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Abstract

Current critic-free RL methods for large
reasoning models suffer from severe ineffi-
ciency when training on positive homogeneous
prompts (where all rollouts are correct), re-
sulting in waste of rollouts due to zero ad-
vantage estimates. We introduce a radically
simple yet powerful solution to Mine intrinsic
mastery (MINER), that repurposes the policy’s
intrinsic uncertainty as a self-supervised re-
ward signal, with no external supervision, aux-
iliary models, or additional inference cost. Our
method pioneers two key innovations: (1) a
token-level focal credit assignment mechanism
that dynamically amplifies gradients on criti-
cal uncertain tokens while suppressing over-
confident ones, and (2) adaptive advantage cal-
ibration to seamlessly integrate intrinsic and
verifiable rewards. Evaluated across six rea-
soning benchmarks on Qwen3-4B and Qwen3-
8B base models, MINER achieves state-of-the-
art performance among the other four algo-
rithms, yielding up to 4.58 absolute gains in
Pass@1 and 6.66 gains in Pass@K compared
to GRPO. Comparison with other methods tar-
geted at exploration enhancement further dis-
closes the superiority of the two newly pro-
posed innovations. This demonstrates that la-
tent uncertainty exploitation is both necessary
and sufficient for efficient and scalable RL train-
ing of reasoning models. Code is available at
https://github.com/pixas/Miner.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) has become a central recipe for training
large reasoning models (LRMs), enabling substan-
tial reasoning gains from outcome-only supervision
without relying on dense reward models or learned
critics. Critic-free algorithms such as GRPO (Shao
et al., 2024), DAPO (Yu et al., 2025), and REIN-
FORCE++ (Hu et al., 2025) scale favorably by
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(a) The GRPO Data Bottleneck: Wasted All-Correct Rollouts

(b) Our Method: Turning Waste Into Treasure
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Figure 1: (a) Traditional GRPO algorithms produce
a credible number of rollouts that do not contribute
to RL updates, due to indistinguishable top rewards.
(b) MINER introduce intrinsic rewards to each rollout,
injecting beneficial dense reward signals, achieving the
same peak performance with only 50% training steps,
and up to 23% higher performance on Qwen3-4B-Base.

estimating advantages from multiple rollouts per
prompt, making them particularly appealing for
large-scale post-training. Yet, this multi-rollout
paradigm exposes an increasingly dominant ineffi-
ciency as base models strengthen: many prompts
yield rollouts that all receive identical verifier re-
wards. In these cases, GRPO-style relative advan-
tage estimation collapses to (near-)zero, so the cor-
responding trajectories contribute no learning sig-
nal despite incurring full rollout cost (Liu et al.,
2025b; Sun et al., 2025; Zhou et al., 2025). Cru-
cially, in the high-accuracy regime, positive homo-
geneous (PH) prompts, where all sampled rollouts
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are correct, can occupy a large portion of each
batch, rendering a non-trivial fraction of expensive
rollouts computationally wasteful (see Fig. 1(a)).

Existing efforts to mitigate homogeneity typi-
cally follow two paths, both of which introduce
scaling trade-offs. The first seeks to improve data
quality through pre-filtering (Xu et al., 2025; Yu
et al., 2025; Zheng et al., 2025b), but these strate-
gies inherently incur extra inference costs and their
overhead grows as stronger models make more
PH prompts. Another line reuses past trajecto-
ries through rollout buffers (Sun et al., 2025; Jiang
et al., 2025), which introduces off-policy elements
and distribution shifts that can complicate stabil-
ity and large-scale deployment (Xi et al., 2025).
This leaves a vital question unanswered: can we
extract learning signals from PH prompts with es-
sentially zero marginal overhead, while preserving
the integrity of the primary verifier objective?

In this work, we provide an affirmative answer
by re-examining PH prompts through a simple yet
underexploited lens: while PH rollouts are equally
correct according to the verifier, the underlying
“hard” actions are not equally mastered by the pol-
icy. Many correct solutions are generated via frag-
ile, low-confidence reasoning paths that remain
under-optimized if PH prompts are discarded. How-
ever, naively rewarding uncertainty is incompatible
with the RLVR objective, as injecting intrinsic sig-
nals into heterogeneous prompts can blur the cor-
rectness boundary or overwhelm the outcome re-
ward (Fig. 3). To address this, we propose MINER,
a data-efficient framework that selectively targets
PH prompts, transforming intrinsic uncertainty into
a safe, bounded learning signal.

MINER comprises three tightly coupled designs:
(1) Uncertainty-driven intrinsic rewards for PH
only where we define an intrinsic reward via per-
token negative log-likelihood and apply positive
filtering to exclusively reinforce under-confident
but correct trajectories. This prevents the reinforce-
ment of already-mastered modes and focuses op-
timization on the “fragile” reasoning paths. (2)
Token-level focal credit assignment, which is a fo-
cal reweighting mechanism that concentrates gradi-
ents on bottleneck tokens along the reasoning chain,
using token probabilities as a discriminative weight
to avoid uniformly reinforcing trivial tokens. (3)
Adaptive advantage calibration where we dynam-
ically scale intrinsic advantages using a reference
scale extracted from heterogeneous prompts within
the same batch. This ensures a proper signal hier-

archy, prioritizing the optimization of correctness
while integrating intrinsic signals at an appropriate
magnitude. Notably, MINER requires no additional
rollouts, hints, replay buffers, or auxiliary reward
models. By reusing quantities already computed
during the PPO-style optimization process, it adds
negligible overhead while reclaiming the utility of
otherwise wasted rollouts.

We evaluate on two base models (Qwen3-4B-
Base (Qwen, 2025) and Qwen3-8B-Base) across
six diverse reasoning benchmarks. MINER consis-
tently outperforms GRPO variants and other strong
baselines, achieving +4.5 absolute Pass@1 on aver-
age and up to > 10 absolute gains in Pass@K on
challenging benchmarks. Further analyses of ex-
ploration dynamics, calibration stability, and cross-
task transferability confirm that PH-targeted uncer-
tainty exploitation is a general and robust strategy
for enhancing reasoning models. We summarize
our contributions as follows:

1. Uncertainty-Driven Self-Supervised Re-
ward: We introduce the first framework to
transform a policy’s intrinsic uncertainty into
an informative reward signal for homoge-
neous prompts. By eliminating the need for
external hints or auxiliary models, we unlock
training signals for approximately 25% of oth-
erwise wasted rollouts at zero marginal cost.

2. Token-Focal Credit Assignment Mecha-
nism: We propose a fine-grained focal weight-
ing strategy that dynamically amplifies learn-
ing signals on critical, uncertain tokens while
suppressing overconfident ones. This level
of granularity overcomes sequence-level uni-
formity and prevents mode collapse, provid-
ing a precision entirely unexplored in existing
RLVR literature.

3. State-of-the-Art Empirical Efficiency Ex-
tensive experiments demonstrate that MINER

achieves significant gains in both sample effi-
ciency and accuracy over all competitive base-
lines. With zero additional inference overhead,
these results validate that latent uncertainty
exploitation is a sufficient and necessary com-
ponent for scalable RLVR training.

2 Preliminaries

Reinforcement learning with Verifiable Rewards
(RLVR) The RL objective for the policy πθ is to
maximize the cumulative rewards r received from

5224



the verifier. Specifically, Policy Gradient (Williams,
1992) gives the following objective function:

∇Jθ = Eq∼D,o∼πθ(q)

T∑

j=0

∇θ log πθ(oj | o<j)Aj ,

(1)
where D is the training distribution, q is an in-
put prompt, o is an output sequence consisting of
T tokens {o1, o2, . . . , oT }, and Aj is the advan-
tage of the j-th token given the state o<j . Re-
cently, DeepSeek-R1 (Guo et al., 2025) boosted
large language models’ reasoning ability via the
Group Relative Policy Optimization (GRPO; Shao
et al. (2024)) algorithm. Each rollout is labeled by
a verifiable reward r(·) which assigns 1 for correct-
ness and 0 otherwise, and its advantage is estimated
using the group average and standard deviation
values of rewards from a group of G trajectories
O = {oi}Gi=1 generated based on the same q:

Ai =
r(oi)−mean(r(o1), . . . , r(oG))

std(r(o1), . . . , r(oG))
. (2)

GRPO optimizes the policy using the PPO objec-
tive (Schulman et al., 2017):

JGRPO(θ) = Eq∼D,{oi}Gi=1∼πθ(·|q)

[ |oi|∑

j=1

min

(ρi,jAi, clip(ρi,j , 1− ϵ, 1 + ϵ)Ai)

]
−

βDKL(πθ∥πref), (3)

where ρi,j =
πθ(oi,j |oi,<j ,q)
πold(oi,j |oi,<j ,q)

is the importance
sampling ratio, |oi| is the sequence length and
KL divergence (Kullback and Leibler, 1951)
DKL(πθ ∥πref), serves as a regularizer that encour-
ages the policy πθ to remain close to the reference
policy πref in distributional space.

Data Efficiency Under the definition of RLVR,
we simplify the reward function r(·) as a binary
indicator, i.e., its value equals 1 for correct roll-
outs and 0 otherwise. Under this setting, we clas-
sify a prompt q into three categories, i.e., positive
homogeneous (PH), negative homogeneous (NH),
and heterogeneous (HE), based on the correctness
of its G rollouts {oi}Gi=1:

q :=





qph if
∑G

i=1 r(oi) = G

qhe if
∑G

i=1 r(oi) ∈ (0, G)

qnh if
∑G

i=1 r(oi) = 0

(4)

Under this definition, it is observed that rollouts
would receive zero advantage when generated from
PH and NH groups. Given the rapidly evolving rate
of LLMs (Kaplan et al., 2020; Xiao et al., 2025),
the PH groups increasingly dominate the training
batch for future base models, thereby causing sub-
stantial useless rollout costs.

Addressing the Diminishing Advantage Issue
Extensive research has explored how to mitigate
NH prompts by reducing prompt difficulty, e.g.,
appending hints (Liu et al., 2025b), incorporating
in-context demonstrations (Bamba et al., 2025), or
injecting replay buffers (Sun et al., 2025; Jiang
et al., 2025). We view these NH-oriented tech-
niques as largely complementary to our goal and
thus focus on PH prompts in this work. In contrast,
despite the increasing prevalence of PH groups in
training batches as base model capabilities rapidly
improve (Kaplan et al., 2020; Xiao et al., 2025),
strategies for efficiently leveraging positive homo-
geneous responses remain under-explored. Exist-
ing attempts are often suboptimal: DAPO (Yu et al.,
2025) adopts over-sampling and filtering, which
still wastes rollouts; other approaches introduce
denser rewards via implicit process reward mod-
els (Yuan et al., 2025; Fei et al., 2025) or coopera-
tion with strong reward models (Tao et al., 2025),
but they typically require SFT-tuned models or in-
cur substantial computational overhead, limiting
their use in zero-RL and large-scale settings. There-
fore, we aim to transform PH responses into het-
erogeneous ones by leveraging uncertainty-based
intrinsic rewards, without incurring additional roll-
outs or relying on large learned reward models.

3 MINER

We introduce MINER, a data-efficient RLVR frame-
work that recovers training signals from Positive
Homogeneous (PH) prompts, to mine intrinsic mas-
tery. In standard GRPO, PH prompts yield zero
advantage and are often filtered out, despite con-
suming the same rollout budget. Our key hypothe-
sis is that, although PH rollouts are equally correct
under the verifier, they are not equally mastered by
the policy. MINER converts the policy’s intrinsic
uncertainty into a dense mastery signal, enabling
online hard-positive mining to consolidate weak
but correct reasoning modes.

MINER consists of three components (Fig. 2): (i)
Uncertainty-Driven Intrinsic Rewards to select
which correct trajectories remain weakly mastered
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Figure 2: Framework of MINER. We focus on introducing intrinsic rewards to positive homogeneous prompts (PH).
Upper Center: We use sequence-level uncertainty computed via the old policy πold as the intrinsic rewards, to
reinforce correct yet uncertain rollouts, without overfitting to already-mastered sequences; Upper Right: Then, we
leverage token-level focal credit assignment to specifically rewarding critical tokens, again skipping self-confident
tokens; Lower Right: Finally, to balance the learning signals from two groups, we calibrate the advantage score to a
predefined threshold, significantly enhancing data efficiency without disturbing normal learning progress.

(§3.1); (ii) Token-Level Focal Credit Assignment
to localize where the bottleneck steps are within a
trajectory (§3.2); (iii) Adaptive Advantage Cali-
bration to ensure the intrinsic mastery signal never
overrides the extrinsic verification objective (§3.3).

3.1 Uncertainty-Driven Intrinsic Rewards
For a PH prompt qph, all rollouts receive identical
extrinsic reward r(oi) ≡ 1, providing no learning
direction. We therefore define an intrinsic reward
that reflects a lack of mastery. Concretely, we use
the per-token negative log-likelihood (NLL):

rint(oi) = − 1

Ti

Ti∑

j=1

log πold(oi,j | oi,<j , q). (5)

A correct response with a high NLL is treated as
less mastered and thus more valuable to reinforce.
Importantly, we apply this intrinsic signal only to
PH prompts, avoiding interference with heteroge-
neous prompts where the verifier-defined reward
is distinguishable. We then compute a centered
intrinsic advantage using a group-mean baseline:

Aint
i = rint(oi)−

1

G

G∑

k=1

rint(ok). (6)

Unlike GRPO, we omit standard-deviation normal-
ization to preserve absolute uncertainty gaps (mild
vs severe), while relying on calibration (§3.3) to
control the global scale. To avoid decreasing the
probability of already well-mastered trajectories,
we adopt positive filtering:

Âint
i = ReLU(Aint

i ), (7)

which only pulls up under-confident yet correct
modes and circumvents penalizing confident and
correct trajectories.

3.2 Token-Level Focal Credit Assignment
Sequence-level advantage assigns identical credit
to all tokens, whereas uncertainty in reasoning is
often concentrated at a few bottleneck steps. We
thus reweight token credits by a focal factor based
on token probability pi,j = πold(oi,j | oi,<j , q):

wi,j = (1− pi,j)
γ , (8)

where γ ≥ 0 controls focusing (γ=2 suggested
by Lin et al. (2017)). We treat wi,j as a constant
(stop-gradient) to preserve the GRPO update form.
The token-level intrinsic advantage is:

Ãi,j = wi,j · Âint
i , (9)
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Model
AIME2024 AIME2025 AMC23 HMMT25 MATH OlympiadB. Avg.

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

Base Model: Qwen3-4B-Base
Base 9.51 50.00 6.65 60.00 32.91 97.50 0.99 26.67 58.89 91.00 31.81 65.40 23.46 65.10
GRPO 19.79 63.33 20.34 63.33 61.89 97.50 7.86 33.33 83.71 94.00 52.19 72.63 40.97 70.69
DAPO 21.22 53.33 18.70 50.00 64.51 95.00 6.72 30.00 82.11 94.40 51.17 71.26 40.74 65.67
R++ 15.55 56.67 12.68 43.33 58.71 95.00 4.19 36.67 79.90 93.40 46.46 70.40 36.25 65.91
GSPO 16.04 70.00 11.98 46.67 58.09 97.50 4.53 30.00 80.25 93.40 46.21 69.88 36.38 67.91
UCAS 19.09 56.67 15.42 53.33 60.14 100.00 9.19 36.67 82.80 94.00 49.46 70.05 39.35 68.45
MINER 25.86 73.33 22.97 60.00 69.65 97.50 10.81 46.67 86.93 95.80 57.07 76.25 45.55 74.92

Base Model: Qwen3-8B-Base
Base 9.17 53.33 5.91 40.00 39.14 95.00 1.51 23.33 56.31 91.40 34.51 66.09 24.43 61.53
GRPO 23.25 66.67 19.40 50.00 73.85 97.50 8.36 36.67 87.15 95.40 56.20 76.08 44.70 70.39
DAPO 25.26 70.00 18.02 60.00 67.79 97.50 12.32 46.67 87.74 98.20 56.42 76.94 44.59 74.89
R++ 23.67 70.00 20.42 56.67 72.81 97.50 9.27 36.67 87.86 97.00 56.12 77.45 45.03 72.55
GSPO 25.00 70.00 19.68 53.33 70.27 95.00 9.16 46.67 87.56 95.40 56.21 75.90 44.65 72.72
UCAS 22.16 70.00 15.34 53.33 66.00 100.00 8.88 50.00 84.54 94.80 53.36 74.87 41.71 73.83
MINER 27.81 70.00 23.98 66.66 70.41 100.00 12.92 50.00 88.56 97.40 58.75 78.14 47.07 77.03

Table 1: Comprehensive comparison against other critic-free RL algorithms in terms of Pass@1 (P@1) and Pass@K
(P@K) scores. “OlympiadB.” refers to the OlympiadBench. Best performance is highlighted with bold.

which prioritizes bottleneck tokens and avoids
spending gradient budget on trivial connectors.
MINER introduces no additional rollouts and in-
curs negligible overhead, as it reuses token log-
probabilities already computed by Eq. (3).

3.3 Adaptive Advantage Calibration

Intrinsic mastery rewards and extrinsic verification
rewards have different scales. To respect the sig-
nal hierarchy, we cap the intrinsic advantage by a
reference signal extracted from HE prompts in the
same batch. Let Bhe and Bph denote HE and PH
prompts in the batch, respectively. We define

τref =
∑

q∈Bhe, i∈{1..G}

|oq
i |∑

j=1

|Aq
i,j |

τpos =
∑

q∈Bph, i∈{1..G}

|oq
i |∑

j=1

|Ãq
i,j |, (10)

and use a scale factor λmax to guarantee that the in-
tensity of additional advantages τpos never exceed
the configured signal threshold λmax · τref :

Afinal
i,j = Ãi,j ·min

(
1,
λmax · τref
τpos

)
(11)

Finally, we optimize Eq. (3) using Afinal
i,j for PH

prompts and standard GRPO advantages for others.

4 Experiments

4.1 Experiment Setups

Evaluation We adopt MATH500 (Lightman
et al., 2023), AMC23 (AI-MO, 2024), Olympiad-
Bench (He et al., 2024), AIME2024 (Math-
ematical Association of America, 2025a) and
AIME2025 (Mathematical Association of Amer-
ica, 2025b), HMMT25 (Balunović et al., 2025) as
the evaluation testbeds with diverse complexity.
Apart from GRPO, we choose DAPO (Yu et al.,
2025), GSPO (Zheng et al., 2025a) and REIN-
FORCE++ (R++; Hu et al. (2025)) as baselines. To
illustrate exploration superiority, we also include
UCAS (Xie et al., 2025) as a strong baseline. We
set the temperature as 0.7, top_p as 0.95, and use
a maximum token limit of 8192. We conduct 128
rollouts for AIME2024, AIME2025, AMC23 and
HMMT25, and 16 rollouts for OlympiadBench and
MATH500. We adopt Pass@1 and Pass@K (Chen
et al., 2021) as evaluation metrics to measure the
exploitation and exploration abilities.

Training We adopt DeepScaleR (Luo et al.,
2025) as the training set and choose Qwen3-4B-
Base (Qwen, 2025) and Qwen3-8B-Base as the
base policy. We use veRL (Sheng et al., 2025) as
the training framework. We set λmax to 1.5e − 3
for both models by grid search (elucidated in Ap-
pendix D.4). Additional hyperparameters for RL
training are presented in Table 4.
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4.2 Main Results

As illustrated in Table 1, MINER yields a 4.58
point increase in the Pass@1 metric and a con-
sistent 4.23 point improvement in Pass@K on the
Qwen3-4B model. These concurrent gains in both
exploitation and exploration performance validate
the comprehensive effectiveness of our approach.
When applied to the more robust Qwen3-8B back-
bone, MINER continues to effectively leverage PH
problems. Compared to GRPO, the Pass@K im-
provement rises to 6.66, accompanied by a notable
2.37 gain in Pass@1. Notably, MINER outper-
forms the strong DAPO baseline—even though
DAPO benefits from oracle outcome verifier sig-
nals—achieving a +2.48 Pass@1 lead and a 2.14
Pass@K margin. This suggests that the intrinsic
rewards for PH prompts are as informative as stan-
dard outcome rewards, highlighting a new path
for scaling RLVR with diverse data. Furthermore,
while hyperparameters were optimized on the 4B
model, their seamless transfer to the 8B variant un-
derscores MINER’s robustness and data efficiency
when scaling to larger architectures.

4.3 Ablation Study

In this section, we use Qwen3-4B to ablate our
method with three variants: (1) MINER without
intrinsic reward (w/o IR), which uses a fixed ad-
vantage score (0.05) for all positive homogeneous
rollouts; (2) MINER without focal weight (w/o FW),
which uses a uniform weight 1 for tokens through-
out a trajectory; (3) MINER without advantage cal-
ibration (w/o AC), which allows for uncapped ad-
vantage signals. Results in Fig. 4a and Table 5
demonstrate that rewarding positive homogeneous
rollouts with a fixed, undistinguishable advantage
is harmful for stable training, verifying that the im-
provements do come from the beneficial intrinsic
rewards. Moreover, focal weighting is extremely
useful for improving models’ exploration ability
while simultaneously guaranteeing sharpening mas-
tered knowledge, resulting in much higher Pass@K
performance compared to the w/o FW variant. Fi-
nally, without advantage calibration, the training
fails in the middle and suffers from the under-fitting
problem, which implies that a simple grid-search
on λmax is sufficient for MINER to achieve fast
convergence and stable training simultaneously.

AIM
E24H

M
M

T2
5 AIM

E24H
M

M
T2

5

Pass@1 Pass@K

Figure 3: Comparison with other exploration-enhanced
algorithms on normalized Pass@1 and Pass@K scores.

5 Analysis

In this section, we discuss the following research
questions (RQ) of the MINER algorithm:

RQ1: Can MINER mitigate data inefficiency when
altering the model backbone and domain task?

RQ2: What is the relationship between MINER and
entropy-maximization methods?

RQ3: Can MINER benefit from larger token bud-
gets?

RQ4: How does MINER conduct test-time scaling?

RQ5: Can MINER break the RL dilemma to incen-
tivize beyond base capabilities?

RQ6: Can MINER stabilize training to further steps
and larger base models?

Response to RQ1: MINER is domain- and
backbone-agnostic, delivering consistent gains
across diverse tasks and architectures. Given
replication challenges for RL on Llama-family
models in math reasoning (Appendix D.6, (Gandhi
et al., 2025; Liu et al., 2025a)), we evaluate MINER

on medical reasoning, which is a practical do-
main feasible for scalable RL training. We test
on MedQA (Jin et al., 2021), MedMCQA (Pal
et al., 2022), PubMedQA (Jin et al., 2019), MedX-
pertQA (Zuo et al., 2025), and MMLU-Pro medical
subsets (Wang et al., 2024), using an 85K train-
ing corpus sub-sampled from MedQA/MedMCQA
training partitions (strictly held out; Appendix C.7).
With 4 samples per question, statistical variance is
minimized across these large-scale benchmarks. To
verify data efficiency, we compare against medical-
specialized models HuatuoGPT-o1 (Chen et al.,
2025) and MedReason (Wu et al., 2025), which re-
quire complex data processing and GPT-4o distilla-
tion despite sharing the Llama3.1-8B-Instruct back-
bone (Dubey et al., 2024). Table 2 shows MINER
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Model
MedQA MedMCQA PubMedQA MedXpertQA MMLU-Pro Avg

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

Llama3.1-8B-Instruct 60.96 81.85 55.41 77.07 75.55 81.20 11.46 25.92 54.95 76.09 51.67 68.43
+GRPO 70.15 84.45 63.64 76.12 77.20 82.00 16.29 29.35 65.57 77.39 58.57 69.86
+HuatuoGPT-o1* 70.20 - 58.20 - 76.10 - 17.30 - 59.90 - 56.34 -
+MedReason* 68.40 - 57.50 - 77.60 - 16.40 - 63.10 - 56.60 -
+MINER 72.03 86.17 64.59 78.29 78.95 82.40 17.53 32.69 66.82 78.96 59.96 71.70

Table 2: Comparison of MINER with other data-centric methods, which outperforms the two representative medical
models with consistent gains. “*” denotes the results are sourced from the original paper of Wu et al. (2025).
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Figure 4: (a) Ablation study with three innovations (Intrinsic Reward (IR), Focal Weighting (FW) and Advantage
Calibration (AC)) of MINER on the Qwen3-4B base model. (b) Performance dynamics given sufficient inference
budgets. Apart from fluctuation within the error bar, MINER achieves non-negligible and sound improvements. (c)
Parallel test-time scaling comparison with other algorithms, where MINER consistently outperforms other baselines
with over 5 absolute points. Shaded areas denote ±1 standard deviation over 10 runs.

surpasses GRPO and both data-intensive baselines
across all five medical tasks of varying difficulty.
Crucially, training logs (Fig. 11) confirm MINER

achieves stable improvement even with >65% PH
prompts per batch. This demonstrates MINER ’s
dual generalization capability: consistent perfor-
mance gains across model architectures (backbone-
agnostic) and domains (domain-agnostic), particu-
larly valuable in data-scarce fields like medicine.

Response to RQ2: MINER improves the ex-
ploration via a healthier manner. We addi-
tionally compare MINER with other exploration-
enhancement methods that manipulate advantage
signals on heterogeneous prompts, to unveil that
operating on positive homogeneous prompts results
in healthier improvement on exploration. We build
on Qwen3-4B and compare with BAPO (Xi et al.,
2025), KL-Cov and Clip-Cov (Cui et al., 2025),
which enhance exploration by softening the upper
clipping bound, as well as Entropy-Adv (Cheng
et al., 2025), which explicitly rewards high-entropy
tokens by shaping the advantage estimation with
the actor entropy value. We do not compare with

entropy regularization, which will result in un-
bounded entropy collapse for inappropriate setups
of the hyperparameter α (Cui et al., 2025). We
use the suggested hyperparameters released at their
official codebase (details in Appendix C.6). We
show the normalized performance in Fig. 3 and full
results in Table 16, where these methods could not
generalize as perfectly as in their original paper
on both metrics. With only one hyperparameter
and stable control of shaped advantage estimations,
MINER surpasses them by a large margin.

Response to RQ3: Yes. MINER improves with a
larger inference budget. To validate whether the
intrinsic rewards on positive homogeneous groups
would both improve the model’s performance un-
der a less-constrained token limit (Snell et al., 2025;
Muennighoff et al., 2025), we evaluate by extend-
ing the inference budget to the maximum context
limit of 32K. We choose Qwen3-4B as the base
backbone and test on four challenging datasets
(AIME24, AIME25, AMC23, and HMMT25), as
they pose high demands for testing budget (Guo
et al., 2025). We plot the comparison in Fig. 4b.

5229



20 21 22 23 24 25 26 27 28 29

K
0.0

0.2

0.4

0.6

0.8

1.0
Pa

ss
@

K
AIME 24

Base
Ours

20 21 22 23 24 25 26 27 28 29

K

AIME 25

20 21 22 23 24 25 26 27 28 29

K

HMMT 25

20 21 22 23 24 25 26 27

K

MATH500

26 27

0.96

0.98
K=128

20 21 22 23 24 25 26 27 28 29

K
0.0

0.2

0.4

0.6

0.8

1.0

Pa
ss

@
K

20 21 22 23 24 25 26 27 28 29

K
20 21 22 23 24 25 26 27 28 29

K
20 21 22 23 24 25 26 27

K

26 27

0.96

0.98

K=128

Q
w

en
3-

4B
Q

w
en

3-
8B

Figure 5: Pass@K scaling of MINER and Base model on Qwen3-4B (Upper) and Qwen3-8B (Lower) models, where
MINER still demonstrates improvements for a sufficiently large K.

We observe that the performance of other methods
fluctuates within the margin of error, demonstrating
that they fail to achieve consistent gains from in-
creased test-time compute budgets. In contrast, our
method exhibits a stable and statistically significant
improvement (+1.9 pass@1), indicating that our al-
gorithm not only enhances data efficiency during
training but also substantially boosts the model’s
scaling potentials during deployment.

Response to RQ4: MINER could consistently
improve with more parallel test-time compute.
To illustrate the test-time scaling (Zhang et al.,
2025) potential of MINER against other baselines,
we adopt self-consistency (SC; Wang et al. (2023))
as the evaluation method under multiple parallel
samples. We do not compare sequential scaling
as it is empirically verified to be highly inefficient
compared to the parallel scaling paradigm (Ghosal
et al., 2025). Fig. 4c demonstrates the substan-
tial scaling potentials of MINER compared to other
algorithms with 10 repetitions. Most methods suf-
fer from performance staleness, while MINER im-
proves consistently given more samples, surpassing
other baselines by 7.38 points. Detailed figures are
presented at Table [12,13,14,15].

Response to RQ5: When sampling up to 512 tra-
jectories, the answer is ‘yes’. Yue et al. (2025)
reveals that previous RLVR algorithms, e.g., GRPO
or DAPO, primarily sharpen the policy distribution
but often sacrifice the potential for discovering opti-

mal solutions when given an ample number of trials.
In addressing this research question, we rigorously
investigate whether MINER can effectively mitigate
the mode collapse issue under a sampling regime
of 512 trajectories, a threshold considered suffi-
ciently large to comprehensively unveil the model’s
underlying reasoning capabilities and behavioral
patterns. To ensure a thorough evaluation, we test
the models on highly challenging benchmarks such
as AIME24, AIME25, and HMMT25; additionally,
we include the comparatively accessible MATH500
dataset with K = 128 to provide a balanced as-
sessment across difficulty levels. As illustrated
in Fig. 5, MINER consistently exceeds the base
model’s performance even at large K values, with
results derived from both Qwen3-4B and Qwen3-
8B architectures. Notably, our approach exhibits
a consistent and robust growth trajectory on de-
manding benchmarks like AIME25 and HMMT25,
with no signs of performance plateauing or sat-
uration, thereby indicating sustained exploratory
capacity. In essence, MINER substantially allevi-
ates the mode collapse inherent in standard GRPO,
achieving an optimal equilibrium between explo-
ration and exploitation that enhances overall solu-
tion diversity and reliability.

Response to RQ6: Yes, MINER is consistently
stable. To validate the stability of MINER, we
first scale it to Qwen3-14B-Base with the same
λmax value and compare it with GRPO. Experi-
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Table 3: Scaling of MINER to a larger Qwen3-14B-base model, with consistent improvement against GRPO.

Model
AIME2024 AIME2025 AMC23 HMMT25 MATH OlympiadB Avg

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

Qwen3-14B-Base 9.77 53.33 5.55 43.33 37.85 97.50 1.95 26.67 53.22 91.20 34.37 68.16 23.79 63.37
+GRPO 23.15 70.00 20.65 60.00 72.48 97.50 9.32 40.00 87.90 95.80 55.49 76.59 44.83 73.32
+MINER 32.71 73.33 24.90 66.67 73.69 100.00 13.85 53.33 88.90 98.00 59.56 79.69 48.94 78.50
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Figure 6: KL, Entropy and AIME24 scores when extending RL training to another 1 epoch on Qwen3-4B and
Qwen3-8B backbones.

ment results in Table 3 demonstrate that MINER is
still superior to GRPO, where the improvements
on Pass@1 and Pass@K remain consistent at 4.11
and 5.18, respectively. This again validates the
generality of our method and no requirements for
dedicated hyperparameter tuning. Besides capacity
scaling, we also extend the training process to an-
other training epoch. We record stability metrics,
including KL and entropy, and pass@1 score on the
selected dev set, AIME24 and plot the dynamics
in Fig. 6. Results reveal that although in the ini-
tial epoch the training dynamics fluctuate, both KL
and entropy remain stable and the AIME24 score
is consistently increasing, which cross-verifies the
generalization of MINER and its adaptability in
prolonged RL training.

6 Conclusion

We present MINER, a novel reinforcement learn-
ing framework that transforms previously wasted
positive homogeneous (PH) rollouts into valuable
learning signals through uncertainty-driven intrin-
sic rewards. By introducing sequence-level uncer-
tainty rewards with positive filtering, token-level
focal credit assignment, and adaptive advantage cal-
ibration, our method effectively converts gradient-
desert PH groups into catalysts for knowledge con-
solidation. Extensive experiments demonstrate that
MINER boosts both pass@1 and pass@K, without

additional computation or excessive use of hyperpa-
rameters. By turning “solved” prompts into robust-
ness incubators, MINER paves the way for efficient
RL training where every rollout counts.

Limitations

This work focuses on unlocking the learning signal
from positive homogeneous (PH) prompts, and we
validate MINER across three model scales (Qwen3-
4B, Qwen3-8B and Qwen3-14B) and a diverse suite
of reasoning benchmarks. We did not further scale
training to substantially larger backbones (e.g.,
32B) due to computational constraints. Neverthe-
less, MINER introduces negligible additional over-
head and only a single new hyperparameter, λmax;
importantly, the same setting transfers smoothly
from 4B to 8B in our experiments, suggesting
that scaling primarily requires additional compute
rather than methodological changes.

Ethical Considerations

Reinforcement learning from verifiable rewards
has become a major part of bootstrapping large lan-
guage models’ intelligence in the data-scarce world.
While effective, a large proportion of rollout data
is useless for training, which brings severe training
inefficiency. Our work aims to offer a practical
solution to resolve the data inefficiency problem
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via a robust and computationally friendly manner,
fostering innovation and collaboration to accelerate
advancements that ultimately benefit society.
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A Reproduction List

In this section, we present a brief reproduction list
to implement our method:

1. Computational Cards: We use 4xA100
GPUs to train the Qwen3-4B-Base and
Llama3.1-8B-Instruct for 4 days. We use
4xA100 GPUs to train the OctoThinker-8B-
Hybrid-Base for 7 days. We use 8xA100
GPUs to train the Qwen3-8B-Base for 3 days.

2. Code: We attach the implementation code in
the supplementary materials.

3. Data: All the dataset is officially available
through their released links.

B Related Work

This appendix complements the preliminary discus-
sion in §2 by positioning our study in the broader
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Table 4: Hyperparameters for MINER training.

Hyperparameter Qwen3-4B/8B-Base Llama3.1-8B-Instruct

max response length 8192 8192
batch szie 128 128
rollout batch size 128 128
learning rate 2.0e-06 1.0e-06
total training epochs 1 1
rollout number 16 16
PPO clip range ϵ 0.2 0.2
KL coefficient β 0.001 0.001

landscape of (i) data-efficient policy optimization
under sparse/binary outcome rewards, (ii) prior at-
tempts to resolve the diminishing-advantage phe-
nomenon induced by homogeneous rollout groups,
and (iii) intrinsic-reward designs based on model
uncertainty.

Critic-Free Policy Optimization and Group-
Based Advantages Policy-gradient meth-
ods (Williams, 1992) constitute the foundation of
RL-based fine-tuning, while PPO (Schulman et al.,
2017) stabilizes updates via clipped importance
ratios and KL regularization (Kullback and Leibler,
1951). GRPO (Shao et al., 2024) adapts PPO-style
updates to a group sampling scheme by estimating
advantages from the relative reward statistics
within a set of rollouts generated from the same
prompt. This design eliminates a learned value
critic and is thus memory-friendly for large-scale
LLM training. However, when all rollouts in a
group share the same verifiable reward (all-correct
or all-wrong), group-relative normalization yields
vanishing advantages, directly linking optimization
progress to the diversity of outcome rewards.

Data Efficiency in RLVR and Rollout Waste A
central challenge in RLVR is data efficiency: each
prompt requires sampling multiple rollouts to con-
struct a useful advantage baseline, and sparse out-
come rewards can cause many rollouts to contribute
negligible learning signals. As LLM capabilities
improve (Kaplan et al., 2020; Xiao et al., 2025),
an increasing fraction of prompts becomes triv-
ially solvable, making positive homogeneous (PH)
groups more frequent and amplifying useless roll-
out costs. DAPO (Yu et al., 2025) targets this ineffi-
ciency through over-sampling prompts and filtering
zero-advantage groups, which can increase the ef-
fective gradient density but still spends compute on
rollouts that are later discarded. Our work instead

aims to make the sampled rollouts themselves more
informative under PH groups, thereby improving
utilization without adding extra rollouts.

Mitigating Negative Homogeneous Prompts
(NH) A rich literature has explored how to reduce
prompt difficulty or reshape the training signal for
negative homogeneous (NH) groups, where all sam-
pled rollouts are incorrect. Representative strate-
gies include appending hints to prompts (Liu et al.,
2025b), adding in-context demonstrations (Bamba
et al., 2025), and using replay buffers or replay-
style mechanisms (Sun et al., 2025; Jiang et al.,
2025). These approaches can convert homoge-
neous failures into heterogeneous outcomes by
making at least some rollouts correct, yielding non-
zero advantages. We view NH-oriented techniques
as largely complementary to our focus: our method
targets the increasingly dominant PH regime and
can in principle be combined with NH mitigation
when needed.

Leveraging Positive Homogeneous Prompts
(PH) In contrast to NH, dedicated treatments for
PH groups remain comparatively under-explored,
despite their increasing prevalence in modern
RLVR pipelines. Existing approaches typically fall
into two categories. (1) Sampling-based heuris-
tics. DAPO (Yu et al., 2025) filters out zero-
advantage groups after over-sampling, improving
effective batch quality at the expense of wasted
rollouts. (2) Denser supervision via learned re-
ward signals. Implicit process reward models
(PRMs) (Yuan et al., 2025; Fei et al., 2025) at-
tempt to provide step-wise or token-level guid-
ance beyond the binary outcome reward, but often
rely on an SFT-tuned model or additional train-
ing/maintenance costs, which can inhibit adoption
in strict zero-RL or large-scale settings. Hybrid
frameworks that cooperate with strong reward mod-
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els (Tao et al., 2025) can further enhance feedback
richness, but likewise introduce extra compute and
system complexity. Our work targets PH groups
while avoiding additional rollouts and dependence
on large learned reward models.

Uncertainty Signals in RLVR Several recent
RLVR studies incorporate model uncertainty as a
lightweight intrinsic signal to enrich learning un-
der sparse (often binary) verifiable rewards: (i)
uncertainty-aware advantage shaping methods (Xie
et al., 2025) modulate GRPO-style updates us-
ing confidence/uncertainty at the response and
token levels to improve exploration and credit
assignment; (ii) intrinsic confidence-driven vari-
ants (Wang et al., 2025a) turn relative confidence
among multiple rollouts into a group-relative pref-
erence/advantage signal to augment the outcome
reward signal; and (iii) calibration-oriented RLVR
extensions (Damani et al., 2025; Stangel et al.,
2025) augment correctness with proper scoring-
rule–based rewards so the model learns to output
calibrated confidence alongside answers. However,
the first two paradigms overlook the advantage
shaping of PH trajectories and fail to utilize them,
while calibrated methods destroy the objective
of the maximization of correctness, and achieve
bad performance compared with pure RLVR base-
lines. Our algorithm, which calibrates only on PH
prompts, operates in a basically orthogonal direc-
tion with these methods, and would result in a fur-
ther superior RLVR method when complementing
these algorithms.

C Experimental Details

C.1 Descriptions of Math Testbeds

We present the detailed description of the mathe-
matical evaluation datasets as follows:

1. AIME2024, AIME2025 (Mathematical Associ-
ation of America, 2025a,b): These two datasets
contain High school Olympiad-level assessment
from American Invitational Mathematics Exam-
ination in 2024 and 2025. Each dataset contains
30 challenging problems covering Algebra/Ge-
ometry/Number theory.

2. AMC23 (AI-MO, 2024): This dataset is sourced
from American Mathematics Competitions sys-
tem in 2023, which contains 40 problems with
hybrid question types.

3. OlympiadBench (He et al., 2024): This dataset
contains comprehensive math Olympiad prob-
lems from various nations. We only select the
English version related to Math and keep the
problems that require an answer with a number,
leaving 581 problems for evaluation in total.

4. MATH500 (Lightman et al., 2023): This dataset
is an advanced mathematics evaluation set cu-
rated by OpenAI containing 500 problems with
formal mathematical notations.

5. HMMT25 (Balunović et al., 2025): The orig-
inal questions were sourced from the HMMT
February 2025 competition. 30 questions were
extracted, converted to LaTeX and verified.

C.2 Descriptions of Medical Testbeds
We present the detailed description of the medical
evaluation datasets as follows:

1. MedQA (Jin et al., 2021) is a widely used bench-
mark for evaluating AI systems in medical ques-
tion answering, featuring multiple-choice ques-
tions from professional medical licensing exams
such as the USMLE and exams from China and
Taiwan. We adopt its 5-options English version,
taking the 1,273 test problems as the evaluation
benchmark.

2. PubmedQA (Jin et al., 2019) is a specialized
benchmark for biomedical question answer-
ing, consisting of question-answer pairs derived
from PubMed abstracts. It focuses on yes/no/-
maybe questions that require reasoning over
biomedical literature. We use the human-labeled
question test set, with 500 problems for evalu-
ation. Note that we include relevant contexts
before questions, challenging models’ reason-
ing capability among contexts.

3. MedMCQA (Pal et al., 2022) is a large-scale
benchmark for medical question answering, fea-
turing over 194,000 multiple-choice questions
sourced from Indian medical entrance exams
and other educational resources. It spans a wide
range of medical topics, including anatomy,
pharmacology, and pathology, and is designed
to evaluate the reasoning and knowledge appli-
cation skills of AI systems in a clinical context.
The test set contains 4,183 problems.

4. MMLU-Pro (Wang et al., 2024) is a chal-
lenging multi-task benchmark containing over

5236



Model
AIME2024 AIME2025 AMC23 HMMT25 MATH OlympiadB. Avg.

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

GRPO 19.79 63.33 20.34 63.33 61.89 97.50 7.86 33.33 83.71 94.00 52.19 72.63 40.97 70.69
MINER 25.86 73.33 22.97 60.00 69.65 97.50 10.81 46.67 86.93 95.80 57.07 76.25 45.55 74.92

w/o IR† 15.49 53.33 12.19 33.33 57.36 90.00 2.71 20.00 79.64 91.80 46.59 68.50 35.66 59.49
w/o FW 24.43 66.67 21.09 66.67 68.81 95.00 10.39 36.67 85.93 95.20 55.26 76.76 44.32 72.83
w/o AC† 20.23 66.67 19.48 53.33 60.55 97.50 7.89 33.33 82.95 96.00 50.87 73.67 40.33 70.08

Table 5: Ablation study on MINER. We compare (1) without intrinsic reward (w/o IR); (2) without focal weight (w/o
FW); and (3) without advantage calibration (w/o AC) to unveil that each design of MINER are beneficial for
simultaneously enhanced Pass@1 and Pass@K scores. The experiments marked with a † failed to complete training;
we used the checkpoint saved before the crash for testing.

12,000 multiple-choice questions across 14 di-
verse domains, including subjects in STEM
(e.g., math, physics, chemistry), social sciences,
law, and humanities. We only maintain health
and biology subsets for testing medical reason-
ing abilities, which includes 1535 problems.

5. MedXpertQA (Zuo et al., 2025) is an expert-
level medical benchmark comprising 4,460
questions spanning 17 medical specialties and
11 body systems. It includes two subsets: a
text-only version for evaluating textual medi-
cal reasoning and a multimodal version (MM)
with images, aimed at assessing advanced clini-
cal knowledge comparable to medical licensing
exams. We only test models on the text-only
subset, which contains 2450 problems.

C.3 Evaluation Prompts

For the mathematical reasoning tasks, we use
prompts defined in Fig. 7 to start reasoning. For the
medical reasoning tasks, We prompt the LRM with
“Please reason step by step and output the
final answer as ‘The answer is’ ” and extract
the contents after ‘The answer is’ to exact-match
the ground truth answer.

C.4 Computation of Metrics

Pass@K The pass@K (Chen et al., 2021) scores
are computed as below:

pass@K = 1−
(
n−c
K

)
(
n
K

) (12)

where n is the number of samples and c is the
number of correct samples. WhenK is set to 1, this
metric is reduced to the average accuracy among
the n samples.

C.5 Details of Ablation Study

In this section, we in depth introduce the imple-
mentation of three variants of MINER presented
in §4.3. For w/o IR, we reward all the responses
from homogeneous groups with a fixed advantage
score (0.05). This value is taken by referring to
Zhu et al. (2025), which rewards positive rollouts
with a value less than 0.1. For w/o FW, the weight
wi,j for a token oi,j from a rollout oi is set to 1
for any token. For w/o AC, the Afinal

i,j equals to the
original Ãi,j without calibration.

C.6 Details of Experiments of RQ2

These experiments involve many other baselines
to enhance the model exploration. The following
baselines are fetched directly from their officially
released codebase. For BAPO, it controls the clip
range in an asymmetric manner, which allows the
clip_high argument to be adjusted within the range
[1.5, 3.0] in a step of 0.1, and the clip_low argu-
ment to be adjusted within [0.5, 0.95] in a step of
0.05. The termination rule for adjustment is that
the ratio of positive tokens accounts for 50% of the
training batch. For KL-Cov, tokens with the top
0.2% covariance would be augmented with a KL
loss by regulating the distribution between the old
policy and the current policy. For Clip-Cov, the
original clip range [0.8, 1.2] is modified to [0, 2].
Meanwhile, 0.02% tokens whose covariance score
is located within [1.0, 5.0] would be sampled ran-
domly from the training batch and clipped from the
current training step. For Entropy-Adv, the addi-
tional entropy bonus, defined as ψ(Hi,j) = α ·Hi,j

(α = 0.4) is set to be no greater than half of the
absolute value of the original advantage score. The
shaped advantage function is defined as Ashaped

i,j =
Ai,j + ψ(Hi,j).
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Training and evaluation prompt

A conversation between User and Assistant. The user asks a question, and the
Assistant solves it. The assistant first thinks about the reasoning process
in the mind and then provides the user with the answer. The assistant thinks
deeply and output the final answer within \\boxed{}.
User: {prompt}
Assistant:

Figure 7: Training and evaluation prompt

C.7 Details of Experiments of RQ5

The training data is constructed as follows. As the
original training set of MedMCQA contains 182K
data, which includes many low-quality questions.
Therefore, we use a simple filtering rule, which we
prompt Llama3.1-8B-Instruct (Dubey et al., 2024)
to conduct greedy decoding on the whole dataset,
and filter questions that are judged to be correct.
We do not conduct a similar filtering process on the
MedQA training set, as its data is more challeng-
ing than that of MedMCQA. Finally, the number
of training set from MedMCQA reaches 73K; the
combination of the MedQA training set includes
85K high-quality training data.

D Additional Experiments

D.1 Pass@K Scaling

We compare MINER with the base model and
GRPO variants, on the representative exploration
metric, i.e., Pass@K, to unveil the improved ex-
ploration potentials. Specifically, we select k =
[1, 2, 4, 8, 16, 32, 64, 128], and show the detailed
improvements on the four challenging benchmarks
(AIME24, AIME25, AMC23, and HMMT25) in
Table-[8,9,10,11] with 10 runs. The visualized re-
sult is shown in Fig. 8a. We observe that MINER

consistently outperforms other methods in most
of the challenging benchmarks under various sam-
pling candidates, especially on the extremely chal-
lenging HMMT25 set, which reflects the superb po-
tential of MINER for breaking the capability bound-
ary.

D.2 Performance Across Diverse Difficulties

In this section, we examine whether MINER im-
proves the model comprehensively across diverse
difficulty levels. We compute pass@1 and pass@K
scores on the MATH500 and AIME2024 datasets,
which provide self-contained difficulty gradients

across six levels. As shown in Fig. 8b, MINER

maintains the same mastery as GRPO on easy prob-
lems, again verifying that MINER does not sacrifice
exploitation for exploration. And the performance
leap enlarges with the increase of problem com-
plexity, showing MINER enhances LRM’s perfor-
mance in a promising manner for breaking more
knowledge boundaries.

D.3 Computational Overhead

In this section, we compare MINER with GRPO
in terms of the timing cost of the auxiliary advan-
tage computation. We derive the ratio of time for
computing advantages against that for completing
a training step during a whole training epoch. Re-
sults in Fig. 8c demonstrate that the additional ad-
vantage incurs less than 0.05% more timing cost
than the normal GRPO baseline. This consolidates
our claim that MINER adds near-zero computation
while being sufficiently effective across models and
tasks.

D.4 Sensitivity Analysis

In this section, we study the sensitivity of the only
hyperparameter λmax using by MINER. We use
grid-search using three different λmax values: [1e-
3, 1.5e-3, 2e-3] on Qwen3-4B-Base model using
the same training configurations used in §4.1. The
results in Table 6 demonstrate that 1e − 3 is sta-
ble but results in a slow convergent rate, while
the auxiliary learning signal given λmax = 2e− 3
pathologically impacts the major optimization ob-
jective. In contrast, the value 1.5e−3 is modest and
suitable for both a stable training procedure and
fast convergence, presenting significant improve-
ments on Pass@1 and Pass@K with only ∼300 RL
updates. Meanwhile, this hyperparameter is extend-
able to a larger model, Qwen3-8B-Base and even
Llama with a different backbone and intelligence,
demonstrating that our method is not sensitive.
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Figure 8: (a) Pass@K scaling comparison of MINER against other GRPO variants; (b) Maintain performance on
easy queries and breaking boundaries on challenging problems when evaluating MINER on six difficulty levels
sourced from MATH500 and AIME2024; (c) Negligible extra computational overhead compared to GRPO.

λmax

AIME2024 AIME2025 AMC23 HMMT25 MATH OlympiadB. Avg.

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

0 (GRPO) 19.79 63.33 20.34 63.33 61.89 97.50 7.86 33.33 83.71 94.00 52.19 72.63 40.96 70.69
1e− 3 21.74 63.33 19.22 56.67 65.98 95.00 9.74 33.33 84.89 94.80 53.03 73.32 42.43 69.41
1.5e− 3 25.86 73.33 22.97 60.00 69.65 97.50 10.81 46.67 86.93 95.80 57.07 76.25 45.55 74.92
2e− 3 20.21 66.67 19.19 60.00 61.88 97.50 10.13 43.33 83.80 96.60 52.02 75.04 41.20 73.19

Table 6: Hyperparameter sensitivity analysis on λmax. 1e− 3 renders slow convergence given limited data, while
2d− 3 would interfere but not benefit the objective of maximizing correctness.

D.5 Training Logs
We present the training logs of mathematical rea-
soning, by taking Qwen3-4B-Base and Qwen3-8B-
Base in Fig. 9 and Fig. 10, respectively. For the
medical reasoning, we present training logs with
Llama3.1-8B-Instruct as the backbone in Fig. 11.
Here, “master ratio” is the ratio of PH prompts
within a batch.

D.6 Trial of RL on Math with Llama
It is difficult to apply MINER to Llama, for the
following two reasons: (i) Due to lack of neces-
sary pre-training data, Llama models fail to in-
centivize reasoning abilities as Qwen; (ii) Even
if Llama models are injected required corpus via
mid-training (Mo et al., 2025), its reasoning abil-
ity is much lower than models using the Qwen
backbone, resulting in a much lower portion of
PH prompts among the batch. The extreme case
where the portion of PH prompts decreases to 0
degrades MINER to normal GRPO. These two rea-
sons lead to not as significant improvement gains
as applying MINER to Qwen architectures when op-
timizing math reasoning. To illustrate, we choose
OctoThinker-8B-Hybrid-Base (Wang et al., 2025b),

which undergoes a fine-grained mid-training pro-
cedure to enable incentivization of necessary rea-
soning capabilities like Qwen. Results in Table 7
demonstrate that MINER still outperforms the other
algorithms, but with a relatively small margin as ex-
pected. However, MINER still makes +2.18 gains
on Pass@1 and +1.75 gains on Pass@K compared
to GRPO, and even outperform the DAPO base-
line, with 1.64 absolute gains in Pass@1 and 6.09
pass@K gains in Pass@K, whose rollouts receive
non-zero advantages. Given that MINER’s strong
performance in such a disadvantageous scenario, it
is sufficiently generalizable to other modern mod-
els with even higher intelligence.

D.7 Training Stability

Due to severe computational resource constraints,
all methods including our approach and the other
baselines were trained for a fixed duration of 314
steps (equivalent to one full epoch of data collec-
tion). We acknowledge that this may raise concerns
about whether the algorithms have fully converged.
However, three key observations support the robust-
ness of our conclusions:

First, the training dynamics of our method ex-
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Figure 9: Training rewards, master ratio (PH ratio) and AIME24 dev set score of GRPO and our method trained
with Qwen3-4B-Base on the mathematical reasoning task.
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Figure 10: Training rewards, master ratio (PH ratio) and AIME24 dev set score of GRPO and our method trained
with Qwen3-8B-Base on the mathematical reasoning task.

0 200 400 600
Steps

0.5

0.6

0.7

0.8

0.9

Re
wa

rd
s

Rewards

0 200 400 600
Steps

0.0

0.2

0.4

0.6

M
as

te
r R

at
io

Master Ratio

0 200 400 600
Steps

0.64

0.66

0.68

0.70

0.72

0.74

M
ed

QA
 S

co
re

MedQA Score
GRPO (Raw) GRPO (Smoothed) Ours (Raw) Ours (Smoothed)

Figure 11: Training rewards, master ratio (PH ratio) and MedQA dev set score of GRPO and our method trained
with Llama3.1-8B-Instruct on the medical reasoning task.
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Model
AIME2024 AIME2025 AMC23 HMMT25 MATH OlympiadB. Avg.

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

Base Model: OctoThinker-8B-Hybrid-Base (Llama Arch.)

Base 0.96 26.67 0.49 23.33 18.95 92.50 0.18 13.33 32.63 82.00 18.18 51.29 11.90 48.19
GRPO 11.95 43.33 12.01 50.00 47.70 92.50 4.64 40.00 76.06 93.00 42.96 67.47 32.55 64.38
DAPO 12.03 46.67 10.05 43.33 52.05 92.50 4.90 20.00 75.93 91.80 43.58 65.92 33.09 60.04
R++ 12.53 36.67 9.32 46.67 48.42 92.50 3.49 26.67 75.98 93.40 41.91 67.64 31.94 60.59
GSPO 8.36 43.33 7.50 36.67 41.43 85.00 3.91 23.33 66.51 87.40 33.87 58.52 26.93 55.71
MINER 14.11 50.00 13.28 50.00 52.73 97.50 5.26 36.67 77.16 93.40 45.80 69.19 34.73 66.13

Table 7: Comprehensive comparison against other critic-free RL algorithms in terms of Pass@1 (P@1) and Pass@K
(P@K) scores. “OlympiadB.” refers to the OlympiadBench. Best performance is highlighted with bold.
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Figure 12: The KL loss, gradient norm and entroy dynamics of applying MINER and GRPO algorithms built on
Qwen3-4B. After undergoing a long range of exploration, with steadily increasing policy entropy values, our method
quickly transforms the exploration to exploitation signals, accompanied by a rapid fall back of entropy signals and a
surge in performances of downstream benchmarks (see Fig. 9).

hibit exceptional stability. As shown in Fig. [12,13],
the KL divergence remained consistently low, and
the gradient norm stayed within an even narrower
range, indicating no signs of divergence or oscilla-
tion. This stability implies that extending training
would likely preserve our method’s performance
gains rather than erode them.

Second, the late-stage performance surge (ob-
served in the final 30 steps) is not an artifact of
under-training but reflects our method’s deliber-
ate exploration-exploitation trade-off. Specifically,
the algorithm prioritizes extensive exploration of
the policy space in early stages (evidenced by
steady entropy enhancement), enabling it to dis-
cover high-reward regions that GRPO overlooks.
Once a promising mode is identified (around step
280), rapid policy refinement occurs, causing the
sharp performance lift. This behavior, common
in entropy-regularized RL algorithms, is a feature
of MINER; it ensures thorough exploration before
committing to exploitation. This behavior helps
to achieve a great trade-off between pass@1 and

pass@K, avoiding mode collapse which is a known
drawback of GRPO.

Consequently, while longer training was infeasi-
ble for all baselines under our constraints, the com-
bination of stable convergence indicators and the
intrinsic exploration dynamics suggests our method
would maintain its lead if trained to full conver-
gence. We will extend the training to guarantee a
sound conclusion in the later stage.

E Clarification of MINER on Trivial
Prompts

In this section, we clarify that MINER naturally
skips truly trivial problems (e.g., 1+1) while se-
lectively reinforcing fragile-correct PH prompts
where correctness is unstable—a distinction criti-
cal to data efficiency.

1. Automatic filtering of trivial problems. By
omitting std-normalization in Eq. 6 (unlike
GRPO Eq. 2), MINER preserves absolute
uncertainty scales. For trivial prompts like
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Figure 13: The KL loss, gradient norm and entroy dynamics of applying MINER and GRPO algorithms built on
Qwen3-8B. After undergoing a long range of exploration, with steadily increasing policy entropy values, our method
quickly transforms the exploration to exploitation signals, accompanied by a rapid fall back of entropy signals and a
surge in performances of downstream benchmarks (see Fig. 10).

1+1, all rollouts exhibit near-identical low
NLL, which implies that Aint

i ≈ 0 af-
ter mean-centering and the rectified value
ReLU(Aint

i ) ≈ 0. Token-level focal weight-
ing (Eq. 8) further suppresses gradients on
deterministic tokens. Thus, MINER automati-
cally allocates zero gradient budget to already-
mastered prompts, requiring no manual filter-
ing.

2. Value of “fragile-correct” PH prompts.
100% accuracy within 16 trials is unequal to
true mastery. As shown in Fig. 8b, MINER

gains 0 improvements on Level 1–3 (truly
mastered) but +5.2% on Level 4–6 (fragile-
correct) compared to GRPO, confirming it tar-
gets unstable correctness instead of already
mastery. Crucially, training curves (Fig. 9-
10) reveal a late-stage surge (>+5 Pass@1 in
the final 30 steps), evidencing that consolidat-
ing fragile paths yields delayed but high-value
signals instead of trivial memorization.

3. Generalization beyond training domain.
MINER’s gains transfer to medical reasoning
(Table 2) and scale with test-time compute
(Fig. 4c, 5), demonstrating that PH consoli-
dation enhances robust reasoning capability
rather than overfitting. In Fig. 11, the pol-
icy answers 60% of the problems with all 16
rollouts. This is similar to a scenario where
input problems are easy enough for the policy.
However, from Table 2, MINER consistently
improves over GRPO by 1.39 pass@1 and
1.84 pass@K on average, which demonstrates

that with the proposed three key components
of Miner, it can learn only useful information
from PH prompts and boost the final perfor-
mance in terms of exploration and exploita-
tion even trained on a large amount of easy
problems.

4. Connection with prior work. MINER ex-
tracts additional signals from the policy’s in-
trinsic uncertainty apart from the outcome ver-
ifier, without external synthesis or auxiliary
models. Such intrinsic learning signals impart
valuable learning signals and the policy could
learn from positive homogeneous problems,
i.e., problems whose all rollouts are incorrect.

F License

License We plan to release our training and evalu-
ation code under the MIT License (or Apache-2.0).
Model checkpoints will be distributed for research
use only and will comply with the license terms of
the underlying base model.

Intended use and compatibility with upstream
terms. We use existing artifacts (e.g., base mod-
els, datasets, and toolchains) in a manner consis-
tent with their stated intended use and license/terms
when specified. In particular, we only use resources
available for research and comply with any restric-
tions on redistribution and derivative works. We
will release our code under the [MIT/Apache-2.0]
license. We will release our model checkpoints for
research use only, and their use and redistribution
are subject to the licenses/terms of the underlying
base model(s) and dataset(s). We do not authorize
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Figure 14: Advantage distribution of MINER. The problem is sourced from the MATH500 dataset. The darker the
token, the more advantage credit is assigned. The maximum token advantage equals to the sequence advantage
value.
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uses that would violate upstream access conditions
(e.g., non-research use when restricted) and we
do not claim additional rights over third-party re-
sources.

G Data Cleaning

We use only publicly available open-source
datasets. These datasets consist of task/problem
content and are not intended to contain person-
ally identifying information. We additionally per-
formed sanity checks via automated pattern match-
ing (e.g., emails/phone numbers/URLs) and spot-
checking, and did not observe PII. We do not redis-
tribute any third-party data and only release code/-
model under the upstream licenses/terms; any ex-
amples shown are sanitized.

H Case Study

In this section, we present the advantage dis-
tribution of MINER trained on Qwen3-8B-Base.
We randomly choose one problem sourced from
MATH500 to illustrate the advantage score, as it
contains numerous PH prompts. The case shown
in Fig. 14 demonstrates that most deterministic to-
kens are not rewarded, which prevents overfitting
to already-mastered actions. Noticeably, MINER

enhances the frequency of rewarding reasoning-
required actions, including “Checking” for verifi-
cation, “So” for implication, “Let” for solution pro-
gression, and “Combining” for conditions gather-
ing. This case reflects meaningful learning signals
for utilizing PH prompts via our method, signifi-
cantly enhancing the data efficiency for RLVR.
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Model 1 2 4 8 16 32 64 128

Base 8.00± 9.19 12.67± 8.92 17.67± 9.25 22.33± 10.57 28.33± 10.22 36.67± 12.92 37.67± 12.15 45.00± 8.22
GRPO 22.00± 10.02 24.67± 9.72 28.33± 12.88 31.00± 9.97 38.00± 13.88 43.33± 15.22 51.67± 10.90 57.00± 7.55
DAPO 22.33± 12.35 24.33± 6.19 29.67± 8.79 36.33± 10.57 40.00± 9.22 45.33± 9.65 50.33± 3.53 52.33± 1.53
REINFORCE++ 15.00± 7.53 19.33± 9.49 24.33± 9.30 27.33± 10.39 31.67± 13.18 39.33± 13.06 46.00± 12.04 51.00± 9.16
GSPO 15.67± 9.25 20.00± 6.67 25.00± 10.63 27.67± 13.69 32.67± 13.63 40.00± 15.87 51.33± 18.48 61.33± 13.49
MINER 25.67± 14.08 30.33± 11.39 36.67± 13.86 43.33± 17.08 45.67± 8.19 54.67± 10.02 61.00± 9.18 67.00± 5.97

Table 8: Pass@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the AIME2024
benchmark with Qwen3-4B-Base as the base model.

Model 1 2 4 8 16 32 64 128

Base 7.33± 8.02 10.67± 11.65 15.33± 11.52 20.33± 9.97 26.67± 7.58 30.33± 10.35 37.00± 14.59 44.00± 14.71
GRPO 19.33± 11.49 25.67± 11.00 32.67± 10.97 35.67± 12.86 43.33± 14.16 49.00± 9.92 56.33± 9.02 59.33± 5.49
DAPO 19.33± 9.19 24.00± 7.35 28.00± 11.86 31.33± 10.60 36.33± 10.35 43.00± 6.35 44.33± 5.69 48.00± 4.00
R++ 13.33± 11.58 16.00± 8.39 19.00± 7.02 24.00± 8.16 31.33± 9.72 31.00± 9.53 37.00± 6.13 39.33± 4.16
GSPO 12.67± 8.16 17.33± 13.58 20.00± 10.69 26.33± 8.43 28.33± 11.46 35.00± 8.72 39.67± 8.13 44.67± 2.97
MINER 23.00± 9.97 26.00± 12.60 30.67± 13.63 37.00± 13.39 42.00± 13.79 47.00± 8.49 51.67± 7.67 55.33± 6.83

Table 9: Pass@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the AIME2025
benchmark.

Model 1 2 4 8 16 32 64 128

Base 32.75± 28.90 46.00± 28.26 58.25± 27.01 71.75± 19.97 81.75± 14.51 87.50± 7.86 91.25± 3.97 95.00± 4.62
GRPO 62.75± 20.46 72.25± 16.61 79.75± 14.44 87.25± 11.54 90.75± 5.27 94.75± 3.25 96.25± 1.97 96.50± 1.22
DAPO 63.50± 15.09 71.25± 14.99 78.75± 10.99 84.00± 9.08 88.00± 6.62 90.50± 3.29 93.50± 2.22 94.00± 1.90
R++ 57.50± 20.98 69.75± 19.34 79.00± 13.12 82.75± 9.77 88.50± 6.40 91.75± 3.97 92.00± 2.40 93.50± 2.22
GSPO 57.25± 19.68 72.00± 18.97 77.25± 14.01 82.75± 12.22 89.50± 10.52 94.25± 3.47 95.50± 3.00 97.00± 1.00
MINER 68.25± 21.69 79.00± 16.98 85.75± 11.72 91.75± 6.37 94.00± 1.90 95.75± 2.37 97.00± 1.00 97.00± 1.00

Table 10: Pass@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the AMC23
benchmark with Qwen3-4B-Base as the base model.

Model 1 2 4 8 16 32 64 128

Base 0.33± 1.00 1.33± 3.33 3.33± 5.33 6.67± 8.67 8.00± 7.22 11.00± 8.58 14.33± 11.11 20.67± 9.35
GRPO 8.00± 9.19 10.00± 5.63 16.00± 10.60 19.67± 8.27 22.33± 5.67 26.67± 6.30 30.00± 5.27 31.33± 3.06
DAPO 6.67± 8.02 12.67± 9.35 13.67± 6.35 17.00± 6.49 23.67± 6.93 22.00± 4.97 23.67± 5.39 26.67± 3.27
REINFORCE++ 4.33± 6.86 6.00± 7.33 11.67± 11.92 16.33± 11.11 21.00± 10.35 27.33± 8.16 32.33± 5.90 33.33± 3.33
GSPO 5.00± 7.39 8.67± 9.06 9.33± 10.53 16.33± 10.59 19.00± 10.43 26.33± 7.00 28.33± 4.33 29.67± 1.00
MINER 10.00± 8.97 16.33± 6.19 17.33± 9.27 21.67± 13.30 26.67± 14.02 33.67± 14.29 38.00± 12.62 44.00± 7.13

Table 11: Pass@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the HMMT25
benchmark with Qwen3-4B-Base as the base model.

Model 1 2 4 8 16 32 64 128

Base 7.67± 8.93 10.00± 9.19 10.33± 5.30 13.00± 5.97 15.67± 5.53 17.00± 5.30 17.00± 2.33 17.67± 1.53
GRPO 20.00± 9.13 20.33± 10.49 21.33± 6.83 25.33± 5.86 26.67± 2.00 26.33± 3.53 26.67± 0.00 26.67± 0.00
DAPO 22.67± 12.46 19.67± 13.16 23.67± 9.11 25.00± 6.86 25.00± 3.53 27.67± 3.00 27.33± 4.67 28.33± 2.86
REINFORCE++ 16.67± 10.16 16.33± 11.39 19.33± 7.19 19.67± 3.30 21.67± 3.67 22.33± 1.53 23.00± 1.00 22.67± 1.33
GSPO 17.00± 14.13 14.67± 8.69 18.00± 7.86 20.33± 5.53 20.33± 3.67 21.00± 1.53 21.00± 1.53 22.00± 2.53
MINER 27.67± 15.39 27.33± 15.44 26.33± 6.86 29.33± 8.02 33.67± 7.02 35.00± 3.97 36.00± 3.33 35.67± 2.33

Table 12: Maj@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the AIME2024
benchmark with Qwen3-4B-Base as the base model.

Model 1 2 4 8 16 32 64 128

Base 6.33± 9.16 6.67± 9.22 8.33± 8.13 12.33± 8.49 12.33± 7.64 15.33± 6.83 18.67± 4.83 19.67± 4.06
GRPO 20.00± 14.02 18.67± 9.86 22.33± 10.79 25.33± 7.65 26.67± 7.57 28.00± 6.11 29.67± 5.83 28.67± 4.16
DAPO 22.33± 9.69 16.00± 8.97 20.00± 8.60 22.67± 6.30 23.33± 6.30 24.00± 5.33 24.67± 3.86 24.67± 3.63
REINFORCE++ 12.00± 6.39 13.00± 8.49 16.00± 7.58 16.00± 6.00 17.00± 3.16 18.00± 2.67 16.67± 0.00 16.67± 0.00
GSPO 10.33± 8.79 13.00± 6.49 14.33± 7.16 19.00± 8.86 19.00± 6.49 19.00± 4.63 19.00± 3.67 19.00± 2.63
MINER 23.33± 11.86 22.33± 8.33 22.67± 5.19 26.00± 9.72 26.00± 7.72 29.33± 5.49 28.00± 5.27 28.67± 2.67

Table 13: Maj@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the AIME2025
benchmark with Qwen3-4B-Base as the base model.
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Model 1 2 4 8 16 32 64 128

Base 35.00± 31.95 31.50± 26.39 40.00± 24.74 46.00± 16.36 48.75± 14.16 51.00± 14.53 50.00± 12.72 50.75± 9.32
GRPO 62.00± 21.92 62.00± 17.65 66.00± 17.60 66.50± 14.35 69.50± 11.36 69.25± 7.49 70.75± 6.20 70.75± 4.87
DAPO 65.00± 16.14 62.75± 15.39 69.25± 13.22 69.00± 11.91 70.25± 9.89 73.75± 5.10 73.25± 4.65 73.75± 4.15
REINFORCE++ 57.75± 20.72 58.75± 21.67 63.75± 16.72 67.00± 12.09 70.00± 9.24 72.50± 8.35 73.25± 7.54 74.25± 6.04
GSPO 56.75± 22.36 60.00± 21.14 64.75± 18.44 65.50± 15.02 69.25± 12.06 73.00± 9.45 73.00± 6.02 74.50± 3.50
MINER 68.50± 22.07 70.00± 17.77 76.25± 17.77 84.25± 10.27 84.75± 7.04 84.50± 4.90 85.00± 3.90 85.50± 1.90

Table 14: Maj@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the AMC23
benchmark with Qwen3-4B-Base as the base model.

Model 1 2 4 8 16 32 64 128

Base 1.00± 3.00 1.67± 2.63 0.67± 1.33 2.67± 1.33 2.33± 1.53 3.00± 1.00 3.00± 1.00 3.33± 0.00
GRPO 6.67± 5.33 8.67± 9.27 10.33± 5.67 10.67± 6.02 10.00± 2.00 12.67± 2.53 13.00± 1.00 12.67± 1.33
DAPO 8.00± 7.33 6.33± 8.93 8.33± 6.72 9.67± 3.30 10.33± 3.30 11.67± 2.63 12.00± 2.53 12.67± 1.33
REINFORCE++ 5.67± 9.00 3.33± 4.53 5.67± 4.63 6.00± 2.97 6.33± 4.63 5.67± 2.63 5.33± 2.97 5.67± 3.16
GSPO 4.00± 7.49 6.00± 8.60 5.00± 3.67 6.33± 2.86 8.33± 4.86 9.00± 3.00 8.67± 1.63 8.67± 1.63
MINER 11.00± 8.49 11.00± 4.79 11.67± 5.69 12.67± 5.79 15.33± 3.86 17.67± 2.33 16.67± 0.00 16.67± 0.00

Table 15: Maj@K comparison across diverse k list [1,2,4,8,16,32,64,128] with repeated 10 runs on the HMMT25
benchmark with Qwen3-4B-Base as the base model.

Model
AIME2024 AIME2025 AMC23 HMMT25 MATH OlympiadB Avg

P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K P@1 P@K

Base 9.51 50.00 6.65 43.33 32.91 97.50 0.99 26.67 58.89 91.00 31.81 65.40 23.46 62.32
BAPO 17.86 50.00 16.69 56.67 61.04 95.00 8.57 33.33 82.81 94.40 51.32 70.40 39.72 66.63
KL-COv 17.73 53.33 20.26 40.00 59.96 90.00 7.16 23.33 83.38 93.20 49.63 68.85 39.69 61.45
Clip-Cov 15.55 60.00 14.40 46.67 59.98 97.50 4.48 36.67 80.98 94.40 49.02 71.94 37.40 67.86
Entropy-Adv 17.71 63.33 15.99 50.00 61.86 97.50 6.51 30.00 81.73 94.80 50.17 73.67 38.99 68.22
MINER 25.86 73.33 22.97 60.00 69.65 97.50 10.81 46.67 86.93 95.80 57.07 76.25 45.55 74.92

Table 16: Comparison with other exploration-enhanced algorithms. Given numerous hyperparameter combinations,
these methods show bad generalization with their officially suggested hyperparameters.
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