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Abstract

Reinforcement Learning with Verifiable Re-
ward (RLVR) has proven effective for training
reasoning-oriented large language models, but
existing methods largely assume high-resource
settings with abundant training data. In low-
resource scenarios, RLVR is prone to more
severe entropy collapse, which substantially
limits exploration and degrades reasoning per-
formance. To address this issue, we propose
Hybrid-domain Entropy dynamics ALignment
(HEAL), a framework tailored for few-shot
RLVR. HEAL first selectively incorporates
high-value general-domain data to promote
more diverse exploration. Then, we introduce
Entropy Dynamics Alignment (EDA), a re-
ward mechanism that aligns trajectory-level
entropy dynamics between the target and gen-
eral domains, capturing both entropy mag-
nitude and fine-grained variation. Through
this alignment, EDA not only further miti-
gates entropy collapse but also encourages
the policy to acquire more diverse exploration
behaviors from the general domain. Exper-
iments across multiple domains show that
HEAL consistently improves few-shot RLVR
performance. Notably, using only 32 target-
domain samples, HEAL matches or even sur-
passes full-shot RLVR trained with 1K target-
domain samples. Our code is available at
https://github.com/XMUDeepLIT/HEAL.

1 Introduction

Recent breakthroughs in Large Language Models
(LLMs) (Liu et al., 2024a; Yang et al., 2025; Hu
et al., 2025a) have given rise to a new generation of
reasoning-oriented systems, exemplified by models
such as OpenAI o1 (OpenAI, 2024) and DeepSeek-
R1 (DeepSeek-AI et al., 2025), which demonstrate
substantially improved performance on complex
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Figure 1: Average token-level entropy during training
under different settings. Few-shot and Full-shot de-
note RLVR trained with few-shot and sufficient target-
domain data, respectively. Hybrid(Target) and Hy-
brid(General) indicate few-shot RLVR augmented with
randomly sampled general-domain data, evaluated on
target- and general-domain data. Notably, our frame-
work enables few-shot RLVR to achieve entropy mag-
nitude comparable to full-shot training.

reasoning tasks. A key technique in achieving such
success is Reinforcement Learning with Verifiable
Reward (RLVR) (Lambert et al., 2024; DeepSeek-
AI et al., 2025), which utilizes rule-based outcome
rewards to provide a binary feedback on the cor-
rectness of a model’s final answer. This simple
yet effective mechanism not only mitigates reward
hacking (Cui et al., 2025a), but also eliminates the
need to train complex reward models (Schulman
et al., 2017).

Despite its demonstrated effectiveness, existing
RLVR research (Shao et al., 2024; Yu et al., 2025;
Yue et al., 2025b; Liu et al., 2025a) has predomi-
nantly focused on high-resource domains, where
large volumes of high-quality training samples
are readily available. However, this assumption
of abundant and reliable reward signals does not
hold in many real-world domains, such as medical
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reasoning (Zhang et al., 2025a) and other special-
ized knowledge domains (Guha et al., 2023; Zhang
et al., 2025b), where training data for RLVR are
often scarce. In this context, the policy is prone
to rapid overfitting to a few generated trajectories,
which prematurely limits exploration and leads to
more severe entropy collapse compared to high-
resource scenarios (Yue et al., 2025a; Cui et al.,
2025b). As shown in Figure 1, compared to suf-
ficient training data (Full-shot), Few-shot RLVR
exhibits a significantly lower entropy magnitude.
While recent studies (He et al., 2025; Zheng et al.,
2025) have proposed various methods to mitigate
entropy collapse in RLVR, they often overlook
the scarcity of training data, and directly applying
them under such conditions may be sub-optimal.

In this paper, we propose Hybrid-domain
Entropy dynamics ALignment (HEAL), a novel
framework specifically designed to boost explo-
ration diversity for RLVR under low-resource sce-
narios. Our proposed framework is built upon two
key components:

We firstly incorporate readily available general-
domain data. Intuitively, although general-domain
data may not provide domain-specific knowledge,
it offers fundamental reasoning patterns and thus
encourages more diverse exploration. Much like a
human learner applying general skills to a new
domain (Gick and Holyoak, 1980), this hybrid
training prevents the policy from prematurely nar-
rowing its search space, thereby notably mitigat-
ing entropy collapse in the target domain. To fur-
ther avoid incurring excessive training costs from
general-domain data, we adopt a data selection
strategy that retains only a small set of high-value
samples based on their reasoning uncertainty and
exploratory diversity.

Despite the benefits of this hybrid training, we
find that the policy’s entropy in the target domain
remains substantially lower than that of the gen-
eral domain. To bridge this gap, we then intro-
duce a novel reward mechanism, termed Entropy
Dynamics Alignment (EDA). Unlike conventional
approaches that naively increase entropy without
constraints (Wang et al., 2025b; Liu et al., 2025b),
which can limit policy exploitation or even destabi-
lize training, EDA leverages general-domain data
as a reference to guide the policy toward more di-
verse exploration in target domain. Specifically,
EDA constructs trajectory-level entropy dynamics
for both target- and general-domain data, which
captures not only the token-level entropy magni-

tude but also fine-grained variation. By compar-
ing entropy dynamics within and across domains,
EDA rewards trajectories that exhibit stronger inter-
domain similarity, thereby effectively encourag-
ing alignment between target- and general-domain
entropy characteristics (magnitude and variation).
Through this mechanism, the policy not only ele-
vates entropy in the target domain in a controlled
manner but also acquires more diverse exploratory
behaviors guided by the general domain.

To demonstrate the effectiveness of our pro-
posed framework, we conduct extensive ex-
periments across multiple domains, including
Medicine, Physics, Code, and Math. Experiments
on the Qwen3 (Yang et al., 2025) and LLaMA-
3.2 (Dubey et al., 2024) series of models show
that our framework consistently and substantially
improves the performance of few-shot RLVR. Re-
markably, with only 32 target-domain samples,
our approach matches or even surpasses full-shot
RLVR trained with 1K target-domain samples. Fur-
ther analyses indicate that our framework also out-
performs existing entropy regularization methods
in low-resource scenarios.

2 Related Work

Low-Resource RLVR Extensive research has
explored Supervised Fine-Tuning (SFT) (Chen
et al., 2023; Ivison et al., 2025) and Reinforcement
Learning from Human Feedback (RLHF) (Mul-
drew et al., 2024; Liu et al., 2024b; Das et al., 2025)
as primary paradigms for improving the perfor-
mance of LLMs under low-resource settings. De-
spite their success, how to effectively apply RLVR
in such scenarios remains an open problem. To
address this challenge, emergent paradigms lever-
age self-play and autonomous feedback (Huang
et al., 2025; Zhao et al., 2025; Hu et al., 2025b)
to enhance reasoning capabilities without human
annotations. However, due to the lack of reliable
supervision signals, such self-improvement is of-
ten constrained by the model’s internal knowledge
boundaries, thereby limiting out-of-domain gen-
eralization. Recent data-centric studies (Li et al.,
2025) have demonstrated the potential of lever-
aging a very small amount of data to boost the
reasoning ability of LLMs (i.e., few-shot RLVR).
Nevertheless, exploration of this paradigm remains
preliminary, and its associated challenges have yet
to be fully addressed. For instance, Wang et al.
(2025b) reports severe training collapse when ap-
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Figure 2: Overview of our proposed HEAL framework. Left: We incorporate a small set of high-value general-
domain data into few-shot RLVR to promote diverse exploration and mitigate entropy collapse in the target domain.
Right: Entropy Dynamics Alignment reward guides the policy by aligning the trajectory-level entropy dynamics of
few-shot target-domain data with those of the selected general-domain data, thereby further encouraging controlled
increases in entropy and more diverse exploratory behaviors.

plying 1-shot RLVR under certain settings, without
identifying the underlying mechanisms. To bridge
this gap, our work reveals the challenges of entropy
collapse in few-shot RLVR and proposes effective
solutions to mitigate this issue.

Entropy Perspectives in RLVR Recent RLVR
research (Yue et al., 2025a; Dang et al., 2025; Min
et al., 2026) highlights the role of entropy in the
exploration–exploitation trade-off, showing that
higher entropy promotes diverse reasoning trajec-
tories, whereas lower entropy facilitates conver-
gence. However, in RLVR, entropy often exhibits
excessive contraction, causing the policy to lose ex-
ploratory capacity, which is referred to as entropy
collapse (Cui et al., 2025b; He et al., 2025; Liu
et al., 2025b; Wu et al., 2025). To mitigate entropy
collapse during RLVR, existing studies (Sheng
et al., 2024; He et al., 2025; Wang et al., 2025a;
Cheng et al., 2025; Chen et al., 2025b) have ex-
plored a range of regularization-based strategies to
preserve exploratory diversity. Nevertheless, these
works typically do not account for the effect of
data scale. In contrast, we show that entropy col-
lapse becomes substantially more severe under low-
resource scenarios. To address this issue, our pro-
posed HEAL introduces hybrid-domain training
and guides the policy to align fine-grained entropy
characteristics across domains, thereby substan-
tially mitigating entropy collapse and promoting
diverse exploration.

3 Our Proposed Framework

In this section, we present Hybrid-domain Entropy
dynamics ALignment (HEAL), a novel framework
designed to mitigate entropy collapse in RLVR un-
der low-resource scenarios. As illustrated in Fig-
ure 2, HEAL consists of two key components: We
first incorporate carefully selected general-domain
data into the training process. By doing so, we
can effectively introduce more diverse exploratory
behaviors beyond the target domain, preventing
the policy from prematurely collapsing its search
space (§3.1). To further promote exploration in the
target domain, we then introduce Entropy Dynam-
ics Alignment (EDA), which guides the policy to
align the entropy characteristics between the target
and general domains (§3.2).

3.1 Hybrid Training with Selected
General-Domain Data

When encountering a new domain, human learners
often demonstrate remarkable transfer learning ca-
pabilities by leveraging general skills and problem-
solving strategies (Gick and Holyoak, 1980), even
with limited prior knowledge. Building on this
insight, we incorporate readily available general-
domain data (e.g., commonsense reasoning) into
the few-shot RLVR training process. Although
these samples lack domain-specific knowledge,
they provide fundamental reasoning patterns and
thus promote more diverse exploration.
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To validate this intuition, we randomly se-
lected 1K samples from a commonsense-reasoning
dataset (Talmor et al., 2019) and directly combined
them with few-shot target-domain data for RLVR
training. As illustrated in Figure 1, this simple
mixture notably alleviates entropy collapse in the
target domain and leads to notable performance im-
provements compared to training only on few-shot
target-domain data.

However, indiscriminately incorporating exces-
sive general-domain data would be prohibitively
expensive in terms of computational cost. There-
fore, to maximize the efficacy of this hybrid train-
ing, we select only a small set of high-value
general-domain samples based on two comple-
mentary criteria: Reasoning Uncertainty and Ex-
ploratory Diversity.

• Reasoning Uncertainty: Given N generated
trajectories {y1, . . . , yN} for an input ques-
tion x, we first compute the average ac-
curacy of these trajectories as Acc(x) =
1
N

∑N
i=1 I(yi = ygt), where I(·) denotes

the indicator function and ygt is the ground-
truth answer. We then define the reason-
ing uncertainty as Uncertainty(x) = 1 −
2
∣∣Acc(x)− 1

2

∣∣. Samples with high uncer-
tainty are preferred, as they have been shown
to be the most effective for enhancing reason-
ing capabilities (Huang et al., 2025).

• Exploratory Diversity: To select samples that
elicit more diverse exploration, we collect the
top 20% of tokens with the highest entropy
from each generated trajectory and compute
their average entropy as the exploratory di-
versity, denoted as Diversity(x). A higher
exploratory diversity score indicates that the
sample induces more varied exploratory be-
haviors (Wang et al., 2025a).

Finally, we combine the two criteria into a single
scalar score:

c(x) = Uncertainty(x) ·Diversity(x). (1)

We select the top-K general-domain samples with
the highest composite scores to serve as high-
quality training data.

3.2 Entropy Dynamics Alignment

While hybrid training helps reduce entropy col-
lapse in the target domain, we observe that the

policy’s entropy in the target domain remains con-
siderably lower than that in the general domain, as
shown in Figure 1. This gap indicates that merely
mixing general-domain data is insufficient to mit-
igate entropy collapse in the target domain. To
bridge this gap, we propose Entropy Dynamics
Alignment (EDA), a novel reward mechanism de-
signed to guide the policy toward more diverse
exploration in the target domain by aligning its
entropy characteristics with those observed in the
general domain.

Trajectory-Level Entropy Dynamics We first
provide the definition of trajectory-level entropy
dynamics. Formally, given a trajectory yi, we
define its entropy dynamics as the sequence of
token-level entropies over generation steps, τy =
(H1,H2, . . . ,H|yi|), where Ht is the entropy over
the vocabulary distribution at timestep t, condi-
tioned on the input and previously generated to-
kens. This sequence captures not only the token-
level entropy magnitude of a trajectory, but also its
fine-grained variation, thereby providing a richer
representation than direct aggregation (He et al.,
2025; Cheng et al., 2025).

The discrepancy between the entropy dynamics
of two trajectories can be measured using a suitable
similarity function s(·, ·). Specifically, given two
trajectories y1 and y2, the discrepancy between
their entropy dynamics is defined as s(τy1 , τy2).
Since trajectories may vary in length, we first ap-
ply an interpolation-based alignment strategy to
normalize their lengths before computing the simi-
larity. Implementation details are provided in the
Appendix A.2.

Entropy Dynamics Alignment Reward The
core idea of this reward is to align the entropy
characteristics between target-domain and general-
domain data, in terms of both token-level mag-
nitude and fine-grained variation. During hybrid
training, we collect entropy dynamics from both
the target and general domains, denoted as Btgt and
Bgen, respectively. For a target-domain entropy
dynamics τyi ∈ Btgt, we compute two kinds of
similarity measures.

• Intra-Domain Similarity: We define the intra-
domain similarity as the maximum similarity
between τi and other entropy dynamics from
the same domain:

Sintra(τyi) = max
τyj∈Btgt, j ̸=i

s(τyi , τyj ). (2)
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• Inter-Domain Similarity: Similarly, we define
the inter-domain similarity as the maximum
similarity between τi and entropy dynamics
from the general domain:

Sinter(τyi) = max
τyk∈Bgen

s(τyi , τyk). (3)

We then assign a reward to trajectories whose
entropy dynamics exhibit higher inter-domain sim-
ilarity than intra-domain similarity. These trajecto-
ries are considered strong exemplars for promoting
alignment across domains. Based on this, we de-
fine the EDA reward for the trajectory yi as a binary
signal:

rEDA(yi) =

{
1, if Sinter(τyi) > Sintra(τyi),

0, otherwise.
(4)

By doing so, this reward mechanism not only el-
evates entropy in the target domain in a controlled
manner but also promotes fine-grained alignment
of entropy variation, allowing the policy to implic-
itly acquire more diverse exploratory behaviors
from the general domain.

Policy Update Standard RLVR uses a determin-
istic accuracy reward, denoted as rAcc(yi), which
assesses whether the final answer of trajectory yi
matches its ground truth. In our framework, we
combine this accuracy reward with our proposed
EDA reward. Formally, the final reward for trajec-
tory yi is defined as r(yi) = rAcc(yi) + rEDA(yi).
Consequently, the policy optimization objective is
formulated as minimizing the following loss func-
tion:

LRLVR(θ) = −Ex∼D,y∼πθ(·|x) [r(y)] (5)

where θ represents the policy parameters to be op-
timized, D denotes the training dataset containing
prompts x, πθ(·|x) is the likelihood of the gener-
ated trajectory y.

4 Experiments

4.1 Setup
Datasets We evaluate our framework across
three domains: Medicine, Physics, and Code.
These domains have relatively scarce open-source
and high-quality data, particularly in Medicine and
Physics. For the Medicine domain, we utilize Med-
Bullets (Chen et al., 2025a) and MedXpertQA (Zuo
et al., 2025), following the data-splitting pipeline

proposed by Qiu et al. (2025) to construct the train-
ing and test sets. For the Physics domain, we use
WebInstruct (Ma et al., 2025) for training. For
the Code domain, we employ LiveCodeBench (v1–
v4) (Jain et al., 2024) as the training dataset. To
simulate real-world RLVR under low-resource sce-
narios, we randomly sample a small number of
training samples from each domain to construct
few-shot datasets. This setup enables an effective
evaluation of our framework under few-shot set-
tings and facilitates direct comparison with the
high-resource scenarios.

For the general-domain dataset, we adopt Com-
monsenseQA (Talmor et al., 2019) for hybrid train-
ing. CommonsenseQA is a multiple-choice bench-
mark designed to evaluate models’ commonsense
reasoning over everyday scenarios, encompassing
background world knowledge, causal relations, and
social reasoning. Therefore, it exhibits minimal
overlap with the knowledge required in the afore-
mentioned target domains.

Models and Training Details To evaluate the
generalizability of our framework, we perform
RLVR across multiple models with different ar-
chitectures, including Qwen3-1.7B-Base, Qwen3-
4B-Base (Yang et al., 2025), and LLaMA-3.2-
3B-Instruct (Dubey et al., 2024). We adopt
VERL (Sheng et al., 2024) as the RLVR training
pipeline. For all models, we sample 8 trajectories
per input. The rollout temperature is set to 0.7 for
Qwen3 and 0.6 for LLaMA-3.2, following Wang
et al. (2025b). The training batch size and mini-
batch size are both set to 128, with a maximum
input length of 1024 tokens and a maximum tra-
jectory length of 3072 tokens. For the remaining
hyperparameters, we follow the training recipe of
GRPO (Shao et al., 2024). All experiments are
conducted on 8 × A100 (80 GB) GPUs.

Evaluation Benchmarks For the Medicine
domain, evaluation is conducted on the test
splits of MedBullets (Mbul.) and MedXpertQA
(MedXQA). For the Physics domain, we evalu-
ate on the physics subsets of both C-Eval (Huang
et al., 2023) and WebInstruct (WebIns.) (Ma et al.,
2025). For both the Medicine and Physics do-
mains, we adopt the Qwen2.5-Math (Yang et al.,
2024) evaluation pipeline and report the Avg@4
score. For the Code domain, we evaluate on Live-
CodeBench v5 (LCBv5) (Jain et al., 2024) and
HumanEval Plus (HEval+) (Chen et al., 2021), us-
ing the official LiveCodeBench (Jain et al., 2024)
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Data Size Medicine Physics Code
|Dtgt| |Dgen| MBul. MedXQA Avg. C-Eval WebIns. Avg. HEval+ LCBv5 Avg.

Qwen3-1.7B-Base 41.78 31.06 36.42 49.53 5.69 27.61 55.49 5.39 30.44
↪→ Full-shot 1K 0 49.01 40.45 44.73 60.68 11.79 36.24 60.98 17.37 39.18
↪→ Few-shot 32 0 45.07 38.33 41.70 57.27 7.32 32.30 56.71 12.57 34.64
↪→ Only-General 0 10K 42.11 32.73 37.42 55.39 7.72 31.56 58.54 10.18 34.36
↪→ Hybrid 32 384 45.39 38.64 42.02 59.74 8.13 33.94 57.93 13.77 35.85
↪→ HEAL 32 384 49.34 40.00 44.67 62.19 12.20 37.20 62.80 19.76 41.28
Qwen3-4B-Base 43.09 33.93 38.51 53.88 8.94 31.41 66.46 16.77 41.62
↪→ Full-shot 1K 0 68.09 45.30 56.70 74.10 15.04 44.57 78.05 23.95 51.00
↪→ Few-shot 32 0 55.26 43.18 49.22 73.35 11.79 42.57 71.95 22.75 47.35
↪→ Only-General 0 10K 49.67 39.70 44.69 68.62 8.13 38.38 70.12 20.35 45.24
↪→ Hybrid 32 384 55.92 42.73 49.33 76.75 11.38 44.07 74.39 24.55 49.47
↪→ HEAL 32 384 57.24 44.39 50.82 80.15 13.82 46.99 79.88 26.95 53.42
LLaMA3.2-3B-Instruct 40.46 26.82 33.64 33.46 4.88 19.17 48.17 11.38 29.78
↪→ Full-shot 1K 0 84.87 42.88 63.88 36.67 6.91 21.79 51.22 16.17 33.70
↪→ Few-shot 32 0 56.91 31.36 44.14 35.54 6.10 20.82 50.61 12.57 31.59
↪→ Only-General 0 10K 48.68 28.48 38.58 36.11 5.69 20.90 51.22 13.77 32.50
↪→ Hybrid 32 384 58.55 30.15 44.35 35.16 5.28 20.22 51.83 15.57 33.70
↪→ HEAL 32 384 60.53 32.27 46.40 37.05 7.72 22.39 52.44 16.77 34.61

Table 1: Comprehensive results on reasoning benchmarks across three target-domains. |Dtgt| and |Dgen| denote
the sizes of the target- and general-domain training data, respectively. The best results are highlighted in bold, and
the second-best results are underlined.

evaluation pipeline and EvalPlus (Liu et al., 2023).
We report Pass@10 and Pass@1 scores for Live-
CodeBench v5 and HumanEval Plus, respectively.

Baselines To better evaluate the effectiveness of
our framework, we compare HEAL against the
following baselines: (1) Full-shot: trained on suffi-
cient target-domain data sampled from each do-
main’s training set, serving as a high-resource
performance upper bound; (2) Few-shot: trained
only on the few-shot target-domain samples; (3)
Only-General: trained only on large-scale general-
domain samples; (4) Hybrid: naively combines
the target-domain samples with randomly selected
general-domain samples.

4.2 Main Results

Table 1 presents the comprehensive performance of
HEAL compared to various baselines across three
target domains. Based on the overall evaluation
results, we highlight several key conclusions:

HEAL Significantly Improves the Performance
of Few-Shot RLVR Our empirical results
demonstrate that the HEAL framework yields sub-
stantial performance gains over the vanilla Few-
shot baseline across all evaluated models and
benchmarks. For instance, HEAL improves the
average scores of Qwen3-1.7B-Base over the Few-
shot baseline by up to 6.64% in the Code domain.
Notably, our framework consistently outperforms

the Hybrid baseline, demonstrating the effective-
ness of general-domain data selection and EDA.
From the perspective of entropy, HEAL effectively
mitigates entropy collapse in few-shot RLVR, en-
abling the policy to achieve an entropy magnitude
comparable to that of full-shot training, as shown
in Figure 1.

HEAL Enables Few-Shot RLVR to Match or
Even Surpass Full-Shot Performance Remark-
ably, using only 32 target-domain samples, HEAL
matches or even surpasses the performance of mod-
els trained on 1K samples (Full-shot), with this ef-
fect particularly pronounced in the Physics and
Code domains. For example, Qwen3-4B-Base
with HEAL achieves average scores of 46.99%
in Physics and 53.42% in Code, outperforming
its Full-shot counterpart (44.57% and 51.00%, re-
spectively). A similar trend is also evident for
LLaMA3.2-3B-Instruct, which surpasses its Full-
shot performance in both domains. These results
further underscore HEAL’s advancement in low-
resource scenarios, demonstrating its ability to
achieve competitive performance with minimal
target-domain data.

The Role of General-Domain Data The re-
sults of the Only-General baseline reveal that even
leveraging massive general-domain samples often
yields limited performance gains, consistently un-
derperforming the Few-shot baseline (e.g., Avg.

30737



0 50 100 150 200
Training Steps

0.33

0.35

0.38

0.40

0.43

0.45

0.48

0.50
To

ke
n-

Le
ve

l E
nt

ro
py

HEAL
Entropy Loss
80/20 Strategy
Clip-Higher
KL-Cov

Figure 3: Average token-level entropy during train-
ing under different entropy regularization methods and
HEAL. We conduct experiments on the Qwen3-1.7B-
Base model using the same training dataset.

Method Medicine Physics Code
Entropy Loss 42.79 34.43 38.27
80/20 Strategy 42.47 36.36 40.08
Clip-Higher 42.59 34.52 39.18
KL-Cov 44.00 35.58 38.57
HEAL 44.67 37.20 41.28

Table 2: Performance comparison between HEAL and
other entropy regularization methods. We report the
average score for each domain.

44.69% vs. 49.22% in Medicine for Qwen3-4B-
Base). This demonstrates that the introduced
general-domain data does not directly provide
domain-specific knowledge. Instead, it serves
to supply more fundamental reasoning patterns.
These results further highlight that the performance
gains achieved by HEAL arise from its effective
utilization of the diverse exploratory behaviors
present in general-domain data, rather than from
directly injecting domain knowledge to artificially
boost performance.

4.3 Analysis

Comparison with Existing Entropy Regular-
ization Methods Many recent studies have pro-
posed various entropy regularization methods to
mitigate entropy collapse in RLVR. However, these
methods typically do not account for data scarcity.
To rigorously evaluate our framework, we com-
pare HEAL with four representative entropy reg-
ularization baselines: Entropy Loss (He et al.,
2025), 80/20 Strategy (Wang et al., 2025a), Clip-
Higher (Yu et al., 2025), and KL-Cov (Cui et al.,
2025b). Briefly, Entropy Loss directly encourages
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Figure 4: Performance comparison using different sim-
ilarity functions. Experiments are conducted on the
Qwen3-1.7B-Base model.

higher policy entropy through a dedicated loss
term, 80/20 Strategy selects the highest-entropy
tokens for policy updates, Clip-Higher increases
the likelihood of low-probability exploration to-
kens, and KL-Cov applys KL penalty to tokens
with high covariances. Details about these meth-
ods are provided in Appendix A.3.

As shown in Table 2, our framework consis-
tently outperforms all baselines across the three
target domains. This superior performance can be
attributed to HEAL’s more effective mitigation of
policy entropy collapse. As illustrated in Figure 3,
the standard Entropy Loss, which naively increases
entropy without constraints, can even lead to en-
tropy explosion in later stages of training. For the
80/20 Strategy, Clip-Higher, and KL-Cov, their
ability to mitigate entropy collapse is limited in
low-resource scenarios. In contrast, HEAL lever-
ages general-domain data as a reference to guide
the policy, enabling more controlled adjustment
of entropy magnitude while also utilizing learned
fine-grained variation to effectively promote more
diverse exploratory behaviors.

Impact of Different Similarity Measures for En-
tropy Dynamics In addition to the KL diver-
gence used in our final implementation, we also
experiment with two alternative strategies: High-
entropy Tokens Intersection (HTI) and Pearson
Linear (PL) similarity. Briefly, HTI measures the
overlap between high-entropy tokens, while PL
computes the correlation of slopes after linearly
fitting the trajectory-level entropy dynamics. Im-
plementation details are provided in Appendix A.2.
As shown in Figure 4, the KL divergence used in
our framework consistently outperforms the other
two methods, demonstrating its superior ability to
capture fine-grained differences in trajectory-level
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Figure 5: Average accuracy of the Qwen3-1.7B-Base
model across three target domains with respect to dif-
ferent data sizes: (a) varying the target-domain data
size while keeping the general-domain data fixed at 384
samples; (b) varying the general-domain data size while
keeping the target-domain data fixed at 32 samples.

entropy dynamics. This precise measurement en-
ables more effective alignment, allowing the policy
to acquire more diverse exploratory behaviors from
the general domain.

Effect of Training Data Scale Figure 5 illus-
trates the impact of training data scale in both the
target and general domains on the performance of
the Qwen3-1.7B-Base model. In the target-domain
experiment, HEAL surpasses the Hybrid baseline
at every data size and approaches or even exceeds
the Full-shot upper bound with as few as 32 sam-
ples, highlighting its ability to effectively leverage
scarce samples. In the general-domain experiment,
the improvement of HEAL is also substantially
stronger than that of the Hybrid baseline, indicating
that it can more effectively transfer fundamental
reasoning patterns and diverse exploratory behav-
iors from general-domain data to the target domain.

Adaptation to Math Domain Although HEAL
is specifically designed for low-resource domains,
it inherently offers a data-efficient solution under
limited computational resources. Therefore, we
extend our framework to a high-resource domain
(i.e., Math) to assess the efficiency of HEAL. As
shown in Table 3, HEAL still demonstrates con-
sistently strong performance. Notably, compared
with Full-shot training, HEAL matches or even
surpasses its performance while using only 40%
of the training data. For instance, on AMC23 and
Minerva, HEAL exceeds the Full-shot baseline
by 3.49% and 2.57%, respectively. These results
underscore HEAL’s versatility as a data-efficient
RLVR approach for high-resource domains.

AMC23 Math500 Minerva Olym.
Qwen3-1.7B-Base 30.94 55.6 13.24 21.48
↪→ Full-shot 35.31 66.2 19.12 29.48
↪→ Few-shot 34.06 58.4 17.28 23.70
↪→ Only-General 29.38 62.8 16.91 26.07
↪→ Hybrid 32.50 60.2 17.65 24.15
↪→ HEAL 38.80 64.4 21.69 25.78

Table 3: Performance of Qwen3-1.7B-Base across four
Math domain benchmarks. Details of datasets are in
Appendix B, and additional results are in Appendix C.2.

Data Selection EDA Med. Phy. Code
Uncertainty Diversity

× × × 42.02 33.94 35.85
✓ × × 41.49 34.28 36.45
× ✓ × 42.16 34.53 37.04
× × ✓ 43.80 36.44 39.47
✓ ✓ × 43.04 35.34 37.36
✓ ✓ ✓ 44.67 37.20 41.28

Table 4: Ablation study of the Qwen3-1.7B-Base model
across the Medicine (Med.), Physics (Phy.), and Code
domains. Average scores are reported.

4.4 Ablation Study

The ablation study of our framework is summa-
rized in Table 4. We systematically evaluate the
contributions of the proposed general-domain data
selection strategy and Entropy Dynamics Align-
ment (EDA). When none of the components is
applied, the model exhibits limited performance
across all three target domains. Introducing ei-
ther uncertainty-based or diversity-based data se-
lection leads to only marginal improvements, while
combining the two yields more consistent gains,
suggesting that these criteria are complementary
in identifying high-value general-domain samples.
Notably, enabling EDA alone results in a substan-
tial performance boost, underscoring its critical
role in mitigating entropy collapse in few-shot
RLVR. Overall, the results demonstrate that both
high-quality general-domain data selection and
EDA are essential to the effectiveness of HEAL,
and that their combination produces clear synergis-
tic gains under low-resource scenarios.

5 Conclusion

In this work, we proposed HEAL, a novel frame-
work for mitigating entropy collapse in few-shot
RLVR. By integrating selected general-domain
data and introducing Entropy Dynamics Align-
ment, HEAL effectively encourages more diverse
policy behaviors. Extensive experiments across
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multiple domains demonstrate that HEAL consis-
tently improves few-shot RLVR performance, even
matching or surpassing full-shot training with sig-
nificantly fewer samples. These results highlight
HEAL’s effectiveness as a data-efficient approach
for RLVR in low-resource scenarios.

Limitations

Despite our results are promising, several limi-
tations remain. First, due to computational con-
straints, HEAL has not been evaluated on larger
models, leaving its scalability to be validated. Sec-
ond, incorporating general-domain data introduces
some overhead, but it is limited since only a small
amount is used, and we consider it acceptable, as
our framework can match or even surpass perfor-
mance using much more target-domain data.
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A Implementation Details

A.1 Token-Level Entropy Calculation
Token-level entropy quantifies the uncertainty of
the model’s token-generation distribution at a given
decoding step. Formally, at decoding step t, the
entropy is defined as:

Ht = −
|V |∑

j=1

pt,j log pt,j , (6)

where pt = πθ(· | q, o<t) = Softmax( ztT ) is
the probability distribution over the vocabulary V .
Here, πθ is the model parameterized by θ, q is the
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input query, o<t denotes previously generated to-
kens, zt represents the pre-softmax logits, and T is
the temperature. In this work, the term token-level
entropy refers specifically to the entropy of the
entire vocabulary distribution at a given decoding
step, and not to any individual token instance.

Following Cui et al. (2025b), we adopt policy en-
tropy to quantify the predictability or randomness
inherent in the actions selected by an agent. Specif-
ically, given policy model πθ, training dataset D,
we measure the average token-level entropy of the
policy model on training data, which is defined as
follows:

H(πθ,D) = − 1

|D|
∑

x∈D

1

|o|

|o|∑

t=1

Eot∼πθ [log πθ(ot|o<t, q)]

(7)

Such entropy quantifies the uncertainty level of the
policy on current prompts and is widely known
as sequence-level mean entropy. In practice, we
calculate the entropy for each batch of prompts
randomly sampled from the training dataset.

A.2 Details of the Entropy Dynamics
Similarity Functions

Proposed Similarity Measure via KL Diver-
gence To facilitate the comparison of entropy
dynamics with varying lengths, we employ an
interpolation-based alignment method. Specifi-
cally, given two entropy dynamics τi and τj (as-
suming |τi| < |τj |), we apply nearest-neighbor
interpolation to τi to align its length with τj , then
we get the τ ′i with length |τj |. Subsequently, to
prioritize the fluctuation patterns of token entropy
over their absolute magnitudes, we normalize the
entropy dynamics using the Softmax operation:

τ̂i = Softmax(τ ′i), τ̂j = Softmax(τj). (8)

Finally, we define the similarity between the two
entropy dynamics as:

sOurs(τ̂i, τ̂j) = −DKL(τ̂i||τ̂j) = −
|τj |∑

t=1

τ̂i,t log
τ̂i,t
τ̂j,t

, (9)

where DKL(·, ·) denotes the KL divergence. Since
KL divergence is a non-negative measure of differ-
ence where a larger value implies lower similarity,
we negate it to ensure that a higher sOurs indicates
greater similarity.

In addition to the above implementation adopted
in our framework, we explored alternative metrics

to verify that the aforementioned similarity mea-
sure is relatively optimal. Specifically, we experi-
mented with two other methods for comparison, as
described below:

High-entropy Tokens Intersection Similarity
The High-entropy Tokens Intersection (HTI) is spe-
cialized for entropy dynamics through an analysis
of overlap among the key segments that govern
exploratory behavior. After aligning two entropy
dynamics τi and τj to a common length N via in-
terpolation, we identify the top 20% of tokens with
the highest entropy. Let Itop

i and Itop
j be the sets of

indices corresponding to these high-entropy tokens
in trajectories. The similarity is computed as:

sHTI(τi, τj) =
N∑

t=1

min
(
τi,t · It∈Itop

i
, τj,t · It∈Itop

j

)
,

(10)

where I(·) denotes the indicator function. This
approach provides an efficient measure of coarse-
grained alignment in entropy dynamics, primar-
ily highlighting shared high-uncertainty behaviors.
However, it may not capture fine-grained structural
details in the lower-entropy segments.

Pearson Linear Similarity The Pearson Linear
(PL) similarity characterizes the global linear trend
of an entropy dynamic by modeling the relation-
ship between token entropy and its sequential index
using linear regression. For each entropy dynamic
τ , we extract the slope kτ of the fitted line and the
Pearson correlation coefficient δτ . The similarity
between two entropy dynamics τi and τj is defined
by integrating their angular proximity and linear
consistency:

sPL(τi, τj) =
∣∣cos(arctan kτi − arctan kτj ) · δτi · δτj

∣∣ ,
(11)

where cos(arctan kτi − arctan kτj ) quantifies the
angular difference between the two fitted lines,
while the product δτi · δτj accounts for the reliabil-
ity of the linear trends. A significant advantage of
the PL similarity is that it does not require length-
alignment operations, such as interpolation, main-
taining low computational complexity. However,
its reliance on linear approximations may limit its
ability to capture highly non-linear or local fluctu-
ations within the entropy dynamics.

A.3 Details of Entropy Regularization
Baselines

Entropy Loss (He et al., 2025) This method
directly incorporates the principles of maximumm
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entropy RL by augmenting the GRPO objective
with an entropy regularization term. Formally:

LAEC(θ) = − α

|yi|G
G∑

i=1

|yi|∑

t=1

Hi
t, (12)

where α is a hyperparameter controlling the
strength of the entropy regularization, and Hi

t de-
notes the token-level entropy at step t for response
yi, as defined in Equation 6. Then the final loss
function of Entropy baseline is defined as:

LEntropy loss(θ) = LGRPO(θ) + LAEC(θ). (13)

This formulation ensures a lower bound on policy
entropy, thereby preserving exploration capabil-
ity, mitigating entropy collapse, and maintaining
learning plasticity during training.

80/20 Strategy (Wang et al., 2025a) Standard
GRPO treats all tokens uniformly, often allowing
low-entropy tokens to overshadow critical updates.
To address this, 80/20 Strategy employs a mask
Mi,t = I(Hi

t ≥ δγ) to restrict updates to the top γ
(e.g., 20%) high-entropy tokens. The objective is
formulated as:

L80/20(θ) = − 1

NHE

G∑

i=1

|yi|∑

t=1

Mi,t min
(
ρi,tÂi, ρ

clip
i,t Âi

)

+βDKL(πθ||πref),
(14)

where NHE =
∑

i,tMi,t denotes the total num-
ber of high-entropy tokens in the batch, and ρi,t is
the token-level probability ratio. By prioritizing
“forking” tokens that represent pivotal logical tran-
sitions, this method prevents the KL regularization
from being dominated by trivial linguistic patterns,
thereby accelerating convergence and enhancing
reasoning robustness.

Clip-Higher (Yu et al., 2025) As a core compo-
nent of DAPO, it encourages higher entropy by us-
ing an asymmetric clipping range in the PPO objec-
tive. It addresses the observation that standard sym-
metric clipping disproportionately restricts prob-
ability increases for unlikely tokens. Specifically,
the clipping range is decoupled into two parame-
ters: a smaller ϵlow to prevent collapse, and a larger
ϵhigh to allow greater flexibility for “exploration
tokens”. The clipped ratio in GRPO objective is
modified as:

ρ
clip-higher
i = clip(ρi, 1− ϵlow, 1 + ϵhigh). (15)

This strategy mitigates entropy collapse and pro-
motes the generation of more diverse samples by
enhancing the policy’s exploration capabilities.

Method Key Hyperparameter Symbol Value
Entropy Loss Entropy coefficient α 0.001

80/20 Strategy The fraction of
high-entropy tokens Top-γ 20%

Clip-higher
Upper threshold εhigh 0.28
Lower threshold εlow 0.2

KL-Cov
The fraction of
high-covariance Top-k 0.02%

KL penalty coefficient β 1

Table 5: To ensure a solid comparison, we implemented
these entropy-based methods using the default hyperpa-
rameter configurations specified in their original works,
as they are inherently agnostic to dataset scale.

KL-Cov (Cui et al., 2025b) This method coun-
teracts entropy collapse by applying a selective
KL-divergence penalty to tokens exhibiting high
covariance between their log-probabilities and ad-
vantages. Specifically, the strategy selects token
indices IKL corresponding to the top-k covariance
values:

IKL = {t | Rank(Cov(ot)) ≤ k ·NT }, (16)

where k ≪ 1 denotes the proportion of tokens tar-
geted for regularization, and NT is the total number
of tokens. For tokens within this set, a KL penalty
is imposed to regularize the divergence between
the current policy πθ and the rollout policy πθold .
The resulting policy loss is formulated as:

LKL-Cov(θ) =

{
Et[ρtAt], t /∈ IKL

Et[ρtAt − βDKL(πθold∥πθ)], t ∈ IKL

(17)

where the importance sampling ratio ρt, At is the
advantage estimate, and β is a hyperparameter con-
trolling the weight of the KL penalty. By selec-
tively penalizing tokens that exhibit high covari-
ance, KL-Cov constrains the policy update within a
stable trust region, thereby preserving exploration
diversity and preventing premature convergence.

B Details of Training and Evaluation
Datasets

Details of Medicine Datasets MedBullets (Chen
et al., 2025a) comprises high-quality multiple-
choice questions, providing a rigorous founda-
tion for clinical knowledge. MedXpertQA (Zuo
et al., 2025) features expert-level medical queries
sourced from professional exams and clinical cases,
designed to challenge the model’s complex reason-
ing and domain-specific problem-solving skills. To
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Figure 6: Details of separate average token-level entropy curves on Math, Medicine (Med.), Physics (Phy.),
and Code domains. Evaluated on the Qwen3-1.7B-Base model under different datasets settings baselines and
our framework HEAL. Hybrid(Target) and Hybrid(General) indicate few-shot RLVR augmented with randomly
sampled general-domain data, evaluated on target- and general-domain data.

evaluate expert-level clinical reasoning, we inte-
grate MedBullets and MedXpertQA.

Details of Physics Datasets WebInstruct (Ma
et al., 2025) is a large-scale, high-quality
instruction-following dataset curated through ex-
tensive web mining from Common Crawl. And
C-Eval (Huang et al., 2023) is a comprehensive
evaluation suite spanning multiple subjects. We
specifically employ their physics-related subsets to
assess the model’s reasoning capabilities across di-
verse physics problems of varying difficulty levels.

Details of Code Datasets LiveCodeBench (Jain
et al., 2024) collects problems from competi-
tive programming platforms with a focus on
contamination-free evaluation. We utilize data
from versions v1–v4 to construct our training set,
while employing LiveCodeBench v5 as an evalua-
tion benchmark. HumanEval Plus (HEval+) (Liu
et al., 2023) serves as a rigorous expansion of the
original HumanEval dataset (Chen et al., 2021),
featuring augmented test cases. We employ them
to assess coding capabilities.

Details of Math Datasets Following Wang
et al. (2025b), we select 1K examples from Deep-
ScaleR (Luo et al., 2025) as the full-shot dataset
for the math domain. For evaluation, we adopt four
benchmarks: AMC23 (Art of Problem Solving)
comprises 40 challenging problems sourced from
prestigious secondary school mathematics compe-
titions. Math500 (Lightman et al., 2023) provides
a computationally efficient evaluation through a
curated subset of the MATH benchmark’s test par-
tition (Verma et al., 2025). The math portion of
Olympiad (He et al., 2024) contains international
competition problems that demand expert-level log-

ical deduction. Minerva (Lewkowycz et al., 2022)
features undergraduate STEM problems from MIT
OpenCourseWare designed to evaluate complex
multi-step reasoning. We report results using the
Avg@4 metric, except for the smaller AMC23 set,
which adopts Avg@8.

C Additional Experiment Results

C.1 Entropy Details of Main Results

To provide a more granular perspective on the re-
sults presented in Figure 1, we detail the entropy
curves across all four target domains, including
the Math domain, in Figure 6. Our empirical ob-
servations across these diverse domains strongly
support the hypothesis that in vanilla low-resource
RLVR scenarios, models are highly susceptible to
entropy collapse. While standard hybrid training
(Hybrid) mitigates this collapse to some extent, the
results in Figure 6 demonstrate the superior “heal-
ing” capability of our HEAL framework. In all
four domains, HEAL consistently restores entropy
from a collapsed state to levels comparable to the
Full-shot baseline. This consistent effectiveness
underscores the robust generalization capabilities
and stability of the HEAL framework across vary-
ing target domains.

C.2 Additional Results on the Math Domain

To further validate the robustness and architectural
agnosticism of HEAL within the Math domain, we
extended our experiments to encompass various
Qwen3 parameter scales and the LLaMA3 archi-
tecture. As reported in Table 6, the results are
highly consistent with our primary findings: First,
HEAL significantly outperforms the Hybrid base-
line across all evaluated model scales and architec-
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Data Size Math
|Dtgt| |Dgen| AMC23 Math500 Minerva Olympiad Avg.

Qwen3-1.7B-Base 30.94 55.6 13.24 21.48 30.32
↪→ Full-shot 1K 0 35.31 66.2 19.12 29.48 37.53
↪→ Few-shot 32 0 34.06 58.4 17.28 23.70 33.36
↪→ Only-General 0 10K 29.38 62.8 16.91 26.07 33.79
↪→ Hybrid 32 384 32.50 60.2 17.65 24.15 33.63
↪→ HEAL 32 384 38.80 64.4 21.69 25.78 37.67
Qwen3-4B-Base 42.19 66.2 20.22 34.67 40.82
↪→ Full-shot 1K 0 54.37 77.4 33.82 38.81 51.10
↪→ Few-shot 32 0 50.00 73.4 31.98 37.48 48.22
↪→ Only-General 0 10K 47.81 69.2 24.26 34.37 43.91
↪→ Hybrid 32 384 51.88 74.4 32.72 38.20 49.30
↪→ HEAL 32 384 52.81 77.6 35.29 39.11 51.52
Qwen3-8B-Base 45.63 63.00 18.01 33.33 39.99
↪→ Full-shot 1K 0 63.75 78.40 35.66 42.96 55.19
↪→ Few-shot 32 0 58.13 77.20 34.56 41.04 52.73
↪→ Only-General 0 10K 53.10 68.60 23.90 37.63 45.81
↪→ Hybrid 32 384 54.06 73.80 29.04 39.11 49.00
↪→ HEAL 32 384 59.69 78.60 38.60 41.48 54.59
LLaMA3.2-3B-Instruct 25.00 40.8 15.81 13.19 23.70
↪→ Full-shot 1K 0 30.42 49.4 22.06 17.04 29.73
↪→ Few-shot 32 0 26.88 46.0 19.49 17.48 27.46
↪→ Only-General 0 10K 25.31 47.6 16.91 17.33 26.79
↪→ Hybrid 32 384 26.25 46.8 18.01 16.59 26.91
↪→ HEAL 32 384 28.44 49.8 18.75 17.19 28.55

Table 6: Performance comparison on Math benchmarks. Average scores are computed across the four math datasets.
Best results are in bold and the second best are underlined.

Data Size Medicine Physics Code
|Dtgt| |Dgen| MBul. MedXQA Avg. C-Eval WebIns. Avg. HEval+ LCBv5 Avg.

Entropy Loss 32 384 47.70 37.88 42.79 59.92 8.94 34.43 60.98 15.56 38.27
80/20 Strategy 32 384 47.37 37.57 42.47 62.95 9.76 36.36 62.19 17.96 40.08
Clip-Higher 32 384 46.38 38.79 42.59 60.49 8.54 34.52 61.59 16.76 39.18
KL-Cov 32 384 48.68 39.31 44.00 61.81 9.35 35.58 60.98 16.16 38.57
HEAL 32 384 49.34 40.00 44.67 62.19 12.20 37.20 62.80 19.76 41.28

Table 7: More performance comparison between our framework HEAL and other entropy regularization baselines
evaluated on the Qwen3-1.7B-Base model under identical training dataset configurations.
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Figure 7: Details of separate average token-level entropy curves on Math, Medicine (Med.), Physics (Phy.), and
Code domains. Evaluated on the Qwen3-1.7B-Base model under different entropy regularization methods and our
framework HEAL.

tures. Second, HEAL achieves performance that
is competitive with, or even superior to, the Full-
shot upper bound on several benchmarks. Third,
the Only-General baseline often yields results in-

ferior to Few-shot baselines, further highlighting
the unique value of HEAL in successfully aligning
cross-domain exploration diversity.
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Figure 8: Comprehensive results of the Qwen3-1.7B-Base model across four target domains with respect to different
data sizes: (Top) Varying target-domain data size while keeping general-domain data fixed; (Bottom) Varying
general-domain data size while keeping target-domain data fixed.

C.3 More Results of Entropy Regularization
Methods

This subsection provides a detailed analysis of the
performance on individual benchmarks across all
target domains using various methods of entropy
regularization. Results in Table 7 show that the
standard Entropy Loss baseline leads to poor per-
formance on many tasks. As illustrated in Figure 7,
maximizing entropy with a simple scalar-based
regularization often causes an entropy explosion,
an unintended effect where the model produces
disordered and incoherent text due to excessively
high entropy, Furthermore, while other competitive
methods for entropy regularization keep entropy at
moderate levels, their final task performance is still
much lower than HEAL. This observation reveals
an important insight: high performance in RLVR
requires more than just keeping entropy at a certain
level; it depends on the dynamics of entropy over
time. By aligning the entropy dynamic patterns of
the target domain with those of the general-domain,
HEAL ensures the model learns when to explore
and when to focus on specific logical paths.

C.4 Details about Impact of Data Size

Figure 8 details how performance changes as the
amount of data increases across four distinct do-
mains (Math, Code, Medicine, and Physics). Con-
sistent with the analysis in Section 4.3, HEAL ex-
hibits a significantly steeper growth rate than the
Hybrid baseline, whether increasing target domain

(top row) or general-domain (bottom row) data
sizes. Taking the Code and Medicine domains
as prime examples, HEAL effectively unlocks the
potential of the data, rapidly diverging from the Hy-
brid and even surpassing the Full-shot upper-bound
at specific data scales (e.g., when target domain
data size reaches 32).

D Further Analysis

D.1 Exploration Diversity

To investigate the exploration mechanism underly-
ing HEAL, we analyze the model’s Entropy Dy-
namics (EDs) diversity. Mathematically defined in
Section 3.2, each ED vector captures the evolution
of uncertainty throughout the reasoning process.
We hypothesize that the diversity of ED patterns
serves as a proxy for the diversity of reasoning
paths; specifically, a larger distributional distance
between ED sequences indicates that the model
is exploring a more heterogeneous set of genera-
tion strategies rather than collapsing into a single
exploration pattern.

The distance between two EDs is defined as
d = −sOurs, based on the similarity metric in
Equation 9. Figure 9 visualizes the distances be-
tween the EDs of generated samples in a target
domain (e.g Math) throughout training. Compar-
ing the baseline vanilla Few-shot RLVR baseline
(top) with our HEAL framework (bottom), we ob-
serve distinct evolutionary behaviors. Under the
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Figure 9: Visualization of Entropy Dynamics (ED) diversity evolution. The heatmaps display the pairwise distances
between EDs of generated samples in the Math domain across training steps 0–200. (Top): The Few-shot baseline
maintains consistently low inter-sample distances (predominantly dark regions), indicating a high degree of
homogeneity and limited exploration. (Bottom): HEAL exhibits a progressive and widespread increase in distances
(shifting to brighter regions), demonstrating that our framework effectively diversifies entropy trajectories.

Few-shot setting, the distances among EDs remain
consistently low, indicating a high degree of homo-
geneity. The dominance of low-distance regions
suggests that the model converges to a narrow set
of ED patterns, reflecting limited exploration and
a tendency toward diversity collapse. In contrast,
HEAL exhibits a progressive increase in distances
among EDs. This trend indicates that the model
under HEAL effectively diversifies its entropy tra-
jectories, thereby mitigating the tendency to con-
verge to few reasoning patterns. This observa-
tion validates the effectiveness of our EDA reward.
By incorporating soft reward signals derived from
general-domain EDs, HEAL encourages the model
to maintain higher entropy, effectively unlocking
the data’s potential by preventing premature con-
vergence to local optima.

D.2 Evaluating Pass@k Metrics on
LiveCodeBench

To further evaluate the exploratory potential of
HEAL from a discovery perspective, we employ
the Pass@k metric on the LiveCodeBench bench-
mark. As shown in Figure 10, we compared the
performance of Qwen3-1.7B-Base and Qwen3-4B-
Base models under Few-shot, Full-shot, and HEAL
settings, with k varied among 1, 5, 10. A key ob-
servation on the Qwen3-4B-Base model is that
while the Few-shot baseline performs reasonably
at k = 1, it lags significantly behind the Full-
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Figure 10: Pass@k results on LiveCodeBench v5 for
Qwen3 models. The performance of the 1.7B- and
4B-Base models is compared across Few-shot, Full-
shot, and HEAL settings. We investigate the impact of
Pass@k by varying k among 1, 5, and 10.

shot baseline at k = 10. This gap suggests that
Few-shot models often suffer from exploration col-
lapse, where the model over-exploits a few high-
probability paths and fails to explore alternative
correct solutions. In contrast, HEAL achieves su-
perior performance across all values of k. It main-
tains high precision at low k while demonstrating
an exploratory breadth at high k that rivals or ex-
ceeds the Full-shot baseline. This evidence sug-
gests that HEAL successfully demonstrates a supe-
rior balance between exploration and exploitation,
allowing the model to not only identify the most
likely answer but also to maintain the potential to
discover deeper reasoning paths in low-resource
settings.
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