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Abstract

The capabilities of Large Language Models
(LLMs) are limited to some extent by pre-
training, so some researchers optimize LLMs
through post-training. Existing post-training
strategies, such as memory-based retrieval or
preference optimization, improve user align-
ment yet fail to enhance the model’s domain
cognition. To bridge this gap, we propose
a novel Dual-Phase Self-Evolution (DPSE)
framework that jointly optimizes user pref-
erence adaptation and domain-specific com-
petence. DPSE introduces a Censor module
to extract multi-dimensional interaction sig-
nals and estimate satisfaction scores, which
guide structured data expansion via topic-aware
and preference-driven strategies. These ex-
panded datasets support a two-stage fine-tuning
pipeline: supervised domain grounding fol-
lowed by frequency-aware preference optimiza-
tion. Experiments across general NLP bench-
marks and long-term dialogue tasks demon-
strate that DPSE consistently outperforms Su-
pervised Fine-Tuning, Preference Optimization,
and Memory-Augmented baselines. Ablation
studies validate the contribution of each mod-
ule. In this way, our framework provides an au-
tonomous path toward continual self-evolution
of LLMs.

1 Introduction

Large language models (LLMs), pre-trained on
massive text corpora, have demonstrated remark-
able general capabilities (Gu et al., 2024; Wu et al.,
2025). However, their fixed parameters pose lim-
itations in adapting to evolving user needs and
domain-specific requirements (Shen, 2024; Huang
et al., 2024). To address this, researchers have de-
veloped various post-training techniques aimed at
enhancing LL.M performance beyond pretraining
(Shen, 2024). Among them, preference optimiza-
tion plays a pivotal role in aligning model outputs

*These authors contributed equally to this work.
Corresponding author.

with human expectations (Sun and Zeng, 2025;
Sun et al., 2025). Early approaches employed rein-
forcement learning from human feedback (RLHF)
(Bai et al., 2022), where a learned reward model
simulates user preferences to guide policy updates.
More recent methods such as Direct Preference
Optimization (DPO) (Rafailov et al., 2023) and
its variants bypass the complexity of RL by di-
rectly aligning the model’s output distribution with
preference-labeled data (Zeng et al., 2025). Since
these methods heavily rely on large-scale human-
annotated preferences, newer works have proposed
iterative preference optimization, which can au-
tonomously generate and refine training data dur-
ing optimization, reducing the need for manual
supervision (Wang et al., 2025). In parallel, other
studies have integrated long-term memory mech-
anisms into LLM agent frameworks (Xu et al.,
2025; Zhong et al., 2024). By incorporating user in-
puts with historical interaction traces into few-shot
prompts, these approaches enhance the model’s
response quality and user alignment without modi-
fying its underlying parameters (Zhang et al., 2024;
Lee et al., 2024).

However, these methods primarily focus on
aligning LLM outputs with user preferences, while
overlooking improvements to the models’ intrin-
sic cognitive capabilities (Liu et al., 2025). As a
result, they remain limited in achieving true self-
evolution. In other words, such approaches empha-
size user alignment—enhancing dialogue fluency
and adaptability—yet fail to address the systematic
advancement of the model’s core abilities in areas
such as task completion and logical reasoning. Al-
though Supervised Fine-Tuning (SFT) (Dong et al.,
2023) has shown effectiveness in improving model
performance on specific tasks, it heavily relies on
large-scale, high-quality human-annotated datasets,
incurring substantial cost and resource overhead
(Chen et al., 2020).

To address the limitations of fixed pre-trained
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Figure 1: Illustration of DPSE Framework. Censor extracts multidimensional signals from user—model interactions, computes
satisfaction scores, and performs topic classification to construct structured preference memory. Based on this memory, DPSE
introduces two data expansion strategies, preference-driven expansion guided by satisfaction scores, and topic-aware expansion
based on topic distribution. Subsequently, DPSE conducts two-stage training: supervised fine-tuning on domain-specific data,
followed by preference optimization using satisfaction-labeled samples.

weights in LLMs, we propose a Dual-Phase Self-
Evolution (DPSE) framework that jointly enhances
user preference alignment and domain-specific
competence. DPSE features a signal-driven Cen-
sor module and a dual-phase fine-tuning pipeline,
enabling autonomous evolution through structured
data expansion. Extensive experiments on gen-
eral NLP benchmarks and long-term dialogue tasks
demonstrate that DPSE consistently outperforms
strong baselines from SFT, PO, and Memory-
Augmented frameworks. Our analysis further re-
veals the essential role of each component through
detailed ablation studies.

2 Related Work

2.1 Preference Optimization.

To align large language models (LLMs) with hu-
man preferences, preference optimization (PO)
frameworks have been widely adopted (Liu et al.,
2025). Early methods, such as reinforcement learn-
ing from human feedback (RLHF) (Bai et al.,
2022), trained reward models and used Proximal
Policy Optimization (PPO) for alignment. Later
approaches, including Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) and Rank from
Human Feedback (Rrhf) (Yuan et al., 2023), di-
rectly optimized LLMs using human-labeled pref-
erence data. The PRO algorithm further extends
this by incorporating preference ranking and multi-
dimensional comparisons (Song et al., 2024; Sun
et al., 2026). However, collecting high-quality pref-
erence data remains costly and labor-intensive, mo-
tivating a shift toward automated and iterative opti-

mization methods. Yet, these methods may intro-
duce noisy preference pairs during iteration, hin-
dering performance improvement. To mitigate this
issue, the Uncertainty-enhanced Preference Opti-
mization (UPO) framework (Wang et al., 2025) fil-
ters reliable preference data using estimator models
and MC Dropout techniques. Despite progress in
enhancing user preferences in LLM outputs, these
methods still have limitations in acquiring prefer-
ence data and neglect the improvement of LLMs’
own cognitive abilities.

2.2 Supervised Fine-Tuning.

Supervised Fine-Tuning (SFT) is widely used to en-
hance large language models’ domain-specific ex-
pertise by training on annotated domain data (Dong
et al., 2023). It improves the model’s understand-
ing of professional terminology and context, boost-
ing accuracy and robustness in specialized tasks
(Chen et al., 2020). However, SFT requires exten-
sive manual data collection and intervention during
fine-tuning, leading to high resource costs. Thus,
an automated framework for efficient data acquisi-
tion and fine-tuning is urgently needed to reduce
these costs.

2.3 Long-Term Memory.

Some researchers view conversational memory
mechanisms as a form of self-evolution for large
language models (LLMs) (Yi et al., 2024). Early
methods concatenated full dialogue histories into
prompts to preserve context, but were limited by
the model’s context window and unsuitable for
long-term interactions. To address this, more
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efficient memory systems have been developed.
ReadAgent (Lee et al., 2024) summarizes long
texts for on-demand retrieval, improving context
utilization. MemoryBank (Zhong et al., 2024) uses
vector-based similarity search to enhance storage
and access, though scalability remains an issue.
A-MEM (Xu et al., 2025) constructs an evolving
knowledge graph, improving organization at the
cost of structural complexity. While differing in
implementation, these methods all enhance user
alignment via few-shot prompts that combine past
interactions with current inputs (Yao et al., 2024).
However, they operate externally and do not im-
prove the LLM’s internal cognition, which remains
fixed and non-evolving.

3 Methodology

This section details the architecture and mecha-
nisms of DPSE, including the Censor module for
satisfaction estimation and topic classification, the
dual-phase data augmentation strategies, and the
two-phase fine-tuning process.

3.1 Censor Module

Censor module identifies and filters responses that
genuinely satisfy the user during discussions on a
given topic, storing them in the memory module
to support subsequent self-evolution.The design
of the Censor module’s multi-dimensional signals
and mapping functions is grounded in established
Human-Computer Interaction (HCI) literature on
implicit user engagement and satisfaction measure-
ment. Dwell time has been widely validated as a
reliable proxy for cognitive engagement and atten-
tion in interactive systems. Empirical studies show
that extremely short or excessively long dwell times
often indicate disengagement, distraction, or con-
fusion, while medium dwell times correspond to
optimal attention—motivating our U-shaped trans-
formation. This non-linear mapping aligns with
classic inverted-U patterns observed in cognitive
load and performance research.

3.1.1 Signal Extraction and Preprocessing.

To support interpretable satisfaction estimation, the
Censor module extracts five representative signals
from user—-model interactions, capturing both be-
havioral and semantic cues. These signals are as
follows.

» Explicit Feedback. A binary indicator (1 for
praise, O otherwise), extracted via rule-based

heuristics from logs or comments. It repre-
sents direct user preference and is used as
a reliable anchor signal with a lower-bound
weight in the fusion stage.

* Dwell Time. The duration the user spends
reading the model response, discretized into
three levels (short = 0, medium = 1, long =
2). To account for the non-linear relationship
between time and attention, we apply a U-
shaped transformation:

f(dwell) = —0.5 - (dwell — 1) +0.5 (1)

This mapping produces values in [0, 0.5],
presenting a symmetric U-shaped structure,
whose maximum value is 0.5 and occurs when
dwell = 1. This mapping function serves as
an indirect quantitative signal for “degree of
attention” in satisfaction estimation.

* Coherence. Measured as the cosine similarity
between the embeddings of the user query
and the model’s response. High coherence
reflects better fluency, relevance, and semantic
consistency.

* Similarity. Captures semantic redundancy by
comparing the current response with previous
ones in the conversation. Excessively high
similarity is penalized, especially under nega-
tive sentiment, as it often suggests repetition
or lack of novelty.

* Sentiment. The predicted emotional polarity
of the model’s response (positive, neutral, or
negative), obtained from a sentiment classifier.
It not only serves as an independent signal but
also modulates the influence of other signals,
particularly the similarity score.

3.1.2 Dynamic Gating and Credibility
Evaluation.

After preprocessing, the five normalized signals
are passed through a credibility-aware gated fu-
sion module that dynamically controls their influ-
ence in satisfaction estimation. This mechanism
integrates two neural sub-networks to capture both
signal salience and trustworthiness.

The Gate Network, implemented as an MLP with
Sigmoid activation, produces a gating vector G €
[0, 1]°, which softly controls the activation of each
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signal. The Credibility Network, also an MLP with
Softmax activation, outputs a normalized weight
vector C' € AP, representing the relative reliability
of each signal. The two vectors jointly modulate
the input signals S € R?, yielding the gated and
trust-weighted signals,

GatedSignals = G ® S © €%, 2)

where © denotes element-wise multiplication and
exp(C') emphasizes highly credible signals. This
fusion step allows for fine-grained, dynamic control
over signal contribution, combining salience and
credibility in a unified formulation.

3.1.3 Incorporating Physical Constraints.

To ensure that satisfaction modeling remains in-
terpretable and aligned with human intuition, we
introduce a set of physically inspired constraints on
fusion weights. These constraints regulate the in-
fluence of each signal in a data-adaptive yet human-
consistent manner.

(1) Fixed budget for redundancy signal Among the
five signals, semantic similarity plays a distinct role
as a penalizer for redundancy. To reflect its limited
interpretive power compared to other features, we
cap its weight at 10% of the total, assigning the
remaining 90% to the other four:

Wy

Wi =09 ————
’ Zj;ésim wj

, 1 € {fb,dwell, coh, sent}
Wsim = 0.1

3)
(2) Sentiment-modulated similarity penalty When
the user expresses negative sentiment, high content
similarity is more likely to indicate redundancy or
user dissatisfaction. Thus, we dynamically modu-
late the similarity weight by the negative sentiment
score:

Wsim 4 Wsim - U(_ﬁ : Ssent); “4)

where ¢ is the Sigmoid function and 8 > 0
controls sensitivity.
(3) Minimum influence of explicit feedback To pre-
serve the effect of direct user feedback regardless
of signal noise, we enforce a minimum threshold
7 > 0 for the explicit feedback weight:

Wiy — max(Wy, T) 3

(4) Weight normalization After constraint applica-
tion, the adjusted weights are rescaled to ensure a

valid convex combination:

i f S s > 1
Lfn':{zj“" ij]

J

(6)

Wy, otherwise

(5) Final scoring The final satisfaction score is com-
puted as a weighted sum over the transformed input
signals §;, using the constrained and normalized
weights w;:

Scoregy = Z Wi - 5 @)

)

This physically-constrained fusion strategy im-
proves interpretability, avoids overfitting to spu-
rious features, and encodes intuitive behavioral as-
sumptions (e.g., “explicit praise matters”, “redun-
dancy under negativity is bad”), thereby enhancing
both robustness and generalization.

3.1.4 Nonlinear Fusion and Satisfaction
Scoring.
Signals processed through dynamic gating, confi-
dence enhancement, and constraint-based weight-
ing are passed to a nonlinear fusion layer (fu-
sion_net)—a lightweight neural network that per-
forms complex transformations and outputs a sin-
gle satisfaction score. This score is normalized
to the [-1, 1] range via a Tanh activation: posi-
tive values indicate satisfaction, negative values
indicate dissatisfaction, and zero denotes neutrality.
The nonlinear fusion captures intricate interactions
among signals, enabling comprehensive satisfac-
tion assessment.

3.1.5 Memory Classification.

To support structured domain-specific data con-
struction, the Censor module incorporates a
lightweight topic classifier. It takes the concate-
nated user query and model response as input, per-
forms semantic and pragmatic analysis, and assigns
a topic label from a predefined set (e.g., Medical,
Sports) using a compact LLM backbone (Raffel
et al., 2020). The prompt is: "Please classify the
following input into one of the predefined cate-
gories. Do not add explanations or extra text."
Each conversation is then represented as a triple:
content, satisfaction score, and domain category.

3.2 Dataset Construction and Preprocessing

Although the Censor module filters high-quality,
preference-aligned samples, the limited scale of
real-world user—-LLM interactions remains a bot-
tleneck for fine-tuning. To overcome this, DPSE
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introduces a dual expansion mechanism that auto-
matically constructs two datasets: one for domain-
specific supervised fine-tuning and another for
preference-based optimization. When the mem-
ory pool reaches a predefined threshold N, the sys-
tem retrieves stored interactions and triggers both
expansions based on satisfaction scores and topic
distributions.

(1) Expansion based on satisfaction scores. To
generate high-quality data aligned with user prefer-
ences, we adopt a score-proportional linear expan-
sion strategy. Each stored sample is duplicated in
proportion to its satisfaction score—for instance, a
score of 0.4 results in 4 copies, while 0.2 results
in 2. This biases training toward highly satisfy-
ing interactions and suppresses noise from low-
confidence examples.

(2) Expansion based on topic categories. To pre-
serve domain diversity and prevent overfitting to
high-scoring examples, we implement a category
ratio—aware expansion strategy. The system com-
putes long-term topic distributions from stored sam-
ples and expands underrepresented topics accord-
ingly to ensure balanced coverage.

3.3 Dual-Phase Self-Evolution

DPSE employs a two-stage fine-tuning pipeline
to simultaneously enhance the model’s domain-
specific reasoning and user preference alignment.
(1) Supervised Fine-Tuning. The first stage tar-
gets domain cognition through supervised training
on the topic-expanded dataset. This step enables
the model to learn correct task formats, reason-
ing patterns, and domain-specific knowledge under
strong supervision signals. Following best prac-
tices from InstructGPT (Ouyang et al., 2022) and
LLaMA-2 (Touvron et al., 2023), we perform in-
struction tuning by minimizing the cross-entropy
loss over ground-truth outputs. This stage stabi-
lizes the model’s behavior and reduces the risk of
factual drift during subsequent preference optimiza-
tion. Without domain grounding, directly optimiz-
ing for user satisfaction may lead to stylistically
pleasing but factually incorrect outputs, particularly
in knowledge-intensive fields such as medicine or
law.

(2) Preference Optimization. Once the model ac-
quires task-relevant knowledge through supervised
fine-tuning, we apply Direct Preference Optimiza-
tion (DPO) to align the model’s behavior with user
preferences. DPO offers a stable, gradient-based
alternative to RLHF and has been shown to out-

perform reward modeling in aligning generation
with human preferences. Unlike standard DPO,
which treats all training pairs equally, we incor-
porate satisfaction-aware frequency weighting to
emphasize stronger user-preference signals. Specif-
ically, each retained dialogue sample is assigned
a satisfaction score s; € [0, 1] by the Censor mod-
ule. This satisfaction score is scaled by a constant
K (e.g., 10) and floored to obtain the expansion
frequency f;, which determines how many times
sample ¢ is duplicated for training. Higher satisfac-
tion leads to more frequent inclusion, e.g., a score
of 0.4 leads to four copies. These frequencies are
used in two ways:

(1) Pairwise sampling: Preference pairs are con-
structed from generated variants by comparing
high-score vs. low-score responses. A sample
with more duplications is more likely to appear in
pairwise training, encouraging the model to learn
from frequently satisfying behavior. (2) Gradient
weighting: Frequencies directly modulate the DPO
loss to prioritize preference-dense regions. The
resulting weighted loss function is:

N

Lypro(f) = — L

; Zjvzl wj

log o (sg(zi, y;") — se(xi, y; )
)]

Among them, 6 represents the model parame-
ters, (x;, y;r ,y; ) is the preference pair of the i-th
training sample, including the input z;, the user’s
preferred answer y;“ , and the less preferred an-
swer y; ; sq(,y) represents the scoring function
of the model for generating output y from input x,
usually taken as log pp(y|x); o(-) is the Sigmoid
function, used to convert the score difference into
a ranking probability; w; is the sample sampling
weight obtained by the satisfaction score expansion
mechanism, reflecting its preference frequency in
the training data; N represents the total number
of preference pairs in the training dataset. The
corresponding parameter layer is:

N

Wy
VQ,CWDP()(Q) = — Z =N . V@ log U(
i=1 ijl Wj

Se(mi7yi+) - Se(iﬂi,y;)) (9)

This strategy effectively introduces implicit su-
pervision of "preference intensity" while keeping
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the learning mechanism of DPO itself unchanged.
Through dataset construction and improved DPO,
we have both intuitively shaped the preference den-
sity distribution and endowed the model with dif-
ferent response sensitivities to different preference
levels during the training process.

3.3.1 Training Strategy.

We propose a general fine-tuning paradigm that
abstracts low-level configurations while allowing
direct access to generated datasets. The framework
enables large models to auto-adjust key training
parameters—such as learning rate, batch size, and
frozen layers—based on resource constraints (e.g.,
GPU memory, device count) and dataset traits.

4 Experiment

4.1 Setup

Baselines. Following the practice in previous
works (Wang et al., 2025; Xu et al., 2025), to thor-
oughly evaluate DPSE, we compare it with rep-
resentative methods from three categories: super-
vised fine-tuning (SFT), preference optimization
(PO), and memory-based approaches. PO base-
lines include DPO and UPO; memory-based meth-
ods include ReadAgent (RA), MemoryBank (MB),
and A-MEM (AM). Both SFT and PO optimize
model weights post-training—SFT improves do-
main knowledge, while PO aligns with user pref-
erences. DPSE unifies these through dual-phase
self-evolution. We conduct unified comparisons
against SFT/PO to assess joint optimization, and
separate comparisons with memory-based methods,
which rely on external retrieval rather than param-
eter updates, to contrast endogenous (parameter
tuning) and exogenous (memory retrieval) evolu-
tion.

4.1.1 Dataset and Evaluation Metrics.

Following prior work, we evaluate the DPSE frame-
work against SFT and preference optimization
(PO) baselines on general NLP tasks, and against
memory-focused baselines on long-term dialogue
tasks. For general NLP, we use AlpacaEval 2.0
(AE) (Dubois et al., 2025) and MT-Bench (Zheng
et al., 2023), and for long-term dialogue, the Lo-
CoMo dataset (Maharana et al., 2024). AlpacaEval
2.0 (AE) contains 805 instruction-following ques-
tions from five sources and uses GPT-4-Turbo as
an automatic judge to compare model responses
against references. We report both raw win rate

(WR) and length-controlled (LC) win rate. MT-
Bench evaluates LLMs across eight fundamen-
tal capabilities (e.g., writing, reasoning, coding,
STEM, humanities) on a 0-10 scale, and we report
absolute scores. LoCoMo assesses long-term mem-
ory in multi-session dialogue. We select two repre-
sentative subsets: (1) Single-hop (SH.) questions
(2705 pairs) and (2) Multi-hop (MH.) questions
(1104 pairs). Performance is measured using F1
score (capturing accuracy and completeness) and
BLEU-1 score (measuring lexical precision).All
datasets used in this work (UltraFeedback, Ultra-
Chat200K, LoCoMo, and the sampled WildChat
subset) are publicly available and were released
under open licenses. No new human subject data
were collected for training; the Censor module’s
qualitative validation examples in Table 4 are syn-
thetic demonstrations based on publicly released
interaction logs. Thus, no IRB approval was re-
quired.

4.1.2 Implementation Details.

For general NLP tasks, we use Zephyr-7B (zephyr-
7b-sft-full) (Tunstall et al.), instruction-tuned on
UltraChat200K, as the backbone. Following prior
work, UltraFeedback (Cui et al., 2024) and Ultra-
Chat200K (Ding et al., 2023) serve as DPSE’s input
for self-evolution, which is disabled during bench-
mark evaluation. Baselines include Zephyr-7B fine-
tuned by SFT and DPO, plus UPO-Merge (single-
round) and UPO (multi-round) variants. DPSE
autonomously sets its SFT and preference optimiza-
tion parameters. For memory-based comparisons,
we follow prior settings using Qwen2-1.5B/7B
(Yang et al., 2024) core models. Unlike non-
finetuned baselines, DPSE evolves online during
deployment by collecting real-time data from the
LoCoMo dataset, which targets long-term, multi-
turn dialogues. We test three self-evolution trig-
ger thresholds—500 (DPSE"'), 1000 (DPSE?),
and 2000 (D PS E3)—to analyze performance and
identify the optimal setting.

4.2 Main Result and Analysis

Each result represents the average over three in-
dependent runs with different random seeds. We
conducted paired t-tests between DPSE and the
best-performing baseline. Results marked with *
indicate statistically significant improvements (p <
0.05).
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Methods AE MT-Bench
Zephyr-7B-SFT 5.84 6.18
Zephyr-7B-DPO 9.12 6.79
Zephyr-7B-UPO 13.04 7.02

Zephyr-7B-UPO-Merge | 12.04 6.85
Zephyr-7B-DPSE! 12.98 7.69%
Zephyr-7B-DPSE? 14.26* 8.46%
Zephyr-7B-DPSE? 13.37%* 8.14%

Table 1: Experimental results compared with SFT and PO
baselines, which are obtained from GPT-4 automatic evalua-
tion on AlpacaEval 2.0 (AE) (LC-weighted win rate % relative
to the GPT-4 reference) and MT-Bench (absolute scores).

SH. MH.
Models ' —7 B1 Fi B1
RA. 6.25 423 4.67 3.12
MB. 10.87  8.21 9.29 7.77
AM. 18.01 11.67 24.87 19.25
DPSE' | 21.25% 13.21*% 29.38*% 23.16*
DPSE? | 23.44* 15.61*% 34.12% 29.89%
DPSE3 | 21.36% 13.65% 30.12*% 24.57*
RA. 3.42 2.48 3.14 3.25
MB. 3.55 3.12 9.36 8.97
AM. 1229 924 2613 24.12
DPSE' | 19.37% 12.23* 31.25% 2436
DPSE? | 22.65*% 16.24* 33.52% 27.46*
DPSE? | 21.68*% 14.26% 31.55% 24.34

Table 2: Experimental results compared with Memory
baselines. We evaluate multiple methods using F1 and BLEU-
1 (B1) scores (in %). The upper part of the table represents re-
sults on Qwen?2 (1.5b), while the lower part represents Qwen2
(7b).

4.2.1 Comparison to SFT and PO baselines.

As shown in Table 1, DPSE consistently outper-
forms SFT and PO baselines across three self-
evolution thresholds, raising MT-Bench scores by
1.44 % and win rates by 1.22 %. Furthermore, dur-
ing the self-evolution phase, DPSE integrates both
UltraFeedback and UltraChat200K as input, and
subsequent evaluations on distinct datasets confirm
its strong transferability and robustness. We ana-
lyzed that the reason DPSE outperforms the SF and
PO baselines is that DPSE takes into account both
user preferences and domain professional knowl-
edge, integrating the advantages of both, thus en-
abling a more comprehensive optimization of LLM
capabilities.

Figure 2: The curve of training loss on UltraFeedback, Ultra-
Chat200K and LoCoMo at each Trigger Threshold.

4.2.2 Comparison to Memory baselines.

As shown in Table 2, results show that dual-phase
evolution raises answer accuracy and quality. Tests
with 1.5 b and 7 b models show the gain is scale-
invariant. We attribute DPSE’s superior perfor-
mance over memory-based baselines to two main
factors. First, memory operates as an external
framework and does not enhance the LLM’s in-
ternal capabilities, thus being constrained by the
model’s original limitations. Second, memory
mechanisms rely solely on prompt-level integra-
tion of historical interactions, which may improve
alignment with user preferences but offer limited
enhancement to domain-specific expertise.

5 Further Analysis

Models \ AE  MT-Bench
w/o. CS. 7.23 6.24
w/o. DC. 6.23 7.17
(SFT) w/o. SE. | 9.34 6.78
(PO) w/o. SE. | 9.24 6.13
DPSE? 14.26 8.46
SH. MH.
Models F1 __B1I___F1__ Bl
w/o. CS. 1423 978 2835 22.14
w/o. DC. 1478 1024 29.36 21.47
(SFT) w/o. SE. | 17.34 12.14 3028 24.16
(PO)w/o. SE. | 1622 1134 31.10 23.68
DPSE? 23.44 15.61 34.12 29.89

Table 3: Ablation Study. Specially, we choose the results on
LoCoMo dataset using Qwen2-1.5B. CS. represents Censor
Module, DC. means Dataset Construction Module and SE. is
Self-Evolution Module.

Optimal Trigger Threshold Analysis. As
shown in Tables 1 and 2, experiments on three
benchmarks indicate that a trigger threshold of
1,000 achieves the best self-evolution performance.
Figure 2 shows that DPSE? demonstrates the
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Figure 3: We input the WildChat dataset into DPSE to simulate long-term usage by real users and validate it on the MT-Bench

dataset (absolute score).

Feedback \ Type Signal Score
“Very clear!” no follow-up; answer is relevant and concise. \ Positive [1,1,0.92,-0.2,1] 0.74
No comment; long dwell; response redundant. ‘ Moderate [0,2,0.75,-0.4,0] 0.52
“This doesn’t answer my question.”; response is off-topic. ‘ Negative [0,0,0.38,-0.6,-1] 0.18
Asked “What about semi-supervised methods?” \ Follow-up [0,2,0.81,-0.5,-0.2] 0.38

Table 4: Analysis of Censor’s effectiveness to judge satisfaction score of user feedback.

most stable convergence, with steadily decreasing
loss and minimal fluctuations. Although DPSE?
achieves a larger overall loss reduction, its longer
update intervals cause slower early-stage decline
and slightly less stability than DPSE?. DPSE!,
with frequent updates but low per-update gain,
shows limited overall improvement and higher
final loss. A threshold of 2,000 leads to large but
sparse updates that may miss key signals at low
data density, while 500 causes frequent but noisy
updates with low gains. Thus, 1,000 balances
update frequency and effectiveness, ensuring
continuous training and sufficient improvement.

Analysis of Censor’s Effectiveness. Real-world
reactions are too nuanced for any dataset to mimic.
We thus asked live users four feedback types
on the question “What’s the difference between
supervised and unsupervised learning?” and let
Censor score them. Table 4 shows Censor captured
five explicit signals; for neutral or follow-up
turns it fused dwell time, semantic overlap and
sentiment into plausible scores (0.52, 0.38), prov-
ing it can turn even implicit cues—re-questions,
repetition—into reliable satisfaction estimates.

Analysis of the Self-Evolution in long-term

real-world using. WildChat (Zhao et al., 2024)
collected 1 million conversations between human
users and ChatGPT by offering free access
to GPT-3.5 and GPT-4. These authentic user
interactions realistically reflect the distribution of
user queries and simulate long-term real-world
usage. We randomly sampled 100,000 entries
from WildChat and continuously fed them into
DPSE, simulating long-term user interaction,
with the self-evolution trigger threshold set to
1,000. After each self-evolution, we validated on
the MT-Bench dataset, using absolute scores to
assess effectiveness. As shown, the MT-Bench
absolute score rose from 3.65 to 8.97, and the
LLM performance in DPSE consistently improved
over time, demonstrating the effectiveness of
self-evolution in long-term use.

Ablation Study. To validate the effectiveness of
DPSE’s three core modules, we performed abla-
tion studies by removing each module individually
and measuring performance impact. Without the
Censor module, raw data bypasses quality filtering
before evolution. Without Dataset Construction,
filtered data is used directly without augmentation.
Without Self-Evolution, training relies solely on
standard supervised fine-tuning (SFT) or prefer-
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ence optimization (PO) with default hyperparam-
eters. As Table 3 shows any deletion hurts per-
formance, with Censor or Dataset Construction
removal causing the largest drop, underscoring that
data quality is the prime driver of gain.

6 Conclusion

In this paper, we propose a Dual-Phase Self-
Evolution (DPSE) framework that jointly enhances
user preference alignment and domain-specific
competence. DPSE features a signal-driven Cen-
sor module and a dual-phase fine-tuning pipeline,
enabling autonomous evolution through structured
data expansion. To evaluate the effectiveness of
DPSE, we designed extensive experiments and
compared it with SFT, PO, and memory methods,
and the results demonstrated that DPSE can achieve
high-quality self-evolution of LLMs.
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8 Limitations

Reliance on Noisy Heuristic Signals for Satis-
faction Scoring The effectiveness of the entire
Dual-Phase Self-Evolution (DPSE) framework is
heavily reliant on the scoring accuracy of its Censor
module. The satisfaction score is derived from a
fusion of five signals (e.g., dwell time, coherence),
which, despite our efforts in modeling, can be inher-
ently noisy and may not always correlate perfectly
with true user satisfaction. For instance, prolonged
dwell time could indicate distraction rather than
engagement. Inaccuracies in this module could
introduce low-quality or misaligned data into the
expansion and fine-tuning phases, potentially de-
grading model performance over time. Future work
could explore more robust satisfaction estimation
techniques, perhaps by incorporating more diverse
signals or employing a learned model trained on
explicit user feedback.

Constrained Data Expansion and Potential for
Bias Amplification While effective, the data ex-
pansion mechanism relies on predefined strategies.
The topic-aware expansion is constrained by a fixed
set of categories, which may limit its adaptabil-
ity to novel or open-domain conversations that
fall outside this predefined taxonomy. Similarly,
the preference-driven expansion, based on duplica-
tion and LLM-based paraphrasing, risks reducing
dataset diversity and could amplify biases present
in the highest-scoring samples. Investigating more
dynamic and semantically-aware data generation
techniques could further enhance the quality and
diversity of the evolution datasets.

Computational Cost and Scalability in Real-
Time Deployment The computational overhead
of the dual-phase fine-tuning process presents a
practical challenge. The framework requires pe-
riodic retraining of the LLM, which is resource-
intensive in terms of both time and computational
power. While our trigger threshold mechanism
helps manage the frequency of updates, deploy-
ing DPSE in a real-time, large-scale environment
would necessitate highly efficient training infras-
tructure. Regarding scalability to larger mod-
els and different architectures, the DPSE frame-
work is intentionally model-agnostic. Although
the current experiments focus on 1.5B-7B mod-
els due to academic computational constraints, the
Censor module operates at the interaction level
with negligible overhead, and both the supervised
fine-tuning and frequency-aware DPO stages can
be seamlessly combined with parameter-efficient
fine-tuning (PEFT) techniques such as LoRA or
QLoRA. We expect the observed performance
gains to remain consistent or even amplify on larger
models (e.g., 13B—70B), as the dual-phase design
jointly strengthens domain grounding and prefer-
ence alignment. Full-scale validation on models
beyond 7B is left for future work..
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