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Abstract
The evolution paradigm of Large Language
Models (LLMs) is shifting from scaling train-
ing compute to scaling inference-time compute.
While Reinforcement Learning with Verifiable
Rewards (RLVR) has become a key engine for
this transition, standard approaches often fail
to equip models with the autonomous improve-
ment capabilities required for test-time scaling.
Existing critique-guided methods attempt to
mitigate this by leveraging external feedback
or ground-truth signals; however, these depen-
dencies are unavailable at test time, fundamen-
tally limiting the model’s capacity for contin-
uous self-improvement. To bridge this gap,
we propose CURE (Critique-driven Unified
REinforcement Learning), a framework that
jointly optimizes a single policy for standard
solving, critiquing, and guided re-exploration.
Uniquely, CURE facilitates re-exploration by
generating strategic hints while discarding ini-
tial incorrect solutions to mitigate anchoring
bias. Empirical results across diverse mathe-
matical reasoning and code generation bench-
marks demonstrate that CURE not only main-
tains competitive single-turn performance but,
more importantly, unlocks effective inference-
time scaling, enabling the model to signifi-
cantly boost accuracy through iterative self-
improvement.

1 Introduction

The evolution of Large Language Models
(LLMs) (Ouyang et al., 2022; Yang et al., 2024) is
witnessing a paradigm shift from scaling training-
time compute to scaling test-time compute. Recent
breakthroughs suggest that allocating more com-
putational resources during inference can yield re-
markable reasoning gains. This generally manifests
in two paradigms: (1) Parallel Scaling, which im-
proves performance by generating and evaluating
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multiple candidate solutions simultaneously (Wang
et al., 2022; Snell et al., 2024); and (2) Sequen-
tial Scaling, which enhances reasoning by extend-
ing the chain of thought (CoT) to incorporate
more deliberate reasoning behaviors (Yang et al.,
2025d), typically induced through the Reinforce-
ment Learning with Verifiable Rewards (RLVR)
paradigm (Jaech et al., 2024; Guo et al., 2025).

However, current approaches to inference-time
scaling remain relatively primitive and fall short of
supporting human-like sequential refinement, char-
acterized by iterative self-verification, critique, and
correction. On one hand, parallel scaling merely
samples independent solutions rather than itera-
tively improving them. On the other hand, current
large reasoning models based on sequential scaling
still struggle to perform reliable self-verification
and correction (Kang et al., 2025), primarily be-
cause these capabilities are not explicitly optimized
during training.

To address this, recent works have explored
critique-guided exploration to improve the test-
time improvement performance of LLMs, utilizing
external feedback from stronger teachers (Xi et al.,
2024; Yang et al., 2025b) or training specific cri-
tique models (Xi et al., 2025). Nevertheless, exist-
ing critique-guided methods suffer from fundamen-
tal dependencies that break the self-improvement
loop during inference. They either rely on stronger
external supervision that is impractical or pro-
hibitively expensive, or depend on ground-truth
signals to trigger the critique process—signals that
are unavailable at test time. As a result, the policy
model lacks the autonomy to solve, verify, and re-
explore in a continuous loop, failing to realize the
true potential of inference-time scaling (Zuo et al.,
2025).

To bridge this gap, we propose CURE (Critique-
driven Unified REinforcement Learning), a unified
framework that enables models to explore and self-
improve continuously at test time. As shown in
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Figure 1, our framework jointly optimizes three
atomic capabilities: (1) Solving: The fundamen-
tal ability to generate solutions for complex prob-
lems. (2) Critiquing: The capacity to verify the
correctness of the model’s own outputs (Verifica-
tion), identify potential flaws and generate strate-
gic hints for improvement (Hint Generation). (3)
Critique-Guided Re-Exploration: The ability to
leverage these self-generated hints to reconstruct
reasoning paths. Through this unified training pro-
cess, the model integrates these capabilities into
a cohesive system, forming a self-contained im-
provement loop that enables robust inference-time
scaling performance.

Specifically, our training process integrates these
capabilities into a unified RLVR pipeline. A critical
design choice in CURE is our handling of the re-
exploration context. Unlike prior works (Zhang
et al., 2025b; Xi et al., 2025) that append the
entire history of incorrect attempts, we deliber-
ately discard the initial incorrect solution during
re-generation. Our pilot study (Figure 2) suggests
that this design mitigates anchoring bias and pre-
vents the model from repeating previous mistakes.
Instead, we constrain the model to generate high-
level strategic hints and force it to restart reasoning
from a fresh state conditioned only on these hints.
Finally, we optimize these capabilities within a uni-
fied objective: (1) Solving is enhanced by replaying
successful re-exploration trajectories during RLVR;
(2) Critiquing is optimized via direct supervised
learning of golden verification judgments and RL
with delayed accuracy-based rewards that priori-
tize hint utility; and (3) Re-exploration is aligned
to effectively follow the generated strategic hints.

Extensive experiments on math and code tasks
show that CURE achieves competitive single-turn
performance and superior scalability. On AIME25,
CURE already improves by 2.8% at the second
turn and reaches a total gain of 4.2% through
iterative self-improvement. These results sug-
gest that CURE successfully instills a robust self-
improvement mechanism into LLMs.

2 Related Work

RLVR for LLM Reasoning As a novel train-
ing paradigm for LLM reasoning, RLVR leverages
verifiable reward functions, where they provide ex-
plicit binary feedback, e.g., assigning 1 to correct
outputs and 0 to incorrect ones (Jaech et al., 2024;
Guo et al., 2025; Team et al., 2025). Compared

to reinforcement learning from human feedback
(RLHF) (Ziegler et al., 2019; Ouyang et al., 2022),
RLVR avoids reliance on subjective human evalua-
tions or complex reward models, thereby making
the training process more transparent and efficient.
Consequently, RLVR is particularly well-suited to
domains with crisp, executable evaluation proto-
cols, such as mathematical reasoning (Hu et al.,
2025; Zeng et al., 2025; He et al., 2025; Yang et al.,
2025c) and code generation (Kumar et al., 2024;
Xie et al., 2025), where solutions can be checked
by symbolic solvers, compilers, or unit tests.

Reliable Critique for LLM Reasoning LLM-
based critics offer a promising way to provide au-
tomated and scalable supervision for LLM out-
puts (Luo et al., 2023; McAleese et al., 2024; Ke
et al., 2024). Existing approaches can be broadly
categorized into two paradigms: (1) one line of
work decouples the actor and critic, training a dedi-
cated critique model to evaluate and comment on
the actor’s outputs (Xi et al., 2024, 2025; Yang
et al., 2025b); (2) while another line unifies gen-
eration and critique within a single model, using
self-generated feedback to drive refinement and
learn how to revise responses accordingly (Zhang
et al., 2025b; Li et al., 2025; Tang et al., 2025). In
this work, we adopt the latter paradigm to equip a
single model with unified capabilities for test-time
self-improvement.

Guided Exploration for LLM Reasoning For
complex and challenging tasks, prior works have
shown that sampling a policy model multiple times
may still fail to yield correct outcomes (Yue et al.,
2025; Zhang et al., 2025b), motivating the need
for more effective and guided exploration. For
clarity, we categorize existing approaches into two
groups. (1) The first group incorporates expert
trajectories during training to shape priors over
the search space (Yan et al., 2025; Huang et al.,
2025; Ma et al., 2025; Fu et al., 2025; Zhang et al.,
2025a), thus improving sample efficiency. How-
ever, these methods require costly, hard-to-scale
expert supervision and may suffer from a distri-
butional mismatch between expert demonstrations
and the policy model’s sampling distribution. (2)
The second group guides exploration with external
textual signals such as critiques or hints (Tang et al.,
2025; Wang et al., 2025a; Yang et al., 2025b; Xi
et al., 2025), e.g., by highlighting errors in previous
responses to steer subsequent attempts. Our work
builds on the second approach, but uses high-level
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Figure 1: Overview of our method CURE. The left panel illustrates the overall pipeline and highlights the key
differences between the baseline and CURE re-exploration strategy. The right panel shows a unified training
framework that jointly optimizes multiple capabilities within a single policy.

hints without exposing incorrect solutions, in or-
der to avoid anchoring bias induced by erroneous
initial solutions and improve re-exploration.

3 CURE: Critique-Driven Unified
Reinforcement Learning

Reinforcement Learning Objective We formu-
late the reasoning process as a Markov Decision
Process (MDP), where a policy πθ generates a re-
sponse y = (y1, . . . , yT ) given a query x. The
goal of RL is to maximize the expected reward
r(x,y) provided by the environment, subject to
a Kullback-Leibler (KL) divergence constraint to
maintain training stability. The standard objective
is defined as:

J (θ) =Ex∼D,y∼πθ

[
r(x,y)

− βDKL
(
πθ(·|x) ∥πref(·|x)

)]
,

(1)

where β is the KL penalty coefficient and πref is a
fixed reference policy (typically the initial model)
used to prevent the tuned policy from deviating
excessively from its original distribution.

Group Relative Policy Optimization (GRPO)
GRPO (Shao et al., 2024) has been widely adopted
in RLVR to enhance LLM reasoning. To optimize
Eq. (1), policy gradient methods require estimating
an advantage function At. GRPO leverages group-
relative statistics to compute advantages, incurring
low computational and memory overhead. Specifi-
cally, for each query x, GRPO samples a group of

G outputs {y1, . . . ,yG} from the old policy πθold .
The advantage Ai for all tokens in the i-th output
is derived by standardizing its reward against the
group’s distribution:

Ai =
ri − mean(r1, . . . , rG)

std(r1, . . . , rG) + ϵ
, (2)

where ri denotes the outcome-based reward. The
PPO-style surrogate objective used in GRPO is
formulated as:

JGRPO(θ) =ED

[
1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

CLIP
(
wi,t(θ), Ai, ϵ

)

− βDKL
(
πθ ∥πref

)]
,

(3)
where CLIP(w,A, ϵ) = min(wA, clip(w, 1−ϵ, 1+
ϵ)A) limits the update step size to ensure training
stability, and wi,t(θ) =

πθ(yi,t|x,yi,<t)

πθold (yi,t|x,yi,<t)
represents

the importance sampling ratio.

3.1 Framework Overview

As highlighted in Section 1, current critique-guided
RLVR methods typically depend on external su-
pervision or ground-truth signals to trigger cri-
tiques, which are either unavailable or impracti-
cal during inference. This dependency fundamen-
tally restricts the model’s ability to perform au-
tonomous self-improvement at test time. To bridge
this gap, we propose the Critique-driven Unified
REinforcement Learning (CURE) framework.
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Unlike prior approaches that treat critique as
a mere auxiliary task for exploration, CURE
is designed to integrate three critical capabili-
ties—Solving, Critiquing, and Critique-Guided Re-
Exploration—into a single, unified policy. The
core intuition is that even when a model fails to
solve a problem directly, it often possesses the la-
tent capacity to recognize errors (Liu et al., 2025;
Feng et al., 2025) and generate actionable hints. By
explicitly optimizing the model to critique its own
outputs and use those critiques to guide subsequent
re-generation, we equip the model with an intrinsic
self-improvement mechanism that functions inde-
pendently of external feedback.

Our framework establishes a co-training process
that achieves two objectives: (1) Autonomous Self-
Improvement Loop: We train the model not only
to solve problems but also to autonomously ver-
ify its answers and generate strategic hints. This
removes the reliance on ground truths, enabling
the self-improvement loop to operate seamlessly
during inference. (2) Unbiased Re-Exploration:
Distinct from methods that condition re-generation
on incorrect initial solutions (Jiang et al., 2025;
Zhang et al., 2025b), we propose to discard the
faulty reasoning path during re-exploration, and
leverage high-level strategic hints to guide explo-
ration from a fresh context, avoiding anchoring
bias.

Overview As illustrated in Figure 1, during each
online RL iteration, the model first generates di-
verse solutions. We then selectively sample solu-
tion pairs to generate critiques containing verifica-
tion judgments and strategic hints. For the guided
re-generation, we concatenate the generated hint
with the original problem—explicitly discarding
the incorrect initial solution. Finally, the model is
updated via a unified GRPO objective that jointly
optimizes these capabilities.

3.2 Training Pipeline

Each CURE training iteration consists of three
phases: Initial Solution Generation, Critique Gen-
eration, and Critique-Guided Re-Generation.

Phase 1: Initial Solution Generation For each
problem x, we first sample a group of K ini-
tial solutions Sinit = {y1, . . . ,yK} from the cur-
rent policy πθ. These solutions are evaluated us-
ing an outcome verifier to obtain binary rewards
{r1, . . . , rK}, where ri ∈ {0, 1}.

Phase 2: Critique Generation Rather than cri-
tiquing every response, we employ a Selective Sam-
pling Strategy to construct a critique batch Bcrit
aimed at maximizing exploration efficiency while
maintaining training stability. Specifically, we cat-
egorize queries based on their group-level accu-
racy (Acc(x) = 1

K

∑K
i=1 ri) and prioritize sam-

pling from “informative” instances—namely, Zero-
pass (Acc = 0) and Partial-pass (Acc ∈ (0, 1))
groups—where the model either fails completely
or exhibits inconsistency. Crucially, we enforce
a balanced 1:1 ratio of positive samples (correct,
ri = 1) and negative samples (incorrect, ri = 0)
to prevent the policy from collapsing into trivial
verification patterns, such as consistently predict-
ing a single class. Once the batch is constructed,
for each sampled pair (x,yi) ∈ Bcrit, the model
generates a critique ci = (vi;hi). As detailed in
Appendix A, this critique comprises a verification
judgment vi ∈ {Correct, Incorrect} and a strategic
hint hi, which serves as a conceptual guide for the
subsequent re-exploration.

Phase 3: Critique-Guided Re-Generation
The strategic hint hi serves as a scaffold for
re-exploration. We construct a guided prompt by
concatenating the original problem and the hint:
x′i = (x;hi) (see Appendix A). A key distinction
of CURE is the deliberate exclusion of the initial
incorrect solution yi. Unlike prior self-correction
paradigms that append the wrong reasoning trace
to the context, we force the model to reconstruct
the reasoning path based on the problem and high-
level hint only. This design effectively mitigates
the anchoring bias caused by initial errors. As
supported by our pilot experiments in Figure 2,
discarding the incorrect context can reduce the
repetition of wrong answers (“SameRatio”) and im-
prove the overall re-generation accuracy compared
to appending it (see Appendix C for details).

Conditioned on this fresh context, the model
generates a group of M guided solutions Sguided =
{y′i,1, . . . ,y′i,M}. These solutions are evaluated
against the ground truth to obtain binary outcome
rewards {r′i,1, . . . , r′i,M}. Crucially, we employ
the outcome of this re-exploration to assign a De-
layed Reward to the critique ci itself. The total
critique reward R(ci) is defined as a combination
of the guided generation accuracy and structural
constraints:

R(ci) = r̄′i +Rformat(ci).
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Figure 2: Pilot Experiment Results. SameRatio de-
notes the proportion of re-exploration attempts that over-
lap with the initial incorrect response, reflecting the
model’s tendency to repeat its previous errors. Accuracy
is the percentage of problems solved correctly, either
during the initial generation (Phase 1) or re-generation
(Phase 3).

Here, r̄′i = 1
M

∑M
j=1 r

′
i,j represents the average

success rate of the re-exploration group, aligning
the critique objective with the goal of reasoning:
a valid critique is defined strictly by its utility in
leading to a correct solution. The auxiliary term
Rformat ensures the structural validity of the cri-
tique by enforcing adherence to the predefined
output schema (e.g., requiring specific keys like
"High_Level_Hint"). We define the penalty func-
tion as:

Rformat(ci) =





−λ1 if required keys are missing,
−λ2 if hint length < Lmin,

0 otherwise,

where λ1 and λ2 are hyperparameters penalizing
format violations and trivial hints (e.g., length <
Lmin), respectively.

3.3 Unified Training Objective
Our framework optimizes a unified objective that
jointly enhances the model’s capabilities in stan-
dard solving, critiquing, and guided solving. Each
task is formulated as a GRPO objective (Eq. (3)),
differing only in input conditioning and task-
specific advantage definitions. The total objective
is defined as an additive combination:

Jtotal = Jsolve + Jcritique + Jguided,

Solving Objective with Experience Replay The
solving objective Jsolve optimizes the standard
generation policy πθ(y|x). To effectively prop-
agate the “0-to-1” breakthroughs achieved during

re-exploration, we employ an Experience Replay
strategy. Specifically, we selectively incorporate
successful guided solutions Ssuccess ⊆ Sguided back
into the initial solution group Sinit, treating them as
if they were generated directly from the problem x
(i.e., by masking the hint context).

The augmented group Saug = Sinit ∪ Ssuccess fa-
cilitates a critical re-calibration of advantages. The
successful guided trajectories, serving as positive
anchors with reward r = 1, significantly elevate
the group mean reward, particularly for previously
zero-pass groups. Under GRPO’s normalization
(Eq. (2)), this shift assigns strongly negative ad-
vantages to the original incorrect solutions while
assigning positive advantages to the replayed ones.
This mechanism provides the necessary gradient
signal to disincentivize failure modes and reinforce
correct reasoning paths.

Critique Objective with Hybrid Advantages
The critique objective Jcritique optimizes the cri-
tique generation policy πθ(c|x,y). Given the com-
posite structure of the critique—comprising a ver-
ification judgment v and a strategic hint h—we
design a Hybrid Advantage Function Acrit(t) that
adapts to the token segment:

Acrit(t) =

{
1.0 if t ∈ Verification,
R(ci)− b(x) otherwise,

where b(x) = 1
K

∑K
i=1 ri serves as the baseline,

representing the average accuracy of the initial so-
lution group.

For the Verification Segment, we assign a fixed
positive advantage (1.0). In implementation, we
explicitly prepend the ground-truth judgment (e.g.,
Error_Found: true, derived from the solution’s
correctness) to the beginning of the critique re-
sponse ci. This effectively transforms the verifi-
cation task into a supervised optimization (akin
to behavior cloning), ensuring the model grounds
its critique on correct judgments and improving
learning efficiency.

For the subsequent Hint Segment, we utilize the
centered advantage R(ci) − b(x). This formula-
tion provides a rigorous quality control mechanism:
it yields positive advantage values only when the
hint leads to a guided performance exceeding the
model’s baseline average (R(ci) > b(x)). Con-
versely, misleading or trivial hints that fail to im-
prove the outcome receive negative or zero advan-
tages. This contrastive signal effectively suppresses
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the generation of unhelpful text, incentivizing the
model to produce strategic, actionable guidance.

Guided Solving Objective Finally, the guided
solving objective Jguided optimizes the policy
πθ(y

′|x,h) to generate reasoning paths condi-
tioned on the generated hints. This term ensures
that the model remains compliant with its own
strategic advice. Similar to the standard solving
task, we apply the group-relative advantage nor-
malization (Eq. (2)) within each guided solution
group Sguided to facilitate stable policy updates.

Optimization Details. In practice, we implement
the unified objective as follows. First, we com-
pute advantages independently within each sub-
task group, which standardizes the optimization
signals across groups and prevents any group from
dominating training. Second, to handle variable
output lengths, we average the GRPO loss of each
training sample over its generated tokens, as re-
flected in Eq. (3). Finally, we form the overall ob-
jective by summing the three task losses with equal
weights, using a fixed 1 : 1 : 1 weighting scheme.
This simple strategy works well for two reasons:
(1) group-wise reward normalization together with
per-token loss averaging naturally keeps the opti-
mization scales of different samples comparable;
and (2) the three sub-tasks use distinct prompt tem-
plates, which separate them in the input space and
reduce destructive interference during joint opti-
mization.

4 Experiments

4.1 Experimental Setup

Base Models and Baselines We conduct ex-
periments on two target models: Qwen2.5-7B-
Instruct (Yang et al., 2024) and Qwen3-4B-Base
(Yang et al., 2025a). This selection covers both
instruction-tuned and pre-trained models across
different scales, allowing us to evaluate the gener-
alization of CURE. We employ the GRPO (Shao
et al., 2024) algorithm as our primary baseline.

Training Settings For mathematical reasoning,
we construct our training dataset by downsampling
a subset from DeepMath (He et al., 2025). To eval-
uate generalization, we also extend CURE to the
code generation domain, following the setup in
Wang et al. (2025b) to construct a training set from
CodeContests (Li et al., 2022). All experiments
are implemented using the verl framework (Sheng

et al., 2025). For the GRPO baseline, we sample 8
responses per prompt. To ensure a fair comparison,
we align the sampling budget for CURE by gen-
erating 4 initial solutions and 4 guided solutions
per prompt, along with a single critique response
for the selected batch. Complete hyperparameters
and implementation details for both domains are
provided in Appendix D.

Evaluation Settings We evaluate performance
across two domains: (1) Mathematics: MATH500
(Hendrycks et al., 2020), AMC23, AIME24 (Zhang
and Math-AI, 2024), AIME25 (Zhang and Math-
AI, 2025), and OlympiadBench (He et al., 2024);
(2) Code Generation: Codeforces (Penedo et al.,
2025), MBPP (Austin et al., 2021), and Live-
CodeBench (Jain et al., 2024). During inference,
we set the sampling temperature to 0.6. We re-
port two key metrics: (1) Standard Single-turn
Accuracy: We report Avg@32 for smaller math
datasets and Avg@2 for larger math and all code
datasets to ensure reliability. (2) Inference-time
Self-Improvement: This metric measures the fi-
nal accuracy via our critique-guided loop. Specifi-
cally, we execute the re-generation process for up
to 8 rounds (including the initial attempt), where
the model re-generates only if its verification pre-
dicts "Incorrect". (see Appendix F.2 for a compar-
ison with unconditional strategy). Detailed self-
verification results are provided in Appendix F.1.

4.2 Main Results

Table 1 summarizes the performance of CURE
across mathematical reasoning and code genera-
tion benchmarks.

In the standard single-turn setting, CURE con-
sistently maintains comparable or superior perfor-
mance relative to the GRPO baseline. For example,
on Qwen2.5-7B-Instruct, CURE achieves an av-
erage accuracy improvement of +1.0% on math
tasks and competitive performance gains on cod-
ing tasks (e.g., +1.8% on CodeForces). We at-
tribute these gains primarily to the Experience Re-
play mechanism. By selectively replaying success-
ful re-generated solutions for previously zero-pass
groups, CURE effectively injects positive learn-
ing signals into the sparse reward landscape of
hard problem clusters, thereby transforming zero-
gradient stagnation into effective learning.

The primary contribution of CURE lies in
its ability to unlock effective test-time self-
improvement. A central hypothesis of this work
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Mathematical Reasoning Accuracy Code Generation Accuracy

Method AIME24 AIME25 AMC MATH Olym. Avg. MBPP LCB CF Avg.

Qwen2.5-7B-Instruct
Base Model 11.3 8.9 52.2 74.9 39.4 37.3 64.0 25.4 5.8 31.7
GRPO 14.2 10.6 57.5 78.8 44.1 41.0 83.5 29.1 8.2 40.3

+ Self-Improve (T=8) 13.3 10.5 57.7 79.2 46.4 41.4 83.2 30.6 9.5 41.1
CURE (Ours) 14.1 11.8 58.4 79.7 45.8 42.0 84.3 27.3 10.0 40.5

+ Self-Improve (T=8) 16.0 16.0 60.9 82.8 48.7 44.9 85.6 28.5 13.0 42.4

Qwen3-4B-Base
Base Model 9.4 5.9 40.2 67.3 35.8 31.7 62.4 6.3 1.8 23.5
GRPO 20.9 17.5 65.7 85.3 51.8 48.2 78.3 19.2 12.4 36.6

+ Self-Improve (T=8) 20.8 18.3 66.7 85.2 53.2 48.8 76.3 18.7 12.8 35.9
CURE (Ours) 21.4 17.3 66.8 84.5 52.3 48.5 79.4 23.5 12.5 38.5

+ Self-Improve (T=8) 23.5 19.7 70.1 85.1 54.1 50.5 82.1 25.9 13.1 40.4

Table 1: Main results on mathematical reasoning and code generation benchmarks. We report the accuracy for
standard generation and the performance with inference-time self-improvement (up to T = 8 rounds). Olym.:
OlympiadBench; LCB: LiveCodeBench; CF: CodeForces.
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Figure 3: Inference-time self-improvement results on mathematical (a, b) and coding (c) benchmarks using
Qwen2.5-7B-Instruct. The plots track accuracy changes over T = 8 iterative rounds. For the coding task, results are
reported only for GRPO and CURE, as ablation variants are primarily analyzed within the mathematical domain.

is that CURE instills a dynamic self-improvement
mechanism that can be leveraged during inference.

As shown in the “+ Self-Improve” rows of Ta-
ble 1, CURE demonstrates a significant and sus-
tained performance boost through iterative self-
improvement. On Qwen2.5-7B-Instruct, inference-
time scaling elevates the average accuracy from
42.0% to 44.9%, significantly surpassing the base-
line’s scaling ceiling of 41.4%. Notably, this advan-
tage is domain-agnostic: on CodeForces, scaling
with CURE yields a substantial +3.0% improve-
ment over its single-turn baseline, whereas GRPO
shows minimal gain (+1.3%). These results con-
firm that CURE instills a robust policy that can per-
form effective test-time self-improvement across
diverse reasoning domains.

The trajectory analysis in Figure 3 further re-
veals the qualitative difference between methods.
CURE extends the effective scaling window to 5-6

  

  

  

  

Question:
1

The area of triangle ABC is 6 square centimeters. 퐴� ∥ 퐷�, �퐷 = 4��.  
What is the number of square centimeters in the area of riangle CDE?  
draw ((-.3,-3)--(.1,1)--(-1,0)--(3,0)--cycle); A(.1,1);B,(-1,0);C(0,0); D(3,0); E(-.3,-3)

Solution1:... We should have �퐷 = 4�� implying that point D is outside of BC 
extended....Let BC=x, then �퐷 = 4�, and the total length �퐷 = �퐷 + �� = 4� + � =
5�... Answer=150
Hint1: Always double-check the geometric relationships and segment placements to ensure 
they are consistent with the given conditions. 

Solution4: ...Since D lies on AC, we can express the length AD as:퐴퐷 = 퐴� − �퐷 .... 
Answer:frac{6}{25}
Hint4: Always double-check the given conditions and how they relate to the geometric 
configuration to ensure the correct setup of ratios and proportions.

Solution5: To solve for the area of triangle CDE let's carefully analyze...Let �� = �, 
then �퐷 = 4�. Therefore, �퐷 = �퐷 − �� = 4� − � = 3�.... Answer=54

Turn4:

Turn5:

Turn1:

...

Figure 4: Multi-turn self-improvement case study.

rounds, achieving a higher and more stable peak
accuracy. In contrast, the GRPO baseline exhibits
only a marginal initial rise followed by stagnation
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Inference Strategy Budget GRPO CURE

Standard (Pass@1) 1 78.8 79.7

Majority Voting 4 81.4 82.2
8 81.8 82.6

Best-of-N 4 82.6 81.2
(Math-Shepherd-7B) 8 82.6 81.0

Iterative Self-Improve 4 79.4 82.4
(Ours) 8 79.2 82.8

Table 2: Comparison of inference-time strategies on
MATH with Qwen2.5-7B-Instruct (%). For majority
voting and Best-of-N , the budget is the number of sam-
pled candidates N ; for iterative self-improvement, it is
the maximum number of refinement turns T .

or oscillation. This disparity highlights that stan-
dard RLVR fails to equip the model with a construc-
tive self-improvement mechanism. By contrast, our
unified training framework successfully converts
test-time compute into tangible performance gains.

To further inspect the self-improvement process,
we present a concrete case study in Figure 4. As
shown, from Turn 1 to Turn 4, the model consis-
tently misinterprets the geometric configuration
across different aspects. Guided by self-generated
hints, the model is prompted to re-evaluate the re-
lationships among segments, ultimately arriving at
the correct solution in Turn 5.

4.3 Inference-Time Scaling Analysis

To further analyze how CURE uses additional test-
time budget, we compare several inference strate-
gies on MATH500 with Qwen2.5-7B-Instruct un-
der the same maximum generation budget. Specif-
ically, we consider standard decoding (Pass@1),
majority voting, Best-of-N with an external reward
model, and our iterative self-improvement. Here,
N denotes the number of parallel samples for ma-
jority voting and Best-of-N , while T denotes the
maximum number of sequential refinement turns
for iterative self-improvement. Since these strate-
gies allocate the generation budget differently (par-
allel sampling versus sequential refinement), we
further report token and latency statistics in Table 3.
For Best-of-N , we use Math-Shepherd-7B as the
external reward model for candidate selection.

As shown in Table 2, CURE consistently out-
performs GRPO under iterative self-improvement
and majority voting strategies. Notably, under the
Best-of-N strategy, CURE’s performance slightly
drops and underperforms GRPO. We hypothesize
this is primarily due to a distribution shift: the ex-

Method Acc. (%) Avg. Tokens Latency (s)

GRPO + BoN (N=8) 82.6 ∼6400 ∼0.44
CURE + Iter. (T=8) 82.8 ∼1827 ∼0.43

Table 3: Efficiency and latency trade-off on MATH500
under the same maximum generation budget. Avg. To-
kens denotes the total number of generated tokens per
query. For BoN, we conservatively exclude the addi-
tional latency of the external reward model used for
reranking.

ternal reward model (Math-Shepherd-7B) is largely
trained on standard, straightforward reasoning tra-
jectories. Consequently, it may struggle to accu-
rately evaluate—or might actively penalize—the
unique self-correction patterns, reflection steps, or
revised trajectories inherently generated by CURE.
This limitation of relying on an out-of-distribution
external reward model further highlights the advan-
tage of our Iterative Self-Improvement approach.
By relying on the model’s intrinsic ability to refine
its own outputs, our strategy avoids the format-
alignment issues of external rerankers and achieves
the highest overall performance.

To further quantify the practical trade-off be-
tween accuracy and deployment cost, we compare
GRPO + Best-of-N (N = 8) against CURE + it-
erative self-improvement (T = 8) in terms of av-
erage generated tokens and latency per query on
MATH500. As shown in Table 3, CURE achieves
slightly higher accuracy while using substantially
fewer generated tokens, with comparable reported
latency in this setup. This indicates that CURE con-
verts additional inference-time computation into
more efficient self-improvement rather than merely
increasing parallel sampling. We further provide
the corresponding efficiency–latency comparison
on OlympiadBench in Appendix F.4. On this
harder benchmark, CURE still uses fewer gener-
ated tokens, but its sequential refinement loop in-
curs higher latency, highlighting that the latency
advantage is task-dependent rather than universal.

4.4 Analysis of Exploration Dynamics

To evaluate CURE’s ability to overcome explo-
ration stagnation, we visualize the training dy-
namics of zero-pass problems—queries for which
no correct solutions are obtained across all at-
tempts—in Figure 5. For such samples, standard
GRPO receives no effective learning signal.

Although CURE initially shows a higher failure
rate due to unstable critiques, it exhibits a crossover
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and sustained decline after about 200 steps, eventu-
ally dropping significantly below the GRPO base-
line. This trajectory confirms that once the critique
capability is grounded and continuously optimized,
the guided re-exploration mechanism effectively
converts hard failures into successes, unlocking
effective learning signals for these hard samples.
Furthermore, the ablation variant that does not op-
timize the hint generation ability (w/o Hint Opti-
mization) plateaus at a higher error rate than CURE,
underscoring the necessity of explicit hint optimiza-
tion for sustaining long-term exploration gains.

4.5 Ablation Studies
To disentangle the contributions of key compo-
nents in our CURE framework, we conduct a se-
ries of ablation studies. We first analyze the two
sub-components of the Critique—Verification and
Hint—by selectively removing their optimization
objectives. Subsequently, we examine the impact
of the Experience Replay strategy.

Impact of Verification Optimization We first
examine the variant w/o Verification Optimization,
where the advantage for the verification segment
is set to 0 (i.e., not trained). As shown in Fig-
ure 3, this model maintains a similar single-turn
accuracy to the full CURE, suggesting that verifi-
cation supervision does not significantly affect the
base solving capability. However, its scaling trajec-
tory is nearly flat. Lacking a calibrated verification
ability, the model cannot effectively distinguish
between correct and incorrect solutions during in-
ference, rendering the conditional re-generation
strategy ineffective. This underscores that a robust
self-verification capability is crucial for successful
inference-time self-improvement.

Impact of Hint Optimization Next, we evalu-
ate the variant w/o Hint Optimization, where the
hint generation is not explicitly optimized via RL
(the verification is still trained). We observe two
key phenomena: (1) Lower Initial Performance:
Particularly on harder benchmarks like Olympiad-
Bench, the starting accuracy is noticeably lower
than CURE. This confirms that without optimizing
the hint generation policy, the quality of feedback
during training is suboptimal, limiting the model’s
ability to explore complex solution spaces. (2)
Limited Scaling Potential: Although this variant
shows some initial improvement in the first 3-4
rounds, it peaks earlier and achieves a lower total
gain compared to the full CURE. This indicates that
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Figure 5: Dynamics of the zero-pass problem ratio
during training (on Qwen2.5-7B-Instruct, smoothed
via EMA).

explicitly optimizing hint generation is essential for
sustaining long-term growth during inference-time
scaling.

Impact of Experience Replay Strategy Finally,
we investigate whether to incorporate all success-
ful guided solutions into corresponding solution
groups or replaying only those from zero-pass
groups. Our empirical results indicate that priori-
tizing the latter yields better training stability and
final performance. We put the detailed results and
comparisons in Appendix F.6.

5 Conclusion

In this work, we introduce CURE, a unified RL
framework that empowers LLMs with autonomous
self-improvement capabilities. By jointly optimiz-
ing solving, critiquing, and re-exploration within
a single policy, CURE eliminates dependencies
on external supervision during test-time explo-
ration. Our experiments in math and code do-
mains demonstrate that CURE not only main-
tains competitive single-turn performance but also
unlocks effective inference-time scaling poten-
tial, enabling models to continuously perform a
solve–verify–critique–explore loop. Future work
may extend CURE to open-ended domains and
scale the iterative loop to more complex, multi-turn
reasoning chains.

Limitations

Though effective in enhancing the test-time self-
improvement abilities of LLMs, our work has some
limitations: (1) We conduct experiments only in
verifiable domains (i.e., mathematics and code),
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where deterministic reward signals can be naturally
leveraged to optimize each capability within our
framework. Extending our method to open-domain
tasks, where supervision is less explicit and rewards
are inherently noisy, remains a practical yet chal-
lenging direction for future work. (2) Compared
with vanilla RLVR, our framework incurs higher
computational costs at each optimization step due
to the joint optimization of multiple model capa-
bilities. However, these additional costs enable
the model to achieve sustained performance gains
at test time through continuous self-improvement,
outperforming vanilla baselines.

Ethics Statement

In this work, we introduce a unified training frame-
work that endows a single policy model with stan-
dard solving, self-critiquing, and critique-guided
re-exploration abilities. Our method enables the
optimized model to achieve continual test-time self-
improvement via an iterative loop of proposing, ver-
ifying, critiquing, and re-exploring new solutions.
Our work makes a positive step toward effective
self-evolution of LLMs.
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A Prompt Templates

A.1 Prompt Templates for Main Experiments

Critique Prompt Template

You are given a problem and an AI-generated solution.

Problem:
{question}

AI Solution:
{solution}

Your tasks:
1) Carefully read Problem and the entire AI Solution from start to finish.
2) Identify the single earliest step or statement whose error affects the final answer.

- Ignore any corrected or irrelevant intermediate errors.
- If the final answer is missing, this must be considered an error.
- If multiple issues propagate, choose the earliest one.
- If no errors propagate to the final answer, set ERROR_FOUND: false and proceed to

task 5.
3) Quote the minimal snippet that contains this issue.
4) Briefly explain why this issue affects the final answer.
5) Produce a high-level hint that helps a student avoid making the same kind of error (if any
error was found) or ensure correctness (if the solution was flawless).

- Do NOT provide the next step or the correct answer.
- The hint must be strategic and grounded in the problem’s context, but avoid referencing

specific numbers, symbols, or lines from the solution.

Rules:
- Do not rewrite or solve the problem.
- The hint must be self-contained and avoid specific computations or targeted fixes.
- Even when ERROR_FOUND: false, you should still provide a general hint relevant to the
overall approach.
- You must output all four fields below in order.

Output format:
ERROR_FOUND: true/false
ERROR_QUOTE: <the minimal snippet or “”>
WHY_IT_MATTERS: <1–2 sentence explanation or “”>
HIGH_LEVEL_HINT: <general strategy hint without specific steps or answers>

Critique-Guided Generation Prompt Template

You are given a Problem and a Hint.

Task:
1. Generate a new solution to the Problem.
2. Carefully incorporate the guidance from the Hint, without making any explicit reference
to the Hint in your output.
3. Ensure the reasoning is consistent, clear, and logically sound.
4. The final output should be a complete step-by-step solution to the Problem.

Input:
Problem:
{problem}

Hint:
{hint}

Output:
<your solution here, put your final answer within \\boxed{{}}>
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A.2 Prompt Templates for Pilot Study

Prompt Template for Generating High Level Hint

You are given a problem and an AI-generated solution.

Problem:
{problem}
Please reason step by step, and put your final answer within \\boxed{{}}.

AI Solution:
{initial response}

Your tasks:
1) Carefully read Problem and the entire AI Solution from start to finish.
2) Identify the single earliest step or statement whose mistake survives to the final answer
(i.e., it is NOT fully corrected later).
- If an earlier mistake is later corrected and no longer affects the final answer, ignore it.
- If multiple issues survive, choose the earliest one.
3) Quote the minimal snippet that contains this issue.
4) Briefly explain why this issue affects the final answer.
5) Produce a high-level, general hint that helps a student avoid making the same kind of
mistake.
- Do NOT provide the next step or the correct answer.
- Keep the hint general and transferable, not tied to specific numbers, symbols, or lines.

Rules:
- Do not rewrite or solve the problem.
- The hint should be strategic, 1–3 sentences, and avoid specific computations or targeted
fixes.

Output format:
ERROR_QUOTE: <the minimal snippet or “ ” >
WHY_IT_MATTERS: <1–2 sentence explanation>
HIGH_LEVEL_HINT: <general strategy hint without specific steps or answers>

Prompt Template for Hint-guided Re-exploration

You are given a Problem and a Hint.

Task:
1. Generate a new solution to the Problem.
2. Carefully incorporate the guidance from the Hint.
3. Ensure the reasoning is consistent, clear, and logically sound.
4. The final output should be a complete step-by-step solution to the Problem.

Input:
Problem:
{problem}

Hint:
{hint}

Output:
<your improved solution here, put your final answer within \\boxed{{}}>
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Prompt Template for Generating Specific Critique

You are a mathematics expert. A student is trying to solve a question, and the student’s
solution contains mistakes.

Task:
Briefly and step-by-step determine whether the student’s solution is correct.
If you find an error, ONLY point out where the error is and why it is wrong.
Do NOT continue solving the problem, do NOT provide the correct method, and do NOT
give the correct final answer.

Question: {problem}

Student’s Solution: {initial response}

Critique:

Prompt Template for Specific Critique-guided Re-exploration

You are given a question, a previous wrong solution, and a critique that identifies where the
previous solution went wrong.
Your task is to write a fully revised, correct solution.

Inputs:
Question:
{problem}

Previous Solution:
{initial response}

Critique:
{critique}

Please re-answer by:
- Use the critique to fix all identified mistakes. Ensure the revised solution addresses all
issues raised in the critique.
- Provide a complete, clear, step-by-step solution from scratch.
- Do NOT quote or restate the previous solution. Do NOT reproduce the incorrect steps.
- Placing your final answer within \\boxed{{}}.
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B Usage of AI Assistants

We used AI assistants (specifically Gemini 3) solely
for the purpose of refining the clarity, grammar,
and flow of the manuscript’s writing. All scientific
concepts, experimental designs, data analyses, and
conclusions presented in this work are original and
were conducted by the authors.

C Pilot Study

To investigate how different re-exploration strate-
gies influence model performance, we conducted
a pilot experiment comparing four critique-guided
configurations against a re-sampling baseline.
The four guided setups—Self-Specific, Self-Hint,
Teacher-Specific, and Teacher-Hint—are con-
structed by crossing two models (Self vs. Teacher)
with two strategies (Task-specific vs. High-level
hints). For each question, we first sampled four can-
didate responses from the policy model and evalu-
ated their correctness. Focusing on the zero-pass
subset, we apply our four guided configurations.
Each configuration generates two independent cri-
tiques, each leading to four refined responses, total-
ing eight refinements. These are compared against
a Re-Sampling baseline of eight direct samples
without feedback.

The evaluation metrics include SameRatio and
Accuracy. SameRatio measures the proportion of
the eight newly generated responses that exactly
replicate the originally selected incorrect answer.
A higher SameRatio indicates a stronger tendency
to persist in the same error during re-exploration.
Accuracy is defined as the overall correctness rate
aggregated across both the initial responses and the
newly generated responses.

We conducted our pilot experiments using
the Qwen2.5-7B-Instruct and Qwen3-4B models
across three challenging mathematical benchmarks:
MATH, AIME25, and OlympiadBench. We use
Qwen2.5-72B-Instruct as the teacher model. For
the Qwen2.5-7B-Instruct model, we set the temper-
ature to 1 and top-p to 0.95. For the Qwen3-4B
model, the temperature was set to 0.7 and top-p to
0.8.

As illustrated in Figure 6, across multiple
datasets and both evaluated models, the Specific
Critique Guide yielded a high SameRatio and
lower Accuracy than random sampling, even with
prompts explicitly identifying errors. This validates
the tendency for models to inadvertently replicate
incorrect responses. Our approach effectively miti-

Hyperparameter Value

Train Batch Size 128
Mini-Batch Size 128
Learning Rate (LR) 1× 10−6

KL Coefficient (β) 0.0
Rollout (K) 8
Temperature 1.0
Top-p 1.0
Max Prompt Length 6144
Max Response Length 4096

Table 4: Detailed training hyperparameters for both
CURE and the GRPO baseline.

Hyperparameter Value

Critique Batch Size 256
Rollout (Initial K) 4
Rollout (Guided M ) 4
Rollout (Critique) 1
Format Penalty (λ1, Missing Keys) 0.5
Format Penalty (λ2, Length) 0.25

Table 5: CURE-specific hyperparameters.

gates this issue, achieving a lower SameRatio and
higher Accuracy, which in turn facilitates more
efficient re-exploration.

D Training Details

D.1 Dataset Construction

Mathematical Reasoning To construct a train-
ing set conducive to complex reasoning, we pre-
process the DeepMath (He et al., 2025) dataset by
rigorously filtering out binary classification prob-
lems (e.g., True/False questions). These instances
are excluded because their simplistic answer space
makes them highly susceptible to random guessing,
which can yield spurious rewards that poorly reflect
actual reasoning ability—thereby introducing noise
into the RL signal. From the remaining pool, we
randomly downsample 76,800 instances. Given a
global training batch size of 128, this dataset size
corresponds to exactly 600 training steps.

Code Generation For the coding domain, we fol-
low the setup in Wang et al. (2025b), utilizing their
curated subset of CodeContests which contains ap-
proximately 4.5k training instances.
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Figure 6: Comparison of SameRatio and Accuracy across different re-exploration strategies on Qwen2.5-7B-Instruct
and Qwen3-4B models.

D.2 Optimization and Hyperparameters

Both CURE and the GRPO baseline are imple-
mented using the verl framework and optimized
via AdamW. For CURE, parameter updates are per-
formed once per step using a unified batch that ag-
gregates data from initial solutions, critiques, and
guided solutions.

For mathematical tasks, we train for 600 steps
with a global batch size of 128. For coding tasks,
we train for a total of 300 steps with a global batch
size of 32. All other optimization hyperparame-
ters remain consistent with the math experiments.
For the Qwen3-4B-Base model, we employ a brief
warmup phase: we first train using standard GRPO
for 50 steps to stabilize instruction following, and
then use this checkpoint to initialize CURE train-
ing.

Table 4 lists the common training hyperparame-

ters shared by both methods. Additionally, Table
5 details the specific hyperparameters introduced
by our CURE framework. All experiments were
conducted on a server equipped with 4 NVIDIA
A800 GPUs.

D.3 Training Cost Analysis

Compared with standard RLVR, CURE introduces
additional training overhead due to its multi-stage
generation process, which includes initial solution
generation, critique generation, and critique-guided
re-generation within each optimization step. To
quantify this overhead, we report the wall-clock
training cost measured on mathematical tasks using
Qwen2.5-7B-Instruct on a server with 4 NVIDIA
A800 GPUs.

Table 7 compares the per-step cost of the GRPO
baseline and CURE. Rollout Time denotes the to-
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Mathematical Reasoning Code Generation

Method AIME24 AIME25 AMC MATH Olym. Avg. MBPP LCB CF Avg.

Qwen2.5-7B-Instruct
Base Model 44.5 36.8 68.7 64.5 64.5 55.8 18.0 62.2 60.5 46.9
GRPO 53.3 38.3 73.0 76.3 73.6 62.9 16.3 64.3 47.0 42.5
CURE (Ours) 72.4 80.7 75.5 77.9 74.9 76.3 49.7 68.3 60.6 59.4

Qwen3-4B-Base
Base Model 22.9 23.9 25.5 25.9 24.8 24.6 20.0 18.6 17.8 18.8
GRPO 42.2 50.4 49.7 56.9 46.8 49.2 52.0 54.3 35.9 47.4
CURE (Ours) 67.9 77.3 71.4 71.5 71.3 71.9 51.5 68.9 55.6 58.7

Table 6: Self-verification performance (F1 score, %) on mathematical reasoning and code generation benchmarks.

Metric GRPO CURE (Ours)

Rollout Time ∼70.2s ∼117.1s
Total Step Time ∼191.0s ∼267.6s

Table 7: Training cost comparison per optimization step
on mathematical tasks using Qwen2.5-7B-Instruct with
4 NVIDIA A800 GPUs.

tal time spent on response generation within one
training step. For CURE, this includes all three gen-
eration phases. Total Step Time denotes the end-
to-end wall-clock time of one complete training
iteration, including both rollout and optimization.

As shown in Table 7, CURE increases rollout
time relative to GRPO due to its richer training
pipeline, while the increase in overall step time is
more moderate. We note that this overhead can
be alleviated in practice through pipelined execu-
tion across batches, where solution generation, cri-
tique generation, and guided re-generation are over-
lapped.

E Evaluation Details

During inference, we set the sampling temperature
to 0.6 and the maximum generation length to 8192
tokens across all tasks. For the code generation
benchmark LiveCodeBench, we utilize Version 2,
which consists of 511 problems.

To evaluate the test-time self-improvement
potential, we implement an iterative self-
improvement loop with a maximum depth of
T = 8 rounds. The process proceeds as follows
for each query:

1. Initialization: The model generates an initial
solution y0 using the standard sampling parame-
ters.

2. Iterative Re-generation: In each round t ∈
[1, T ]:

• The model generates a critique ct for the cur-

rent solution yt−1.

• We parse the verification judgment from ct.
If the judgment is "Error_Found: False"
(i.e., predicted correct), the loop effectively
pauses, and the current solution yt−1 is car-
ried forward as the result for all subsequent
rounds up to T .

• If the judgment is "Error_Found: True"
(i.e., predicted incorrect), the model utilizes
the generated hint ht to produce a new guided
solution yt.

3. Performance Aggregation: For smaller bench-
marks (AMC and AIME), we perform this scaling
process in parallel over 32 independent trajectories
and report the average accuracy (Avg@32) at each
round t. For larger benchmarks (MATH, Olympiad,
and all code tasks), we report Avg@2.

F Additional Results

F.1 Detailed Self-Verification Results

We evaluate the self-verification capability of the
models using the F1 score. Specifically, the F1
score is computed as the harmonic mean of ver-
ification accuracy on self-generated correct and
incorrect solutions. A higher F1 score indicates a
stronger ability to distinguish correct answers from
incorrect ones, which is a prerequisite for effective
inference-time self-improvement.

Table 6 reports self-verification performance
across all benchmarks. CURE consistently out-
performs the GRPO baseline on both mathematical
reasoning and code generation tasks. These re-
sults demonstrate that our unified training objective
effectively grounds critique generation in factual
correctness.
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(b) Unconditional scaling on OlympiadBench.

Figure 7: Unconditional self-improvement scaling results on mathematical benchmarks using Qwen2.5-7B-
Instruct. The plots track accuracy changes over T = 8 iterative rounds without verification filtering.
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Figure 8: Inference-time scaling results on Qwen3-4B-Base.

F.2 Analysis of Unconditional Scaling
Strategy

In the main text, we presented results using the
conditional scaling strategy (Strategy A), where
the model only re-generates a solution if it predicts
an error. Here, we analyze an alternative Uncon-
ditional Re-generation strategy, where the model
iteratively generates a new solution based on the
critique at every round, regardless of the verifica-
tion judgment.

Figure 7 illustrates the scaling trajectories of
this unconditional strategy on MATH500 and
OlympiadBench using Qwen2.5-7B-Instruct. We
observe two key phenomena:
1. Initial Improvement: Similar to the conditional

re-generation approach, the unconditional strat-
egy achieves accuracy gains in the first 3-4

rounds. This confirms that the generated hints
are intrinsically constructive and can guide the
model towards better solutions even without ex-
plicit filtering.

2. Instability in Later Stages: Unlike the condi-
tional strategy which maintains a stable peak,
the unconditional strategy exhibits performance
oscillation after the initial rise. This instabil-
ity arises because the model lacks a stopping
mechanism, leading it to more frequently over-
write correct solutions with incorrect ones in
later turns than the conditional strategy.

Comparing these strategies highlights the im-
portance of both capabilities in CURE: while the
hint provides the necessary gradient for upward im-
provement (Exploration), the verification capability
acts as a crucial gatekeeper (Exploitation), locking
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Method Acc. (%) Avg. Tokens Latency (s)

GRPO + BoN (N=8) 48.2 ∼10678 ∼0.66
CURE + Iter. (T=8) 48.7 ∼4211 ∼0.95

Table 8: Efficiency and latency trade-off on Olympiad-
Bench under the same maximum generation budget.
Avg. Tokens denotes the total number of generated to-
kens per query. For BoN, we conservatively exclude the
additional latency of the external reward model used for
reranking.

in correct solutions to convert volatile gains into a
stable trajectory.

F.3 Additional Scaling Results

Additionally, we provide the scaling trajectories for
the Qwen3-4B-Base model in Figure 8. Consis-
tent with the Qwen2.5 results, CURE demonstrates
robust self-improvement on both MATH500 and
OlympiadBench.

F.4 Efficiency and Latency on
OlympiadBench

To complement the main-text analysis on
MATH500, we further compare GRPO + Best-of-
N (N=8) and CURE + iterative self-improvement
(T=8) on OlympiadBench. Table 8 reports the ac-
curacy, average generated tokens per query, and
latency per query. Similar to the MATH500 results,
CURE achieves slightly better accuracy while us-
ing substantially fewer generated tokens. However,
because OlympiadBench is more challenging and
often requires more refinement turns before early
stopping, the sequential iterative process leads to
higher latency in this setting.

F.5 Results on an Additional Backbone Model

To further evaluate the robustness of CURE across
model families, we additionally conduct experi-
ments on OctoThinker-3B-Short-Base (Wang et al.,
2025c), a LLaMA-based model that undergoes mid-
training. The results are reported in Table 9.

Due to the relatively limited capacity of this 3B
model, it produces too few correct solutions on
the challenging AIME24 and AIME25 benchmarks
for stable evaluation. We therefore focus on three
representative benchmarks: MATH500, Olympiad-
Bench, and AMC23.

As shown in Table 9, CURE maintains com-
petitive single-turn performance over the GRPO
baseline and achieves stronger inference-time self-
improvement under iterative scaling. In particu-
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Figure 9: Gradient norm dynamics.

lar, with test-time self-improvement up to T = 8
rounds, CURE improves the average accuracy from
25.6% to 26.5%, while the GRPO baseline exhibits
almost no gain (25.3% to 25.2%). These results
further support that the benefits of CURE gener-
alize beyond the Qwen family to other backbone
architectures.

F.6 Impact of Experience Replay Strategy

We investigated two strategies for experience re-
play: (1) Selective Replay (CURE): Only replay-
ing successful guided solutions from "zero-pass"
groups. (i.e., where the model initially failed com-
pletely). (2) Full Replay: Replaying all successful
guided solutions, including those from groups that
already contained correct initial solutions.

As shown in Table 10, while Full Replay yields
a marginal scaling improvement (41.8%), it signifi-
cantly degrades the base single-turn reasoning capa-
bility (40.1%) below the GRPO baseline (41.0%).
In contrast, Selective Replay achieves optimal per-
formance on both metrics.

We attribute the degradation in Full Replay to
excessive distribution shift. Since guided solutions
are conditioned on hints (Query + Hint), they de-
viate from the standard inference distribution. In-
discriminately treating them as standard training
samples introduces off-policy noise, destabilizing
the optimization landscape. As visualized in Fig-
ure 9, the Full Replay strategy (Pink Line) exhibits
a sudden spike in the actor’s gradient norm, in-
dicating training instability. By restricting replay
to “zero-pass” groups, CURE injects high-value
learning signals only where they are strictly nec-
essary, preserving stability while breaking explo-
ration stagnation.
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Method MATH500 OlympiadBench AMC23 Avg.

Base Model 3.5 1.2 1.1 1.9
GRPO (Baseline) 41.8 13.2 20.9 25.3

+ Self-Improve (T=8) 42.2 12.3 21.1 25.2
CURE (Ours) 42.0 14.3 20.4 25.6

+ Self-Improve (T=8) 43.6 14.8 21.0 26.5

Table 9: Results on OctoThinker-3B-Short-Base.

Method Single-turn Avg. Scaling Avg. (T=8)

GRPO Baseline 41.0 41.4
Full Replay 40.1 41.8
Selective Replay (CURE) 42.0 44.9

Table 10: Ablation study on Experience Replay Strategy (Average accuracy across 5 math benchmarks).

G Licenses

Datasets and Benchmarks. The training dataset
is derived from DeepMath (MIT License) and
CodeForces (CC-BY-4.0). We evaluate on: MATH
500 (MIT License), AIME 2024/2025 (CC0: Pub-
lic Domain), AMC 2023 (Apache License 2.0),
Olympiad Bench (MIT License), CodeForces (CC-
BY-4.0), MBPP (CC-BY-4.0), and LiveCodeBench
(CC License).

Framework. RL training is based on verl v0.5
(Apache-2.0 license). Evaluation is performed us-
ing vllm framework (Kwon et al., 2023) v0.8.5
(Apache-2.0 License).

H Qualitative Comparison of Hint
Quality

Figure 10 presents a qualitative comparison be-
tween CURE and the GRPO baseline on a num-
ber theory problem. The initial solution correctly
identifies the smallest solution (1, 2, 3) but fails to
consider permutations. The GRPO baseline model,
lacking explicit critique training, generates a hint
that is technically sounding but semantically irrele-
vant to the actual error. Consequently, the guided
re-generation fails to break out of the initial incor-
rect path, repeating the same incomplete answer.
In contrast, CURE generates a strategic hint that
directly challenges the flaw in the reasoning logic.
Crucially, this hint does not leak the answer but
instead prompts the model to reconsider its assump-
tions. It successfully triggers a new line of reason-
ing (“Symmetry and Permutations”), enabling the
model to discover the complete set of solutions.
This case exemplifies how CURE’s critique capa-
bility acts as an effective scaffold for escaping local

optima.
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Case Study
Problem:
Find all triples (a, b, c) of positive integers such that a3 + b3 + c3 = (abc)2.

Initial (Incorrect) Solution:
To find all triples (a, b, c) of positive integers such that...
[...Intermediate steps omitted...]
Given the complexity and the rapid growth of the terms, we can infer that the only solution found is the smallest
one.
Thus, the only solution is: (1, 2, 3) (Incorrect) – Overlooked permutations

GRPO
Generated Hint:
[...other fields omitted...]
Always verify the behavior of polynomials for positive integer solutions by testing small values and
considering the polynomial’s derivative to understand its trend.

New Solution (Guided by Baseline):
[...Intermediate steps omitted...]
After testing small values and analyzing the behavior of the polynomial, we find that the only solution is
(1, 2, 3) (Still Incorrect)

Ours
Generated Hint:
[...other fields omitted...]
Always be cautious with the assumption that the smallest or first solution found is the only one, especially
when dealing with polynomial equations.

New Solution (Guided by Ours):
[...Intermediate steps omitted...]
Thus, c = 3 is a solution, confirming (1, 2, 3) is a solution since 1 + 8 + 27 = 36 = 62.

Symmetry and Permutations: ← Logic triggered by Hint
Since the equation is symmetric in a, b, c, we generally test permutations of the found solution (1, 2, 3).
All the following are solutions:

(1, 3, 2), (2, 1, 3), (2, 3, 1), (3, 1, 2), (3, 2, 1)

[...Proof for no larger solutions omitted...]

Conclusion:
The solutions are all permutations of (1, 2, 3).
Final Answer:

(1, 2, 3), (1, 3, 2), (2, 1, 3), (2, 3, 1), (3, 1, 2), (3, 2, 1)

(Correct)

Figure 10: Qualitative comparison of generated hints.
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