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Abstract

Reinforcement Learning (RL) has been shown to improve
the capabilities of large language models (LLMs). How-
ever, applying RL to open-domain tasks faces two key chal-
lenges: (1) the inherent subjectivity of these tasks prevents
the verifiable rewards as required by Reinforcement Learning
with Verifiable Rewards (RLVR); (2) Reinforcement Learn-
ing from Human Feedback (RLHF) relies on external re-
ward mechanisms. To overcome these limitations, we pro-
pose Self-Examining Reinforcement Learning (SERL), a
novel self-improving framework where the LLM serves as
both Actor and Judge. SERL introduces two synergistic re-
ward mechanisms without any external signals. On the one
hand, to improve the Actor’s capability, we derive rewards
from Copeland-style pairwise comparison judgments across
a group of generated responses. On the other hand, a self-
consistency reward that encourages coherent judgments is
proposed to enhance the Judge’s reliability. This refinement
strengthens the Judge, consequently generating a more ro-
bust training signal for the Actor. Experiments show that
our method outperforms existing self-improvement training
methods. SERL improves the LC win rate of Qwen3-8B on
AlpacaEval 2.0 from 52.37% to 59.90%. To the best of our
knowledge, our method achieves state-of-the-art performance
among self-improving approaches. Furthermore, it achieves a
performance comparable to significantly larger models like
Qwen3-32B, demonstrating superior effectiveness and ro-
bustness on open-domain tasks.

Code — https://github.com/AlwaysOu/SERL

1 Introduction

Reinforcement Learning (RL) has been demonstrated as an
effective post-training approach that significantly improves
the generation and reasoning capabilities of large language
models (Jaech et al. 2024; Guo et al. 2025). In particular,
Reinforcement Learning with Verifiable Rewards (RLVR)
has shown remarkable efficacy in specialized tasks such as
mathematical reasoning (Hu et al. 2025; Yu et al. 2025a)
and code generation (Luo et al. 2025). However, improving
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model performance on a broad range of open-domain tasks
through RL still faces two major challenges.

Unverifiable answers: Open-domain tasks, including
open writing and summarization, typically lack defini-
tive correct answers, which are indispensable factors for
RLVR. Ma et al. (2025) try to solve this chanllenge by
training a verification model to evaluate the consistency be-
tween policy answers and reference answers, while (Zhou
et al. 2025; Yu et al. 2025b) leverage the policy itself
to compute the joint distribution between the reasoning
process and reference answers as rewards. These works
only focus on objective question-answering tasks such as
MMLU (Wang et al. 2024), GPQA (Rein et al. 2024), Theo-
remQA (Chen et al. 2023), etc., while neglecting more open-
ended task types such as summarization, open writing, and
even general-domain open-QA. In practice, these tasks usu-
ally lack reference answers or supply only low-quality ones.

Reliance on external reward mechanisms: Earlier
methodologies, such as Reinforcement Learning from Hu-
man Feedback (RLHF) (Stiennon et al. 2020) and Reinforce-
ment Learning from Al Feedback (RLAIF) (Lee et al. 2023),
have demonstrated effectiveness in improving model capa-
bilities across general domains by leveraging feedback from
human annotators or Al-based evaluators. However, these
RL methods also face significant limitations: they require
extensive data annotation or dedicated reward models, lead-
ing to scalability challenges and additional computational
overhead (Gao, Schulman, and Hilton 2023). Yuan et al.
(2024); Wu et al. (2024) introduce an offline self-improving
method, in which the model scores each of its own outputs
individually and then constructs preference data for DPO
training in each iteration. These approaches require super-
vised cold-start fine-tuning, and their point-wise scoring de-
pends on well-crafted standards, limiting their generalizabil-
ity across diverse tasks.

To address these limitations, we propose SERL, a novel
self-examining reinforcement learning framework designed
specifically to enhance LLM generation capabilities in open-
domain scenarios without relying on any external supervi-
sion signals or reward mechanisms. Our framework intro-
duces a self-examining mechanism in which the model al-
ternately assumes the roles of Actor and Judge, jointly op-
timizing its generation and evaluation capabilities. During
training, the model samples diverse responses for each in-
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Figure 1: Overview of SERL. Given a instruction, the Actor first samples a group of responses. The Judge samples pairwise
comparison judgments between response pairs. The judgments are aggregated via Copeland method to yield the Reward for
Actor. Next, the consistency between the judgments and the ranking implied by the Reward for Actor is computed to generate
the Reward for Judge. This process jointly enhances generation ability and comparative evaluation ability.

Copeland method
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Figure 2: Illustration of the Copeland method.

put and then evaluates these responses by itself. Specifically,
we introduce Copeland-style judgments as shown in Figure
2, in which model conducts pairwise comparisons between
responses and subsequently ranks them according to their
respective win rates within one group, establishing ranking
rewards for generations and intrinsic consistency rewards for
evaluations. SERL leverages the model’s intrinsic evaluation
capabilities while ensuring co-evolution of both generation
and evaluation abilities via online learning, thus removing
reliance on external reward signals.

Experiments on multiple open-domain tasks demonstrate
the efficacy of SERL. Based on Qwen3-8B, our model
achieves a notable performance increase on diverse open-
domain tasks. Only a few dozen steps of training elevate the
LC win rate on AlpacaEval 2.0 from 52.37% to 59.90%.
Furthermore, extensive experiments across summarization
and open writing tasks show that SERL consistently outper-
forms other mainstream self-improving methods, and deliv-
ering performance competitive with significantly large mod-
els like Qwen3-32B.

In summary, our main contributions are as follows:

1. We introduce SERL, a novel self-examining reinforce-
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ment learning framework that enables large language
models to jointly optimize their generation and evalu-
ation abilities without any external supervision signals,
verifier models, or human annotations, thereby inherently
enjoying scalability and flexibility on open-domain tasks.

. Extensive experiments show that SERL achieves re-
markable training efficiency and performance improve-
ments on diverse open-domain tasks, including sum-
marization, open writing, and General-QA. With only
dozens of training steps, SERL boosts Qwen3-8B’s LC
win rate on AlpacaEval 2.0 by 7.53%, and delivers com-
petitive or superior performance to much larger mod-
els such as Qwen3-32B. To the best of our knowledge,
our method achieves state-of-the-art performance among
self-improving approaches.

2 Related Works

RLVR Works on Reinforcement Learning with Verifiable
Rewards (RLVR) have achieved improvements in the ca-
pabilities of large models. Representative works include
CodeRL (Le et al. 2022), RLTF (Liu et al. 2023), and
PPOCoder (Shojaee et al. 2023) in programming. Recently,
Group Relative Policy Optimization (GRPO) (Shao et al.
2024) improves sample efficiency by estimating advantages
within a sampled group without a learned value network.
GRPO and follow-up works such as DAPO (Yu et al. 2025a)
and VAPO (Yue et al. 2025) demonstrate continued improve-
ments in math. However, they cannot be directly applied
to open-domain settings due to the lack of verifiable an-
swers for these tasks. SERL preserves GRPO’s group-wise
efficiency while computing differential rewards through
pairwise comparison judgments, thereby overcoming the
reward-design bottleneck on open-domain tasks where veri-
fiable rewards are unavailable.



RLHF and RLAIF Reinforcement Learning from Hu-
man Feedback (RLHF) involves training a reward model
on human pairwise comparisons and subsequently optimiz-
ing the policy with algorithms like PPO. This approach has
achieved strong alignment in prominent models such as In-
structGPT (Ouyang et al. 2022), ChatGPT/GPT-4 (Achiam
et al. 2023), and Llama-2-chat (Touvron et al. 2023). To
improve efficiency, variants like Direct Preference Opti-
mization (DPO) (Rafailov et al. 2023), KTO (Ethayarajh
et al. 2024), and Online-DPO (Lanchantin et al. 2025) sim-
plify or accelerate preference learning, yet still depend on
human labels. Reinforcement Learning from Al Feedback
(RLAIF) (Bai et al. 2022a) was introduced to alleviate the
costly process of human annotation, which uses the LLM it-
self as the labeler. This includes methods like Constitutional
Al (Bai et al. 2022b), which apply fixed principles for self-
critique. As noted in Self-Rewarding (Yuan et al. 2024), em-
ploying the Actor as a Judge to provide feedback has been
shown to enhance the Actor’s capabilities. However, it lacks
optimization for Judge. In contrast, Meta-Rewarding (Wu
et al. 2024) jointly optimize both the Actor and the Judge,
but it relies on off-policy learning paradigms. We propose
SERL, an on-policy training framework that jointly opti-
mizes the model’s capabilities as both Actor and Judge, in-
dependent of external signals. In SERL, the same model si-
multaneously acts as Actor to generate multiple reasoning
traces and as Judge to compare them, thereby obviating the
need for external human or proxy preference labels.

3 Method

SERL is a self-improving framework designed to compre-
hensively improve a model’s performance on open-domain
tasks. Its methodology is centered on the model assuming
two primary roles: Actor and Judge. As the Actor, it gen-
erates responses to given prompts. As the Judge, it com-
pares the relative strengths and weaknesses among its own
generated responses. The rewards for Actor and Judge are
constructed without reliance on any external signals, syner-
gistically improving the model’s generation and evaluation
capability.
SERL’s training pipeline (Figure 1) is as follows:
* Generation. For each prompt, the Actor stochastically
samples a set of diverse responses. This step creates the
raw material for examination and refinement.

Examination. For each response pair, the Judge employs
an “LLM-as-a-Judge” prompting strategy to sample a set
of pairwise comparison judgments.

Rewards. For a set of pairwise comparison judgments,
Reward for Actor (Rp) is calculated as the win rate of
each response across all pairwise comparisons. R for
each response can be interpreted as its rank among the
generated responses. Reward for Judge (Ry) is calculated
as the consistency between this ranking and each individ-
ual pairwise comparison judgment.

This dual-reward mechanism is analogous to how humans
approach complex problems by attempting multiple solu-
tions, comparing the effectiveness of these approaches, and
ultimately becoming proficient in solving such problems.
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Without relying on any external signals, this mechanism re-
fines model’s evaluation capability (as Judge), which in turn
provides a more robust reward to enhance model’s genera-
tion capability (as Actor).

3.1 Generation

At step ¢, given a set of questions @Q = {q}, we sample a
group of N individual responses for each input g from the
old Actor o1q: {Gn Y1 ~ Told-

3.2 Examination

We deliberately choose comparison as the core evaluation
mechanism because of the widely recognized principle that
for both humans and LLMs (Ouyang et al. 2022; Zheng et al.
2023), making relative judgments (i.e., “Is response A better
than response B?”) is a more tractable and reliable task than
assigning absolute scores (e.g., “Rate response A on a scale
of 1 to 10”). For open-domain tasks that lack verifiable an-
swers and explicitly defined evaluation criteria, framing the
evaluation as a series of forced-choice preference selections
enables us to elicit more stable, consistent, and meaningful
feedback, which is crucial for effectively guiding the itera-
tive refinement of our models.

To aggregate these individual preference judgments
into a coherent global ranking, we employ the Copeland
method (Copeland 1951; Dwork et al. 2001). As illus-
trated in Figure 2, this method treats each response as a
“candidate” and tallies the results of all possible pairwise
matchups. This approach is not only intuitive and robust but
also effectively resolves potential preference cycles, provid-
ing a clear and defensible final ordering.

At step ¢, the Judge evaluates comparisons to determine
the preferred response between G; and G, where ,j €
{1,..., N}, i # j. To enhance the reliability of this process,
we employ a multi-sample evaluation strategy. For each pair
(Gi,Gj), we sample K independent judgments .J; ;) , from
the old Judge mo1a: {J(i jy .} ~ Tola. We define G} , and

(4,4),k
G%f}e) & as the winning and losing responses, in the compar-

ison between {G';, G; }, based on the k-th judgment J(; ;) 1.

Position Bias Mitigation Mechanism Some works have
found that “LLM-as-a-Judge” exhibits position bias, the ten-
dency of judgments to disproportionately favor responses
based on their placement within an input list rather than
their intrinsic merit (Shi et al. 2024). To mitigate positional
bias, we introduce the Position Bias Mitigation Mechanism
(PBMM) that swaps the positions in half of the K pairwise
comparisons: K//2 prompts constructed as (¢, G;, G;), and
K/ /2 constructed as (¢, G, G;).

3.3 Rewards

Reward for Actor We introduce the metric R 5 to enhance
model’s generation capability. Specifically, R for each re-
sponse GG, is defined as its win rate across all pairwise com-
parisons with other candidate responses. This metric pro-
vides a clear, direct quantification of the relative quality of
G, compared to other responses, thus offering an explicit



and informative learning signal to guide and optimize the
Actor’s generation behavior. R is calculated as follows:

iz WGn =G5 1)
M x K

N
2

RA(GH) = (1)

where M is calculated as (
combinations involving {G,, }.

), the number of pairwise

Length Control Module Length-bias means the model’s
tendency to favor longer responses (Dubois et al. 2024; Park
et al. 2024). To ensure the evaluations are conducted un-
der similar output length conditions, we introduce a Length
Control Module (LCM). Accordingly, the Ra is further
modified as follows:

_ ‘Win
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M x K
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The hyperparameter « is used to restrict valid compar-
isons to only those pairwise responses where lengths are
sufficiently similar. Specifically, a smaller value of « im-
poses a stricter requirement for the lengths of the compared
responses to be closer. In our setup, @ = 0.2. The ratio 3
serves to balance the influence of response length on the
win-loss determination among the valid comparisons, as-
signing a greater reward to shorter winning responses.

7€A((;n)::

(@)

B 3

s.t. (1 — <(1+a)

Reward for Judge 7R; is proposed to improve model’s
evaluation capabilities. We define R; to measure the consis-
tency between the global ranking of responses and each pair-
wise comparison judgement. A judgment is considered con-
sistent if the selected winner in a pairwise comparison ranks
higher than the loser in the global ranking. Higher consis-
tency indicates the model’s evaluative confidence, offering
clear signals for reliable and coherent judgment decisions.
‘R is described as follows:

Ra(J(ig),%) = sign (RA(GmE),k

where the sign function is defined as:

)= Ra(GES.0) @)

]

3.4 Online Optimization

The model is optimized on a mixed set of responses and
judgments. The SERL training objective, adapted from
GRPO, is formulated with a surrogate function Surr. as:

sign(x) = (x #0), sign(0) =0 Q)

N
1
Joreo () = E 4@, | = Z Surr.(Actor, G,,, n; 0)

Groid n=1

(6)

32622

N
1
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(7
where the objective function Surr. for a single sampled
output, the advantages calculated by normalizing the group-

- o )
level rewards AACr A% for all tokens in a response,
n,t (4,9),k,t

and the token-level probability ratios r,%°"(6), ri;'ig)ek L(0),
are defined as:
Surr.(R, 0,1; 0) =
o]
1 . N . N
H Z min [rft(ﬁ) Aft, clip (rﬁt, 1—¢ 1+ e) Aft
t=1
®)
AAclor _ Ra — mean({RA}N) (9)
b std({Ra})
AJudge _ RJ B mean({RJ}MXK) (10)
(4,5) kst std({Ry}M*K)
Actor(g) _ 7T9(Gn,t | q, Gn,<t) (11)
mt T0o1a (Gn,t | q, Gn,<t)
Jud 7o(J(ig) kot | @ J(.5) b, <t)
(i) k2 (0) = - ’ (12)

a0 (T gy et | @5 i gy k<t

In GRPO, the KL penalty term is used to regulate the di-
vergence between the online policy and the frozen reference
policy. However, recent work suggests that during the train-
ing of long-CoT reasoning model, the model distribution can
diverge significantly from the initial model (Yu et al. 2025a).
Therefore, we exclude the KL term in SERL.

4 [Experiments
4.1 Experimental Setup

Datasets To comprehensively evaluate the effectiveness
and generalization capability of our proposed method SERL,
we conduct experiments on three tasks including summa-
rization, open writing, and general QA.

e Summarization CNN-DM (Hermann et al. 2015): A
standard dataset for abstractive text summarization, con-
sisting of news articles and their corresponding human-
written summaries.

Open Writing writingprompts (Fan, Lewis, and
Dauphin 2018): A large-scale dataset containing open
writing prompts and human-written stories.

General QA (1) AlpacaEval 2.0 (Dubois et al. 2024): A
recently developed benchmark that includes a wide range
of general QA tasks spanning multiple domains. This al-
lows us to test the general applicability of our method in
handling diverse questions and producing accurate and



Method1 Method2 Summarization Open Writing

Win rate  AWin rate Len Win rate  AWin rate Len
SERL(Ours)  Online-DPO 55.17% +10.33% 1190: 1797  50.50% +1.00% 1654 : 1767
SERL(Ours)  Self-Rewarding 59.50% +19.00% 1190 : 922 55.17% +10.33% 1654 : 1887
SERL(Ours) Meta-Rewarding 59.17% +18.33% 1190 : 1441  56.67% +13.33% 1654 : 2189
SERL(Ours) RLSC 86.17% +72.33% 1190: 1322 - - -
SERL(Ours) GRPOROUGE-L) 99.17% +98.33% 1190 : 248 - - -

Table 1: Evaluation results of SERL against other methods on summarization and open writing tasks. AWin rate is the difference

in win rates between two methods.

General QA (AlpacaEval 2.0)

Models

LC winrate Winrate Len
Online-DPO 54.07% 59.74% 3429
Self-Rewarding 51.29% 53.69% 3074
Meta-Rewarding 54.73% 55.93% 3081
RLSC 52.11% 51.81% 2060
SERL(Ours) 59.90 % 69.88% 3017

Table 2: Evaluation results of SERL and other methods on
general QA task.

coherent responses. (2) Ultrafeedback (Ye et al. 2023): A
large-scale, diverse, and fine-grained preference dataset.
We select this dataset as the training dataset for the gen-
eral QA task because it contains diverse prompts from
datasets such as TruthfulQA, FalseQA, Evol-Instruct, Ul-
traChat, and ShareGPT.

As SERL is independent of external reward signals, we
use only the prompts from these datasets. The dataset statis-
tics are presented in Appendix C.

Baselines

¢ Self-Rewarding (Yuan et al. 2024) Employs the model
itself as a reward estimator to iteratively refine its own
outputs, but lacks formal optimization for the reward es-

timator.

Meta-rewarding (Wu et al. 2024) Jointly optimizes the
Actor and Judge via off-policy learning, decoupling feed-
back generation from policy updates.

Online-DPO (Lanchantin et al. 2025) Recent work has
found that Online-DPO achieves performance compara-
ble to GRPO. In self-improving setting, we adopt the pol-
icy model itself as a reward model to compare sampled
pairwise responses.

RLSC (Li et al. 2025) This method introduces
confidence-aware reinforcement learning, also without
reliance on any external signals, to balance exploration
and exploitation, showing improvement in math.

GRPO (Shao et al. 2024) In summarization task, we em-
ploy the ROUGE-L score (Lin and Hovy 2003), com-
puted by comparing the output against the reference sum-
mary from the dataset, as the reward for GRPO.
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To ensure a fair comparison, we remove the Supervised
Fine-Tuning (SFT) on the Instruction Fine-Tuning (IFT) and
Evaluation Fine-Tuning (EFT) data for the Self-Rewarding
and Meta-Rewarding methods, which would introduce an
external training signal.

Implementation Details and Evaluation Metrics We
adopt the Qwen3-8B as base model for all methods. All
baselines use their authors’ recommended hyperparameters.
For SERL, we set the sample number of Actor IV as 4, the
sample number of Judge K as 4, topP=1.0, topK=50, and
temperature = 0.9 during generation and examination. Other
parameters like epoch and learning rate are set differently
for various tasks. Other details are provided in Appendix C.

For both summarization and open writing tasks, we se-
lect GPT-40 as the evaluator to compare two outputs—either
summaries or story continuations—generated from two
methods on the same instruction, selecting the better output.
To reduce positional bias, we compared the outputs from
two methods twice. For the second comparison, we swapped
the order of the two responses. If both pairwise comparisons
identify the same model’s output as the winner, then give a
WIN for that model and a LOSE to the other; otherwise, the
result is considered a TIE. For these two tasks, we define the
win rate as follows:

2 x WIN + TIE 5)
2 x WIN + TIE + 2 x LOSE

For the general QA task, we evaluate on AlpacaEval 2.0,
reporting the win rate and Length-controlled (LC) win rate.

Win rate =

4.2 Comparisons with Self-improving Methods

The overall performance of SERL and baseline methods is
presented in Tables 1 and 2. Based on the results, we have
the following key observations: (1) Our method achieves su-
perior performance across all tasks. It outperforms baselines
on summarization and open writing tasks. Furthermore, it
achieves the highest LC win rate (59.90%) and win rate
(69.88%) in AlpacaEval 2.0. (2) The performance of RLSC
is inconsistent with its effectiveness in mathematical tasks,
which means this method is not well suited for open-domain
tasks because its objective of mode sharpening conflicts with
the goal of fostering diverse and creative responses. (3) In
the summarization task, GRPO, which uses ROUGE-L as
reward, shows a significant win-rate gap compared to SERL.
This is primarily due to the unreliable quality of human an-
notations on open-domain tasks or reward hacking. SERL



Modell Model2 Summarization Open Writing
Win rate ~ Win rate? Len Win rate  Win rate? Len

Qwen3-8B(base) Qwen3-32B 37.33% - 1066 : 1109  33.00% - 1369 : 1506
Qwen3-8B(base) RI1-Distill-Qwen-32B  63.50% - 1066 :922  78.50% - 1369 : 1754
Qwen3-8B(base) RI1-Distill-Llama-70B  63.67% - 1066: 1012 71.33% - 1369 : 2023
Qwen3-8B(base) Claude 3.5 Sonnet 48.33% - 1066 : 1064  81.33% - 1369 : 1632
Qwen3-8B(base) GPT-40-0513 55.33% - 1066 : 941 63.50% - 1369 : 1412
SERL(Ours) Qwen3-8B(base) 62.83%  +12.83% 1190:1066 61.50% +11.50% 1654 : 1369
SERL(Ours) Qwen3-32B 52.67%  +1533% 1190:1109 46.67%  +13.67% 1654 : 1506
SERL(Ours) R1-Distill-Qwen-32B  72.17% +8.67% 1190: 922 88.67%  +10.17% 1654 : 1754
SERL(Ours) R1-Distill-Llama-70B  71.00% +7.33% 1190: 1012  84.00%  +12.67% 1654 :2023
SERL(Ours) Claude 3.5 Sonnet 56.67% +8.33% 1190: 1064  91.00% +9.67% 1654 : 1632
SERL(Ours) GPT-40-0513 65.50%  +10.17% 1190 : 941 73.67%  +10.17% 1654 : 1412

Table 3: Evaluation results of SERL against other general-purpose LLMs on summarization and open writing tasks. Win rate?
is the relative win rate improvement, which is calculated as the difference between the win rate of the model trained with our
method against other models and the win rate of the base model against the same models.

General QA (AlpacaEval 2.0)

Models

LC winrate Winrate Len
Qwen3-8B 52.37% 55.07% 3100
Qwen3-32B 62.16% 66.47% 3034
R1-Distill-Qwen-32B 41.76% 37.79% 1817
R1-Distill-Llama-70B 54.06% 44.51% 1617
Claude 3.5 Sonnet 57.77% 44.70% 1487
GPT-40-0513 57.46% 51.33% 1873
SERL(Ours) 59.90% 69.88% 3017

Table 4: Evaluation results of SERL and other general-
purpose LLMs on general QA task.

avoids reliance on manual annotations, instead enhancing
model performance through self generation and self evalua-
tion. These results empirically validate the effectiveness of
SERL.

4.3 Improvement of Win Rate in SERL Iterations

Figure 3 shows the win rates against the base model Qwen3-
8B on three tasks for SERL over its training iterations. No-
tably, the model achieves an average performance gain of
10.33% within just 48 training steps. In general, we observe
substantial improvements on each task. Considering that our
model has only 8B parameters and is trained without exter-
nal signals, this is a remarkable result. Moreover, we observe
similar improvements on the smaller model Qwen3-1.7B on
these three tasks, as detailed in Appendix B. These findings
indicate that our method effectively enhances the capabili-
ties of the initial model in these tasks.

4.4 Comparisons with General-purpose LLLMs

The comparative results between SERL and general-purpose
LLMs are shown in Table 3 and 4. In summarization and
open writing tasks, compared with the Qwen3-8B, the win
rates of the model trained with SERL are 62.83% and
61.50%, respectively. In the general QA task, SERL im-
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Figure 3: The win rate against Qwen3-8B on summarization,
open writing, and general QA with SERL training step.

proves the LC win rate and the win rate of Qwen3-8B
from 52.37% and 55.07% of the base model to 59.90% and
69.88%, respectively, marking gains of 7.53% and 14.81%.

Compared with the stronger model Qwen3-32B within
the same model series, the model trained based on Qwen3-
8B achieves comparable performance: it slightly surpasses
Qwen3-32B by 2.67% on the summarization task, shows
only a 3.33% disadvantage on the open writing task, and
achieves very close results on the general QA task, trailing
by 2.26% in LC win rate but leading by 3.41% in win rate.

Comparisons with other models show that the model
trained with SERL significantly outperforms Deepseek-R1-
Distill-Qwen-32B, Claude 3.5 Sonnet, and GPT-40. SERL
achieves consistent Win ratef with maximum gains of
11.83% in summarization task and 10.17% in open writing
task. In the general QA task, both the win rate and the LC
win rate exceed those of the competing models.

4.5 Consistency Verification of Evaluation

To verify the consistency of using LLMs as evaluators for
result evaluation, we employed different evaluator models



Ablation Variants Summarization

Open Writing

General QA (AlpacaEval 2.0)

Winrate AWinrate Winrate AWinrate LC Winrate Winrate ALC winrate AWin rate

SERL wo Rj 45.33% -9.34% 44.67%
SERL wo Ra 32.33% -35.34% 39.83%
SERL wo PBMM 42.50% -15.00% 48.67%

-10.66%
-20.34%

54.50% 65.47% -5.40% -4.41%
51.47% 54.95% -8.43% -14.93%
-2.66% 54.01% 63.33% -5.89% -6.55%

Table 5: Ablation experiment results. Comparison between the ablation variants with the complete method on summarization
and open writing tasks and Performance of variants on general QA task. AWin rate indicates the difference in win rates.

Evaluator Wins Tie Loses
GPT-4 Turbo 87.0 145.0 68.0
GPT-40 77.0 162.0 61.0
Average 82.0 153.5 64.5
0% 25% 50% 75% 100%
(a) SERL v.s. Qwen3-32B
GPT-4 Turbo 119.0 137.0 44.0
GPT-40 125.0 127.0 48.0
Average 122.0 132.0 46.0
0% 25% 75% 100%

50%
(b) SERL v.s. Qwen3-8B

Figure 4: Consistency of evaluation results across different
evaluators on the summarization task.(a) SERL vs. Qwen3-
32B.(b) SERL vs. the base model Qwen3-8B.

to assess the outcomes. Specifically, in the summarization
task, we utilized GPT-4 Turbo and GPT-40 as evaluator
models to evaluate the results between the model trained by
our method and Qwen3-32B, as well as between the model
trained by our method and the base model Qwen3-8B. As
shown in Figure 4, the distributions of pairwise comparison
judgments from different evaluator models are highly simi-
lar, indicating that the evaluation approach based on LLMs
exhibits strong consistency.

4.6 Ablations and Analysis

We constructed four ablation variants, each removing a sin-
gle component of the full framework: (1) Reward for Judge,
(2) Reward for Actor, (3) Position Bias Mitigation Mech-
anism, and (4) Length Control Mechanism. The results of
four experiments are shown in Table 5 and Figure 5.

Reward for Judge (Ry) We remove the R; component
and keep the Ro component. The ablation variant without
Ry consistently underperforms the complete method in three
tasks. This confirms that strengthening the Judge’s eval-
uation capability improves the Actor’s generation perfor-
mance, likely by providing more accurate feedback signals
during training.

Reward for Actor (R,) We remove the R component
and retain the Ry component. The ablation variant without
‘R a consistently underperforms the complete method across
all three tasks, with the largest performance degradation ob-
served among all ablation variants. This is because this vari-

1100
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w length control

Avg Length of Output

10 20 30 40
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Figure 5: Comparison of average output length changes be-
tween the complete method and the method without length
control mechanism during summarization training.

ant only improves the model’s evaluation ability, without di-
rectly enhancing the generation ability that correlates with
the win rate.

Position Bias Mitigation Mechanism (PBMM) After re-
moving the PBMM component described in Section 3.2, we
observe that the Judge develops a preference for generations
that appear in the second position. This positional bias un-
dermines the model’s evaluation ability and consequently
hinders further improvements in generation ability.

Length Control Mechanism (LCM) As shown in Figure
5, for the summarization task, removal of LCM leads to a
rapid increase in the average length, surpassing 1,000 tokens
within a few iterations. In contrast, with LCM enabled, the
average length remains stable around 600 tokens. LCM ef-
fectively controls length growth, enabling fair comparisons
under minimal length discrepancies.

5 Conclusion

In this paper, we address the challenges of applying RL to
improve the capabilities of LLMs on open-domain tasks. We
propose SERL, an on-policy self-examining training frame-
work. SERL introduces two synergistic reward mechanisms
that rewards derived from Copeland-style pairwise compar-
ison judgments without external signals to optimize model’s
generation ability and self-consistency rewards to optimize
model’s evaluation ability. Ultimately, this leads to improved
performance of the model on open-domain tasks and out-
performs existing self-improvement training methods. Addi-
tional material is provided in the extended version (Ou et al.
2025).
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