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Abstract

Existing self-evolution methods overlook the influence of
fine-grained reasoning steps, which leads to the reasoner-
verifier gap. The computational inefficiency of Monte Carlo
(MC) process supervision further exacerbates the difficulty in
mitigating the gap. Motivated by the Error-Related Negativ-
ity (ERN), which the reasoner can localize error following
incorrect decisions, guiding rapid adjustments, we propose
a Self-Adaptive Process Optimization (SAPO) method for
self-improvement in Small Language Models (SLMs). SAPO
adaptively and efficiently introduces process supervision sig-
nals by actively minimizing the reasoner-verifier gap rather
than relying on inefficient MC estimations. Extensive exper-
iments demonstrate that the proposed method outperforms
most existing self-evolution methods on two challenging task
types: mathematics and code. Additionally, to further inves-
tigate SAPO’s impact on verifier performance, this work in-
troduces two new benchmarks for process reward models in
both mathematical and coding tasks.

Introduction
Recent advances (Achiam et al. 2023; Guo et al. 2025) in
Large Language Models (LLMs) highlight their superiority
in complex multi-step planning, particularly with Chain-of-
Thought (CoT) (Wei et al. 2022; Kojima et al. 2022). Despite
outperforming SLMs (≤ 2B), LLMs’ high computational
and storage costs are prohibitive. Thus, developing efficient
but strong SLMs for mobile devices is promising (Magister
et al. 2023; Chen, Wang, and Zhang 2024).

Previous approaches (Pang et al. 2024; Jiao et al. 2024;
Guan et al. 2025) have applied the self-evolutionary con-
cept to LLMs to enhance reasoning performance, offering
greater flexibility and efficiency. However, due to the poor
instruction-following ability and reasoning performance, the
general reward evaluation methods used on LLMs (Zheng
et al. 2023; Chen et al. 2024; Liu et al. 2025b) are unsuitable
for SLMs. In contrast, current classification-based discrim-
inative methods are an efficient reward allocation approach
better suited for the self-improvement of SLMs, typically a
system composed of a reasoner and a verifier (Hosseini et al.
2024; Chen, Wang, and Zhang 2025), as shown in Figure 2.
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Figure 1: The performance and gap dynamics of the online
reasoner and verifier across iterations in the step correction
prediction of GSM Process. The selected baseline model is
Qwen-2.5-0.5B, and the reasoner estimates step correctness
using a MC approach.

Nevertheless, most existing self-evolution methods still
overlook feedback on fine-grained reasoning steps and in-
stead opt for outcome rewards (Uesato et al. 2022; Lightman
et al. 2024) as a more efficient form of supervision (Yu et al.
2025; Guo et al. 2025), which inevitably leaves room for re-
ward hacking (Liu et al. 2025a; Yu et al. 2025). Thus, Monte
Carlo-based process supervision transfers the posterior esti-
mation of reasoning to the verifier model through step-level
annotations, delivering superior performance (Jiao et al.
2024; Guan et al. 2025; Chen, Wang, and Zhang 2025).
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Figure 2: A comparison between the Self-Adaptive Process Optimization (SAPO) and the previous self-evolution framework.
SAPO actively detects potential first error positions to determine which steps need to be verified, rather than performing step-
by-step rollout estimation.

To better understand the limitations of self-evolution
methods guided by process-level feedback, this work
investigates the bias issues arising within the explo-
ration–exploitation paradigm formed by the interaction be-
tween the reasoner and the verifier. Figure 1 (top) shows
that, under multiple rounds of self-iteration, the absence of
process supervision signals leads to an increasing reasoner-
verifier gap. This gap undermines the verifier’s ability to as-
sess the quality of reasoning paths accurately. In contrast,
Figure 1 (bottom) shows that introducing online process su-
pervision effectively reduces the reasoner-verifier gap.

However, the Monte Carlo-based process-supervised ver-
ifier (Wang et al. 2024; Jiao et al. 2024; Guan et al. 2025)
is computationally expensive and highly inefficient. It poses
a major bottleneck to scalability and practical application,
as shown in Figure 2. If each problem takes 8 steps and
has 10 reasoning trajectories, labeling 10k problems requires
800,000 rollouts. Thus, achieving collaborative optimization
between the inference engine and the verifier without signif-
icantly increasing supervisory costs is a key challenge in the
current self-evolution methods.

Therefore, we propose a novel Self-Adaptive Process Op-
timization (SAPO). This method enhances the efficiency
of process supervision by introducing necessary step labels
through localized error detection and correction. This new
idea is motivated by the Error-Related Negativity (ERN)
(Yeung, Botvinick, and Cohen 2004), whereby humans can
spontaneously detect and localize errors shortly after mak-
ing incorrect decisions, thereby guiding subsequent cogni-
tive adjustments and behavioral corrections.

Refer to Figure 2 for a high-level understanding of SAPO.
During the construction of process supervision, potential
first error locations (Uesato et al. 2022; Lightman et al.
2024) are identified through the changes and ordinality in
reward scores. Then, the verifier is adaptively adjusted to
minimize the discrepancies at these locations with the roll-
out estimates by the reasoner. The contributions of this work
can be summarized as follows:

1) This study proposes SAPO, a self-evolution paradigm
that balances efficiency and performance by replacing in-
efficient step-by-step verification with first error detec-
tion and posterior estimation.

2) To better evaluate the performance of different verifiers,
this study introduces two datasets, GSM Process and
MBPP Process, for reasoning step correctness verifica-
tion in mathematics and code, respectively, based on first-
error annotation. The Self-Adaptive PRM (SAPRM) also
outperforms other reward models for process verifica-
tion.

3) Extensive experiments demonstrate that SAPO outper-
forms existing state-of-the-art self-evolution methods,
e.g., GRPO (Shao et al. 2024), on two challenging cat-
egories of multi-step reasoning tasks: mathematics and
code. Moreover, SAPO demonstrates superior perfor-
mance in addressing the bias between reasoning and ver-
ification.

Preliminary
Problem Definition
Given a question q, a reasoning model M is to obtain its fi-
nal answer a through a certain reasoning trajectory τ . Based
on the Markov Decision Process (MDP) (Hao et al. 2023; Li
and Li 2024), a reasoning trajectory can be defined as fol-
lows:

sj+1 ∼M(s(0:j), q|θ) (1)

τ = {⟨s0, c0⟩, ⟨s1, c1⟩, . . . , ⟨sn, cn⟩} (2)

where θ is the weight of the model M , si is one of the im-
mediate steps and s(1:j) represents an unfinished trajectory
ending at sj . Additionally, each step can be further assigned
a corresponding correctness label c ∈ {0, 1}.

Process Reward Supervision
An independent label can be assigned to each step, which
can be manual. Recent works (Wang et al. 2024; Jiao et al.
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Figure 3: Overall framework diagram of Self-Adaptive Process Optimization (SAPO). The method adopts a self-iterative frame-
work where the verifier pre-assigns step-level scores, error detection locates the first likely error, and the reasoner revisits it
for posterior estimation. The corrected reasoning step labels then supervise the verifier, enabling the reasoner to self-optimize
under more accurate process rewards.

2024) have adopted an MC estimation approach for auto-
mated labeling. Employing multiple rollouts starting from a
certain step sj to estimate its correctness cj , as follows:

Rollout
(
M, q, s(0:j)

)
=

{
M

(
q, sk(0:j) | θ

)}T

k=1

=
{ (

sk0 , . . . , s
k
j , s

k
j+1

′ , . . . , skm
′ , ak

)}T

k=1

(3)

A = {a1, a2, ..., aT } (4)

cj =

{
1, if ∃ ak ∈ A, ak = a∗

0, otherwise
(5)

where T is the number of the sampling, and m is the length
of the completed trajectory. However, MC estimation is
always computationally inefficient. Thus, a classification-
based Process Reward Model (PRM) can be trained using
Mean Square Error (MSE) loss, as follows:

LPRM =
1

N

N∑
i=1

Mi∑
j=1

(
f(si(0:j); q)− ck

)2

(6)

where f denotes the predicted output of the classification
head, N denotes the total number of questions q, and Mi

represents the total steps in the i-th reasoning trajectory. Typ-
ically, the PRM (or verifier V ) can be initialized from M .

Self-Adaptive Process Optimization
Reasoning Trajectory Sampling
For a given question q, diverse reasoning trajectories can
be obtained by the reasoner M through high-temperature T
sampling (Yuan et al. 2023b), as follows:

Sample(M, q) =
{
τi | τi ∼M(q, T, θ)

}K

i=1
(7)

K denotes the number of sampled trajectories for a given
problem. All sampled trajectories are deduplicated to ensure
diversity, provided the minimum sampling count is met.

Self-Adaptive Process Supervision
First Error Detection. According to Equation (6), the ver-
ifier V can assign a reward score to any step sj within a
sampled trajectory τ , as follows:

ĉj = f(s(0:j); q) ∈ [0, 1] (8)

according to previous works (Uesato et al. 2022; Lightman
et al. 2024), the first error position strategy is sufficient to
provide effective process supervision signals. As shown in
Figure 3, the step with the maximum score difference ∆j

can be defined as the potential first error position:

∆j = ĉj − ĉj−1 (9)

t̂ = argmaxj∈{1,2,...,n−1}∆j (10)

where t̂ denotes the potential first error position predicted by
the V . Thus, step-level labels for a reasoning trajectory can
also be pre-assigned:

τ ={⟨sw0 , cw0 ⟩, ..., ⟨swt̂ , c
w
t̂
⟩,

⟨sl
t̂
, cl

t̂
⟩, ..., ⟨sln, cln⟩}

(11)

here, cw = 1 and cl = 0 indicate that the current step is
correct and incorrect, respectively.
Self-Verification. The first error position predicted by the
verifier is not unbiased, as shown in Figure 3. There may be
a discrepancy between the predicted position t̂ and the gold
position t :(a) If ct̂ = 1 and ct̂+1 = 0 : t̂ = t; (b) If ct̂ = 1

and ct̂+1 = 1 : t̂ > t; (c) If ct̂ = 0 and ct̂+1 = 0 : t̂ < t.
According to the rollout estimation (Equations (3), (4),

and (5)), each case requires only two rollouts, which is
significantly fewer than the step-by-step rollout estimation.
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Case (a) refers to the prediction being correct. For cases (b)
and (c), the pre-assigned labels will be corrected as follows:

(b)
τ ={ ⟨sw0 , cw0 ⟩, . . . , ⟨swt̂ , c

w
t̂
⟩,

⟨sw
t̂
, cw

t̂
⟩, . . . , ⟨sln, cln⟩}

(12)

(c)
τ ={⟨sw0 , cw0 ⟩, . . . , ⟨slt̂, c

l
t̂
⟩,

⟨sl
t̂
, cl

t̂
⟩, . . . , ⟨sln, cln⟩}

(13)

Expansion. Naively correcting a single-step error to reduce
bias is suboptimal, as the corrected result may not general-
ize well to unseen cases. Fortunately, rollout inherently sim-
ulates diverse scenarios through sampling. Therefore, based
on the first error location, the extended trajectories can be
retained to enhance the generalization of verification:

(i) If cj = 1, it indicates that all extended trajectories with
s(1:j) as a prefix and a correct final result are correct at
every step.

(ii) If cj = 0, it indicates that any suffix s(j+1:m) starting
from sj leads to an incorrect final result being incorrect
at every step.

Reasoning Optimization
The verifier trained with self-adaptive process supervision
can assign overall reward scores to sampled reasoning tra-
jectories and construct a preference dataset, as follows:

r(τ) =

∑m
j=1 ĉj

m
=

∑m
j=1 f(ŝ(0:j); q)

m
(14)

Dpref = {qi, τwi , τ li
∣∣r(τwi )− r(τ li ) ≥ η } (15)

where η denotes the threshold, while τw and τ l represent the
positive and negative samples, respectively. Given the pref-
erence data, SAPO employs the ORPO algorithm (Hong,
Lee, and Thorne 2024) to achieve self-alignment of the rea-
soner M , as follows:

LORPO = E(q,τw,τ l)

[
LSFT (q, τ

w)

− β

(
log σ

(
odds(τw | q)
odds(τ l | q)

))] (16)

odds(τ |q ) =
P (τ |q )

1− P (τ |q )
(17)

Iterative Self-Optimization
The proposed SAPO follows an iterative explo-
ration–exploitation paradigm, where the reasoner is
guided toward self-optimization by the verifier’s progres-
sively refined process supervision signals. The framework
can be illustrated in Algorithm 1.

As indicated, Detect and Verify follow the strategies out-
lined before, and each verifier V is initialized from the rea-
soner. Since the algorithm requires a trained verifier, we use
binary estimation (Luo et al. 2024) (denoted as Ω) to per-
form the initial step labeling.

Algorithm 1: Procedure of SAPO

1: Initialize: A pretrained SLM M ; Original dataset
Dorg = {(qi, τi)}Ni=1

2: M0 ← SFT(M, Dorg)

3: Dsample
0 ← Sample(M0, Dorg)

4: D0 ← Dsample
0 ∪Dorg

5: Dstep label ← Ω
(
M0, Subset(D

sample
0 )

)
6: V0 ← SFT(M0, Dstep label)
7: for i = 1 to T do
8: Dsample

i ← Sample(Mi, Di−1)

9: Di ← Dsample
i ∪Di−1

10: Dscore ← Score
(
Vi−1, Subset(D

sample
i )

)
11: Dstep detect ← Detect(Dscore)
12: Dstep label ← Verify(Mi, Dstep detect)
13: Vi ← SFT(Mi, Dstep label)
14: Dperf ← Score(Vi, Di)
15: Mi+1 ← Align(M, Dperf)
16: end for
17: Return The MT after iteration.

Experiments
Benchmark
Two challenging multi-step reasoning benchmarks are se-
lected to evaluate the model’s reasoning capability: GSM8K
(Cobbe et al. 2021) for mathematical reasoning and MBPP
(Austin et al. 2021) for code generation. MATH (Hendrycks
et al. 2021) and HumanEval (Chen et al. 2021) are used to
evaluate the Out-of-Domain (OOD) generalization on math
and code tasks. Accuracy and Pass@1 (Chen et al. 2021) are
evaluation metrics for math and code, respectively.

Previous studies used Best-of-N evaluation (Cobbe et al.
2021) for verifier models, but it is unreliable for PRM
(Zheng et al. 2024a; Zhang et al. 2025). Instead, process-
level verification provides a more dependable evaluation.

To enable step-wise verification in math and code tasks,
we introduce two new benchmarks: GSM Process and
MBPP Process. For each question in GSM8K and MBPP,
different models generated two reasoning paths. GPT-4o
(Achiam et al. 2023) was used to annotate the first incorrect
step in each path, with results filtered for reliability. These
benchmarks contain 3,786 and 1,499 examples, and evaluate
verifiers based on step correction prediction accuracy.

Baselines
Except for Chain-of-Thought (CoT) (Wei et al. 2022)
and Supervised Fine-Tuning (SFT), several strong self-
evolution methods are also implemented as baselines, in-
cluding: Rejection Sampling Fine-Tuning (RFT) (Yuan et al.
2023b), RFT combined with Direct Preference Optimization
(Rafailov et al. 2023) (RFT+DPO), Reasoning Preference
Optimization (RPO) (Pang et al. 2024), Group Relative Pol-
icy Optimization (Shao et al. 2024) after SFT (SFT+GRPO).
Additionally, ORM (Lightman et al. 2024), OmegaPRM
(Luo et al. 2024), and ShepherdPRM (Wang et al. 2024) are
implemented as baselines for verifiers’ comparison.
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Model Qwen-2.5-0.5B Llama-3.2-1B Gemma-2-2B
Method\Task GSM8K MATH(OOD) GSM8K MATH(OOD) GSM8K MATH(OOD)

CoT 28.51 25.97 5.31 3.65 19.86 16.22
SFT 34.19 24.84 22.14 2.60 39.12 20.95
RFT 37.83 27.35 26.31 5.56 45.34 22.14

RFT+DPO 8.26 12.45 23.88 4.06 41.02 15.38
Online-RFT 40.79 28.85 29.03 5.45 48.67 24.60

RPO 41.55 22.68 29.26 4.85 45.41 11.96
SFT+GRPO 46.24 34.53 26.46 5.92 44.65 24.36
SAPO-iter1 36.99 30.04 29.41 5.51 46.10 24.00
SAPO-iter2 38.14 31.48 32.60 5.92 48.07 24.36
SAPO-iter3 41.62 31.72 34.19 5.45 49.73 24.24

Method\Task MBPP HumanEval(OOD) MBPP HumanEval(OOD) MBPP HumanEval(OOD)
CoT 24.44 25.60 21.94 19.51 22.61 17.07
SFT 29.32 25.60 24.01 19.51 29.62 21.34
RFT 30.36 26.82 26.35 21.34 29.05 18.90

RFT+DPO 16.29 20.73 25.95 17.68 18.03 16.46
Online-RFT 34.00 28.04 28.25 15.85 34.20 20.73

RPO 36.63 32.31 28.45 15.24 34.93 18.29
SFT+GRPO 35.20 29.26 25.55 13.41 33.40 24.39
SAPO-iter1 33.83 31.09 25.35 18.90 32.76 22.56
SAPO-iter2 34.06 30.48 28.82 21.34 35.17 23.78
SAPO-iter3 36.67 30.48 28.92 21.34 35.43 24.39

Table 1: Comparative experimental results on multi-step reasoning tasks in both mathematics reasoning and code generation.
Bold indicates the best performance, while underline represents the second best.

Setup
Qwen-2.5-0.5B (Yang et al. 2024), Llama-3.2-1B
(Grattafiori et al. 2024), and Gemma-2-2B (Team et al.
2024) serve as evaluation backbones. For SAPO, distinct
reasoning trajectories are sampled per question per iteration,
using the same model as the verifier. Full fine-tuning is ap-
plied to Qwen-2.5-0.5B and Llama-3.2-1B, while QLoRA
(Dettmers et al. 2023) fine-tunes Gemma-2-2B for effi-
ciency. The publicly available Unsloth framework is used
to accelerate training and inference, and all experiments are
run on two NVIDIA 3090 GPUs.

Comparison of Different Self-Evolution Methods
Table 1 shows that SAPO consistently outperforms most
other methods across different models and tasks, both in-
domain and out-of-domain. Moreover, reasoning perfor-
mance of SAPO can further improve with more iterations.

Applying DPO after RFT to align positive and negative
sample results in worse performance, consistent with previ-
ous finding (Feng et al. 2024). And effective improvement
can be achieved by emphasizing positive examples during
the iterative process, as demonstrated by RPO (Pang et al.
2024) and ORPO (Hong, Lee, and Thorne 2024).

Although Qwen-2.5-0.5B trained with GRPO achieves
the best performance on math tasks, this improvement is
highly model-dependent. When the base model has weaker
capabilities (e.g., LLaMA or Gemma) or when applied
to code tasks, GRPO does not outperform other methods.
Moreover, without SFT, training SLMs with GRPO strug-
gles to converge to high-reward.

Comparison of Different Verifiers
Figure 4 presents the performance trends of SAPRM on
mathematical and code tasks. With only local step correc-
tions introduced, SAPRM achieves progressively improved
process verification performance across iterations, often out-
performing ORM, particularly on code verification. In con-
trast, Online ORM exhibits a clear performance ceiling—its
verification accuracy tends to decline after reaching a peak.
Moreover, SAPRM performs better with larger models.

To further investigate the reasoning-verification bias un-
der different approaches, we also implemented two com-
monly used baselines, OmegaPRM and ShepherdPRM, for
comparison, as shown in Figure 5. Additionally, we used
step prediction accuracy based on MCE starting from each
step of the reasoning process as an upper bound for each it-
eration. Figure 5 shows that SAPRM achieves lower bias on
GSM Process than other verifier models, despite only veri-
fying and correcting local information.

Further Analysis
Analysis of Process Supervision Efficiency
As described before, Self-Adaptive Process Supervision
(SAPS) enhances efficiency by identifying and verifying
only the first potential error, thereby avoiding unnecessary
step-by-step rollout. To validate the effectiveness of the pro-
posed method, we compare SAPS with two current pro-
cess labeling approaches, including Shepherd and Omega,
on processing supervision signal annotation efficiency. The
comparison uses FLOPs and elapsed time (in seconds) on
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Figure 4: The performance evolution of SAPRM across different tasks (GSM Process and MBPP Process) and models over
iterations. The online Outcome Reward Model (ORM) is used as a baseline for comparison.

Figure 5: Multi-round iterative performance comparison of
different reward models on GSM Process. Monte Carlo Esti-
mation (MCE) serves as the upper bound of verification per-
formance achievable by the reasoner, and Qwen-2.5-0.5B is
used as the base model.

different tasks. The evaluation was conducted using Qwen-
2.5-0.5B on a single NVIDIA RTX 3090 GPU. For the code
tasks, compilation time was also taken into account.

Figure 6 shows that, compared to Shepherd, which relies
on step-wise rollout for verification, SAP achieves a 2–3x
improvement in FLOPs and time consumption. Moreover,
SAPS outperforms Omega, which uses binary estimation to
locate the predicted first error position.

Analysis of Self-Verification Errors
Self-verification error rate reflects the consistency between
the reasoner and the verifier. Additionally, the efficiency of
SAPO also depends on the number of mismatches or errors
that occur when the reasoner is used to verify the labels pre-
assigned by the verifier. Thus, it is worth exploring the rela-
tionship between the reasoner and the verifier across differ-
ent iterations. Specailly, Pre-assigned labels are considered
correct in only three cases: (1) correct result with all cor-
rect steps, (2) incorrect result with all incorrect steps, or (3)
incorrect result with correctly locating the first error.

To avoid interference from varying samples, we uni-
formly adopt the reasoning trajectories used by three differ-
ent models from GSM Process and MBPP Process for self-
verification error evaluation. The analysis is conducted to
determine whether the reasoner and verifier are aligned.

Table 2 shows that self-verification performs best when
the reasoner and verifier are from the same round (e.g., V3-
R3), while mismatched pairs lead to higher error rates, high-
lighting the importance of online synchronization. Notably,
although V1-R1 is also synchronized, its higher error rate
compared to V3-R3 suggests that iteration helps close the
gap between the verifier and reasoner.

Ablation Study Analysis
In the ablation study, w/o PF removes process feedback
from verifier updates, assigning step labels only by final re-
sult; w/o RM excludes the verifier, using only result correct-
ness to label samples; w/o DV replaces verifier-guided cor-
rection with random step correction; w/o EP disables verifi-
cation expansion. Table 3 shows that removing any compo-
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Figure 6: Comparison of efficiency in process labeling methods. The figure illustrates the average FLOPs and time (in seconds)
required to label a single sample under different process supervision methods.

Model Qwen-2.5-0.5B Llama-3.2-1B Gemma-2-2B

Task GSM8K

V1-R1 58.59 60.34 54.51
V1-R3 58.66 61.49 56.48
V3-R3 54.63 54.46 51.36
Task MBPP

V1-R1 67.48 78.22 67.48
V1-R3 68.85 76.96 67.31
V3-R3 67.08 76.21 63.29

Table 2: The self-verification error rates (%) obtained by the
different reasoner and verifier. V1-R3 indicates that the veri-
fier from round 1 is used to pre-assign labels, while the rea-
soner from round 3 is used to perform self-verification.

nent leads to varying degrees of performance degradation,
demonstrating their necessity. Moreover, w/o PF and w/o
RM have distinct impacts despite both relying solely on out-
come feedback. w/o PF leads to a more significant overall
performance degradation due to its effect on the PRM.

Related Work
Self-Evolution of Language Reasoning. Reasoning models
have long been a central focus of research (Guo et al. 2025;
Shen et al. 2025a,b; Zheng et al. 2024b, 2025; Yuan et al.
2023a, 2025). And self-evolution is central to recent reason-
ing methods. STaR (Zelikman et al. 2022) and RFT (Yuan
et al. 2023b) apply supervised learning to model-generated
traces. RPO (Pang et al. 2024) and V-STaR (Hosseini et al.
2024) both use offline reinforcement (e.g., DPO) to align
positive and negative samples over multiple rounds, while
V-STaR further integrates a verifier to internalize this align-
ment. Current R1-like self-reflective reasoning (Liu et al.
2025a; Yu et al. 2025) that centers around algorithms like
GRPO (Shao et al. 2024) or PPO (Schulman et al. 2017)
can also be categorized as self-evolution. Specifically, these
methods iteratively adjust the model through online sam-
pling to produce higher-reward outputs.

While self-evolution approaches have improved pre-
trained models’ reasoning, they rely mainly on outcome

Method\Model Qwen-2.5-0.5B Llama-3.2-1B

SAPO 41.62 34.19
w/o PF 39.65 32.37
w/o DV 40.86 31.69
w/o RM 40.71 32.75
w/o EP 40.33 33.73

Table 3: Ablation study on GSM8K. PF denotes process
feedback, DV stands for error detection and self-verification,
RM represents the reward model (or verifier), and EP refers
to expansion during verification.

feedback, which leaves room for reward hacking during
alignment (Liu et al. 2025a).
Process-guided Long-Chain Reasoning. Compared to
outcome-level supervision, step-level process supervision
has gained attention for offering denser feedback signals.
Early studies (Uesato et al. 2022; Lightman et al. 2024) man-
ually labeled the correctness of individual reasoning steps to
train a PRM. Recent works (Wang et al. 2024; Luo et al.
2024; Jiao et al. 2024) have focused on automating step ver-
ification using Monte Carlo-based rollout estimation.

Research based on process supervision generally falls
into two categories: (1) training-free methods (Hao et al.
2023; Guan et al. 2025) using Monte Carlo Tree Search
(MCTS) for test-time performance scaling, and (2) self-
evolutionary approaches (Jiao et al. 2024; Chen, Wang, and
Zhang 2025) that improve reasoning via offline PRMs in
an exploration-exploitation framework. However, these self-
evolution methods still face inefficient training and weak
alignment between rewards and reasoning steps.

Conclusion
This paper proposed the Self-Adaptive Process Optimiza-
tion (SAPO) method to improve multi-step reasoning per-
formance in SLMs. Specifically, the method gradually en-
hances reasoning performance by adapting to the bias be-
tween the reasoner and the verifier. Extensive experimental
results show that the proposed method outperforms existing
self-evolution methods and is more efficient in step labeling
than previous approaches.
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