8K

EM 1-shot (Gao et al., 2025) - - avg@8: 67.4 avg@8: 33.6 avg@8: 22.1 - avg@8: 45.6 ✓ NuminaMath 64 2 2E-05 1.0 10 - 0.5 -

FR3E (Zheng et al., 2025b) acc: 25.2 - acc: 79 acc: 42.1 acc: 39 - acc: 67.5 ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-06 - - 16 - 16k

DCPO (Li et al., 2026d) pass@32:18.8 acc:15.3 - acc:42.20 acc:38.20 acc:79.2 - ✓ DAPO-Math-17k 512 128 1× 10−6 - - 8 1 8192

ProGRPO (Li et al., 2026b)
pass@1: 21.3
pass@32: 53.3

pass@1: 15.9
pass@32: 50.0

pass@1: 80.5
pass@32: 94.2

pass@1: 42.7
pass@32: 67.5

pass@1: 32.0
pass@32: 53.3

-
pass@1: 67.2
pass@32: 92.5

✗ DAPO-Math-17k 512 32 1× 10−6 - - 8 1 8K

ID (Chen et al., 2026) pass32: 17.0 pass32: 9.3 - pass4: 42.6 - - - ✗ DAPO-Math-17k 512 - 1× 10−6 - 400 8 - 8192

DID (Chen et al., 2026) pass32: 16.9 pass32: 12.1 - pass4: 42.4 - - - ✗ DAPO-Math-17k 512 - 1× 10−6 - 400 8 - 8192

OD (Chen et al., 2026) pass32: 16.9 pass32: 11.7 - pass4: 44.0 - - - ✗ DAPO-Math-17k 512 - 1× 10−6 - 400 8 - 8192

ERPO (Yu et al., 2026) acc: 12.92 acc: 7.08 - - acc: 13.28 - acc: 49.53 ✗ MATH(3–5) 16 - 5× 10−6 8,441 - 8 1 2048

AsymGRPO (Gu et al., 2026) Avg@10: 16.00 Avg@10: 11.03 Avg@5: 75.25 Avg@5: 37.73 - - Avg@10: 54.50 ✗ MATH - - 2× 10−6 - - 8 - -

ARTS (Hong et al., 2026) - - BoN@16: 74.6 - - - - ✗ MATH - - - - - 16 0.6 -

Qwen-2.5-7B-Instruct

AEPO-Dong (Dong et al., 2025a) pass@1: 33.3 pass@1: 33 pass@1: 80.4 - - pass@1: 90 - ✓ - 128 16 - 1K - 16 0.6 20K

ARPO (Dong et al., 2025b) pass@1: 30 pass@1: 30 pass@1: 78.8 - - pass@1: 88.8 - ✓ STILL, Tool-Star 128 - - - - 16 - 4K

EM_INF (Agarwal et al., 2025) pass@1: 11.1 - pass@1: 73.8 pass@1: 38.2 pass@1: 41.2 - - ✓ - - - - - - - 0.1 -

EGSPO (Hu et al., 2026) majority@32: 22.0 majority@32: 21.0 - - - - - ✗ - 240 32 5× 10−6 12,500 - 8 1 10,240

TRE-P (Huang et al., 2026) pass@1: 74.27 - - - - - - ✗ MATH 512 64 1× 10−6 7,500 300 8 1 8,192

Qwen-2.5-14B
TreeRL (Hou et al., 2025) acc: 20.8 - acc: 81.7 acc: 44.6 - - - ✓

MATH-train,
NuminaMath

480 - 1.5E-06 - - 30 1.2 8K

DCPO (Li et al., 2026d) avg@1: 20 avg@1: 85 avg@1: 84.6 - - - avg@1: 23.3 ✓
DAPO-Math-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

STEER (Hao et al., 2025) avg@32: 19.3 avg@32: 14.0 avg@1: 81.6 avg@1: 46.3 avg@1: 39.1 - avg@32: 70.3 ✓ DAPO-Math-17k 512 32 1E-06 - 150 8 1.0 3K

Qwen-2.5-32B

DAPO (Yu et al., 2025) avg@32: 50 - - - - - - ✓ DAPO-Math-17K - 512 1E-06 17K - 16 - 20K

M2PO (Zheng et al., 2025a) avg@16: 24.8 avg@16: 19.4 avg@4: 85.7 avg@4: 51.7 avg@4: 41.5 - avg@4: 76.3 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

Clip-Cov (Cui et al., 2025) avg@32: 32.3 avg@32: 22.7 avg@32: 87 avg@32: 57.2 avg@32: 46 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

KL-Cov (Cui et al., 2025) avg@32: 36.8 avg@32: 30.8 avg@32: 84.6 avg@32: 49 avg@32: 46.3 - - ✓ Eurus-2-RL-Math 256 128 5E-07 - - 8 1.0 8K

FlowRL (Zhu et al., 2025) avg@16: 23.95 avg@16: 21.87 avg@16: 80.75 avg@16: 51.83 avg@16: 38.21 - - ✓ DAPO 512 - 1E-06 - - 8 - 8K

FR3E (Zheng et al., 2025b) acc: 40.2 - acc: 87.4 acc: 51.7 acc: 45.6 - acc: 80 ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-06 - - 16 - 16k
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Table 9: Performance of Various Entropy-Based Methods on Mathematical Benchmarks – Qwen-2-Math Models
(All Metrics)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

Qwen-2.5-Math-1.5B

GRPO + D3S (Wang et al., 2025a) pass@1: 11.2 pass@1: 6.9 - pass@1: 10.6 pass@1: 23.5 pass@1: 53.7 pass@1: 48.6 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

GSPO + D3S (Wang et al., 2025a) pass@1: 11.4 pass@1: 8.2 - pass@1: 10.5 pass@1: 22.9 pass@1: 54.0 pass@1: 48.4 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

TTRL (Liu et al., 2025a) pass@1: 15.8 - pass@1: 73.0 - - - - ✗

AIME24,
AMC,
MATH-500

- - 5E-07 - - 64/32 0.6 3K

EDGE-GRPO (Zhang et al., 2025e) pass@1: 10.0 - pass@1: 73.20 pass@1: 37.33 pass@1: 29.04 - - ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-06 2k 1000 - - 1K

ETMR (Liu et al., 2025a) pass@1: 21.0 - pass@1: 76.9 - - - - ✗

AIME24,
AMC,
MATH-500

- - - - - - - -

EMPO (Zhang et al., 2025b) pass@1: 13.3 - - pass@1: 36.6 pass@1: 32.4 pass@1: 73.0 pass@1: 55.0 ✓ - - - - - - - - -

STEER (Hao et al., 2025) avg@32: 17.2 avg@32: 9.7 avg@1: 75.4 avg@1: 36.9 avg@1: 28.0 - avg@32: 61.3 ✓ DAPO-Math-17k 512 32 1E-06 - 150 8 1.0 3K

UCAS (Xie et al., 2025) pass@1: 23.3 - pass@1: 80.6 pass@1: 42.1 pass@1: 31.6 - - ✓ MATH (3-5) 512 - 1E-06 - - 16 1.0 3K

AEnt (Shen, 2025) acc: 21.7 - acc: 75.0 acc: 37.7 acc: 33.0 - - ✓ MATH 512 - 2E-06 7.5K - 16 - 3K

PRL (Yao et al., 2026a) pass@8: 30.00 - pass@8: 89.40 pass@8: 58.07 pass@8: 45.59 - pass@8: 85.00 ✗ NuminaMath 128 256 1× 10−6 150k - - - 3072

HIVE (Wu et al., 2026) acc: 16.7 - acc: 77.9 acc: 40.3 acc: 31.5 - - ✗ DAPO, MATH, OPEN-R1 256 512 1× 10−6 - 1000 8 1 -

AsymGRPO (Gu et al., 2026) Avg@10: 18.67 Avg@10: 13.79 Avg@5: 74.45 Avg@5: 36.38 - - Avg@10: 55.25 ✗ MATH (train) 512 128 2× 10−6 - - 8 - 2560

Qwen-2.5-Math-7B

FR3E (Zheng et al., 2025b) acc: 39.1 - acc: 82.2 acc: 46.5 acc: 40.8 - acc: 67.5 ✓
DeepScaler,
SimpleRL (3-5)

512 128 1E-06 - - 16 - 16k

ACPO (Yin et al., 2025) acc@8: 34.2 acc@8: 16.25 acc@8: 83.4 - - - acc@8: 71.9 ✗ DAPO-17k 192 - 1E-06 - - - 1.0 -

DCPO (Li et al., 2026d) avg@1: 46.7 avg@1: 82.6 avg@1: 82.5 - - - avg@1: 16.7 ✓
Math-DAPO-17k,
MATH (3-5)

512 32 - 25k 400 - 1.0 3K

CANON-Inter (Chen et al., 2025a) avg@10: 32.7 avg@10: 18.7 pass@1: 87.0 pass@1: 51.7 - - - ✓
OpenR1-Math-220k
(45k subset)

- - 1E-06 45k - 16 - 8K

Entropy Adv (Cheng et al., 2025) pass@1: 33.7 pass@1: 17.6 pass@1: 83.1 - - - pass@1: 69.8 ✗ DAPO-Math-17K 512 32 1E-06 - - 16 1.0 8K

GRPO + D3S (Wang et al., 2025a) pass@1: 20.3 pass@1: 7.9 - pass@1: 10.7 pass@1: 25.0 pass@1: 52.2 pass@1: 54.4 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

GSPO + D3S (Wang et al., 2025a) pass@1: 18.3 pass@1: 8.3 - pass@1: 11.5 pass@1: 28.4 pass@1: 54.9 pass@1: 53.2 ✗ DeepScaleR - - 5E-07 - - 32 1.0 -

AEPO-Wang (Wang et al., 2025b) pass@1: 50.0 - - pass@1: 42.4 pass@1: 37.5 pass@1: 82.0 - ✓ DAPO-17K 128 - 1E-06 - - - - 2K

SimKO (Peng et al., 2025) pass@1: 32.8 pass@1: 12.9 pass@1: 77.6 pass@1: 39.8 pass@1: 35.0 - pass@1: 62.4 ✓ MATH 1K 256 1E-06 - - 8 1.0 -

EDGE-GRPO (Zhang et al., 2025e) pass@1: 16.67 - pass@1: 79.00 pass@1: 42.67 pass@1: 36.03 - - ✓
DeepScaleR-Random-1K,
DeepScaleR-Hard-1K

- - 1E-06 2k 1000 - - 1K

EMPO (Zhang et al., 2025b) pass@1: 20.0 - - pass@1: 37.3 pass@1: 40.4 pass@1: 78.0 pass@1: 65.0 ✓ - - - - - - - - -

GRPO+POSITION (Deng et al., 2025) pass@4: 55.33 pass@4: 30.85 pass@4: 93.20 - - - pass@4: 85.00 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

GRPO+PPL (Deng et al., 2025) pass@4: 56.89 pass@4: 33.18 pass@4: 94.40 - - - pass@4: 87.50 ✗ STILL-3 512 32 1E-06 90K - - 1.0 8K

M2PO (Zheng et al., 2025a) avg@16: 33.3 avg@16: 17.5 avg@4: 84.0 avg@4: 47.1 avg@4: 38.1 - avg@4: 63.8 ✓ DeepScaleR 256 512 1E-06 - 1000 8 1.0 16K

CURE (Li et al., 2025b)
avg@32: 35.5
avg@1: 18.5

-
avg@32: 83.4
avg@1: 50.5

avg@1: 48.2 - - avg@32: 89.7 ✓ DAPO-Math-17K 512 32 1E-06 17K 110 - 1.0 2596

STEER (Hao et al., 2025) avg@32: 36.9 avg@32: 16.2 avg@1: 82.4 avg@1: 43.3 avg@1: 41.7 - avg@32: 72.2 ✓ DAPO-Math-17k 512 32 1E-06 - 150 8 1.0 3K

EM 1-shot (Gao et al., 2025) - - avg@8: 78.8 avg@8: 39.7 avg@8: 35.3 - avg@8: 70.3 ✓ NuminaMath 64 2 2E-05 1.0 10 - 0.5 -

UCAS (Xie et al., 2025) pass@1: 43.3 - pass@1: 85.6 pass@1: 48.0 pass@1: 37.6 - - ✓ MATH (3-5) 512 - 1E-06 - - 16 1.0 3K

PRL (Yao et al., 2026a) pass@8: 43.33 - pass@8: 93.60 pass@8: 65.19 pass@8: 52.57 - pass@8: 85.00 ✗ NuminaMath 128 256 1× 10−6 150k - - - 3072

DCPO (Li et al., 2026d) pass@32:35.2 acc:17.8 - acc:43.70 acc:43.40 acc:82.0 - ✓ DAPO-Math-17k 512 128 1× 10−6 - - 8 1 8192

ID (Chen et al., 2026) pass32: 33.1 pass32: 18.1 - pass4: 48.3 - - - ✗ DAPO-Math-17k 512 - 1× 10−6 - 400 8 - 4096

DID (Chen et al., 2026) pass32: 31.5 pass32: 15.2 - pass4: 47.8 - - - ✗ DAPO-Math-17k 512 - 1× 10−6 - 400 8 - 4096

OD (Chen et al., 2026) pass32: 31.1 pass32: 18.3 - pass4: 47.5 - - - ✗ DAPO-Math-17k 512 - 1× 10−6 - 400 8 - 4096

SCRL (Yan et al., 2026) - pass@1: 26.9 pass@1: 85.6 - pass@1: 41.6 - - ✓

AIME25
AMC
MATH-500
Minerva
GPQA

- - 5× 10−7 - - 16 1 3072

HIVE (Wu et al., 2026) acc: 36.7 - acc: 93.0 acc: 43.8 acc: 34.8 - - ✗ DAPO,MATH, OPEN-R1 256 512 1× 10−6 - 1000 8 1 -

EAPO (He et al., 2026)
Avg@32:39.8
Pass@32: 68.9

Avg@32:17.2
Pass@32: 37.6

-
Avg@4:45.1
Pass@4:53.8

Avg@4:43.9
Pass@4:57.3

Avg@4:83.7
Pass@4:88.7

- ✗ DeepScaleR 512 32 1× 10−6 40,315 220 8 1 3072

UEC-RL (Wang et al., 2026) pass@1: 28.5 pass@1: 10.7 - - pass@1: 35.7 pass@1: 80.4 - ✓ DAPO-Math-17k - - - - - 5 1 8192

Table 10: Performance of Various Entropy-Based Methods on Mathematical Benchmarks – Qwen-3 Models (All
Metrics)

Base Model Method AIME24 AIME25 MATH500 Olympiad Minerva MATH AMC23 open-source Train Data Global
Size

Mini
Batch

Learn.
Rate

Data
Col.

Train.
Steps

Rollout
Num.

Samp.
Temp.

Max
Len.

Qwen-3-1.7B
RL-ZVP (Le et al., 2025)

acc@8: 12.50
pass@8: 23.99

acc@8: 6.25
pass@8: 13.23

acc@8: 70.98
pass@8: 87.35

acc@8: 35.11
pass@8: 54.84

acc@8: 29.96
pass@8: 44.76

-
acc@8: 48.75
pass@8: 77.19

✗
MATH,
NuminaMath-CoT

512 32 3E-06 27.5k 672 8 1.0 4K

M2PO (Zheng et al., 2025a) avg@16: 14.0 avg@16: 6.5 avg@4: 71.8 avg@4: 35.6 avg@4: 29.4 - avg@4: 48.1 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 4K

Qwen-3-4B

PEAR (Huang et al., 2025a) acc@1: 56.66 - acc@1: 84.00 - - - acc@1: 87.50 ✓ GSM8K 128 - 1E-06 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) pass@1: 25.2 pass@1: 22.1 pass@1: 86.7 - - - pass@1: 70.2 ✗ DeepscaleR 128 32 1E-06 - - - - 8k

M2PO (Zheng et al., 2025a) avg@16: 26.7 avg@16: 21.0 avg@4: 85.8 avg@4: 52.3 avg@4: 40.5 - avg@4: 64.4 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

ROSE (Zhao et al., 2026) pass@8: 23.33 pass@8: 23.33 pass@8: 80.80 - - - pass@8: 77.50 ✓ MATH 512 - 1× 10−6 7500 - 8 - -

ENTRA (Cai et al., 2026) - - acc: 93.20 - - - - ✗ MATH, Weekly12K - - - 2000 200 - 0.6 38912

DCPO (Li et al., 2026d) pass@32:56.6 acc:42.7 - acc:61.40 acc:48.20 - - ✓ DAPO-17K 512 128 1× 10−6 - - 8 1 8192

AsymGRPO (Gu et al., 2026) Avg@10: 39.33 Avg@10: 28.67 Avg@5: 89.33 Avg@5: 58.48 - - Avg@10: 81.00 ✗ MATH 128 64 2× 10−6 - - 8 - 4096

ETR (Xiong et al., 2026) pass@1: 73.3 - pass@1: 91.4 - - - pass@1: 90.0 ✓ DeepMath-103K 32 16 1× 10−5 7,000 207 5 1 16384

Policy Split (Yao et al., 2026b) - - - - - acc: 94.12 - ✗ DeepMath-103K 256 - 3× 10−6 20K - 8 - 12,288

Entrocraft (Li et al., 2026a) -
mean@32: 15.1
pass@32: 46.7

mean@32: 79.0
pass@32: 93.0

- - -
mean@32: 65.0
pass@32: 95.0

✓ Numina-Math 1024 - 1× 10−6 100K - 8 - 4096

Qwen-3-8B

PEAR (Huang et al., 2025a) acc@1: 60.00 - acc@1: 85.40 - - - acc@1: 92.50 ✓ GSM8K 128 - 1E-06 7,473 - 8 0.6 16K

AER (Zhang et al., 2025d) pass@1: 31.4 pass@1: 25.1 pass@1: 89.4 - - - pass@1: 75.6 ✗ DeepscaleR 128 32 1E-06 - - - - 8k

QAE+CLIP-Cov (Wu et al., 2025b) pass@1: 46.04 pass@1: 37.40 - - - - pass@1: 90.23 ✓ DAPO-Math-17K 512 32 1E-06 - - 32 0.7 20K

QAE+Clip-Higher (Wu et al., 2025b) pass@1: 48.23 pass@1: 34.90 - - - - pass@1: 92.97 ✓ DAPO-Math-17K 512 32 1E-06 - - 32 0.7 20K

QAE+KL-Cov (Wu et al., 2025b) pass@1: 44.69 pass@1: 33.44 - - - - pass@1: 87.97 ✓ DAPO-Math-17K 512 32 1E-06 - - 32 0.7 20K

RL-ZVP (Le et al., 2025)
acc@8: 33.33
pass@8: 54.66

acc@8: 24.58
pass@8: 39.36

acc@8: 89.73
pass@8: 96.13

acc@8: 58.20
pass@8: 72.28

acc@8: 45.96
pass@8: 58.83

-
acc@8: 78.75
pass@8: 94.18

✗
DAPO-Math-17k,
NuminaMath-CoT

512 32 3E-06 37k 1056 16 1.0 8K

M2PO (Zheng et al., 2025a) avg@16: 30.2 avg@16: 23.1 avg@4: 87.2 avg@4: 54.8 avg@4: 42.6 - avg@4: 71.3 ✓ DeepScaleR Math 256 512 1E-06 - 1000 8 1.0 16K

ROSE (Zhao et al., 2026) pass@8: 33.33 pass@8: 30.00 pass@8: 83.00 - - - pass@8: 80.00 ✓ MATH 512 - 1× 10−6 7500 - 8 - -

ENTRA (Cai et al., 2026) - - acc: 94.80 - - - - ✗ MATH, Weekly12K - - - 2000 200 - 0.6 38912

DISPO (Karaman et al., 2026) avg@16: 45.00 avg@16: 31.46 avg@16: 92.34 - avg@16: 44.60 - avg@16: 87.66 ✗

GSM8K
Math
Mathematics

- 32 1× 10−6 - - 16 1 20,480

ETR (Xiong et al., 2026) pass@1: 73.3 - pass@1: 93.6 - - - pass@1: 92.5 ✓ DeepMath-103K 32 16 1× 10−5 7,000 207 5 1 16384

Policy Split (Yao et al., 2026b) - - - - - acc: 94.40 - ✗ DeepMath-103K 256 - 3× 10−6 20K - 8 - 12,288
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