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Abstract
Advanced text generation is paramount for enhancing the nat-
uralness of human-computer interaction and improving emo-
tional expressiveness. Current mainstream methods largely
rely on large language models (LLMs) for single-turn gen-
eration, often lacking the interactivity and multi-dimensional
feedback mechanisms inherent in human writing. This lim-
itation frequently results in generated texts that fall short in
terms of depth, fluency, and stylistic sophistication.
To address these deficiencies, this paper proposes WRitEer
(Writer-Reader iterative tuning with Editor-Driven evolu-
tion and refinement), an interactive multi-agent collabo-
rative human-like writing framework. Centered around an
LLM, this framework integrates multi-objective optimiza-
tion with preference fine-tuning techniques. It introduces
three synergistic agents: the Reader, responsible for dis-
course analysis and indicator generation; the Editor, which
constructs prompts based on feedback indicators and iter-
atively refines them through an evolutionary search; and
the Writer, which generates text based on these refined
prompts and continuously self-optimizes via a DPO mech-
anism that incorporates preference feedback. Experimental
results consistently demonstrate that this “generate-evaluate-
reflect-optimize” workflow significantly outperforms single
LLM models across multiple datasets, yielding advanced rich
texts that exhibit superior human-like style, coherence, ex-
pressiveness, and controllability.

Code — https://github.com/frontsea320/WRitEer

Introduction
Text generation remains one of the central research topics in
the development of large language models (LLMs), partic-
ularly in generating natural, fluent, and stylistically sophis-
ticated texts comparable to those written by human authors.
In recent years, significant progress has been made in this
domain (Çalık and Akkuş 2025; Ma et al. 2025; Pico et al.
2024). However, despite their impressive generative capa-
bilities, current general-purpose LLMs still face consider-
able limitations in advanced writing tasks. These shortcom-
ings include producing rigid or unnatural text, conveying
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Figure 1: Overall performance comparison of all evaluated
models.

overly simplistic or repetitive stylistic patterns, and lacking
nuanced sophistication. Traditional approaches to advanced
text generation often rely on manually crafted stylistic rules
or annotated labels, resulting in heavy dependence on hu-
man intervention and limited adaptability to diverse writing
contexts (Li et al. 2023; Lee, Chen, and Huang 2010; Xie
and Agrawal 2023).

With the rapid advancement of multi-agent systems and
LLM technologies, collaborative multi-agent frameworks
have emerged as a promising direction for enhancing the
quality of advanced text generation (Park et al. 2023; Tran
et al. 2025). Recent studies have highlighted several ap-
proaches in this domain. WritingPath, for instance, im-
proves coherence by employing explicit outlines to guide
LLMs (Lee et al. 2024b), yet its reliance on pre-defined
structures restricts adaptability to varied stylistic and con-
textual requirements. The BERT-GPT-4 hybrid (Chen et al.
2024) achieves strong semantic depth and fluency through
architectural integration, but it still depends heavily on man-
ual design choices and lacks iterative refinement capabili-
ties. In conversational AI, models such as LAPDOG (He
et al. 2024) enrich sparse persona profiles with retrieval
augmentation, producing more tailored responses; how-
ever, their effectiveness remains limited to specific domains.
Overall, despite these advances, existing methods are not
yet capable of automatically and systematically generating
high-quality texts that balance stylistic accuracy, diversity,
and naturalness.
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To address the inherent complexity and challenges in ad-
vanced text generation, this paper proposes a novel multi-
agent interactive framework, WRitEer (Writer-Reader iter-
ative tuning with Editor-Driven evolution and refinement),
which aims to systematically generate sophisticated and nat-
urally fluent texts. Specifically, we formulate the advanced
text generation task as a multi-objective optimization prob-
lem and introduce the concept of evolutionary search (Ye
et al. 2024; Yuan et al. 2024; Akiba et al. 2025; Liu et al.
2024) to design specialized evolutionary operators, enabling
the progressive approximation of Pareto-optimal solutions.
Furthermore, during the optimization process, we iteratively
construct preference data from generated texts and apply Di-
rect Preference Optimization (DPO) (Rafailov et al. 2023;
Park et al. 2025) to continually fine-tune the generative
model via reinforcement learning, thereby facilitating the
model’s self-evolution and improving the precision and rel-
evance of stylistic expression (Lu et al. 2024).

By integrating these techniques, WRitEer not only sig-
nificantly simplifies the design process of advanced text gen-
eration systems but also fosters a continuous learning and
adaptive environment. This enables the system to progres-
sively enhance its performance over time, thereby improving
the efficiency and effectiveness of advanced text generation.

The main contributions of this work are summarized as
follows:

• We propose a novel formulation that models the ad-
vanced text generation task as a multi-objective optimiza-
tion problem driven by dynamic evaluation metrics. An
evolutionary search strategy is employed to efficiently
approximate the Pareto-optimal solutions.

• We construct preference data from iteratively generated
texts and, for the first time, introduce the Direct Prefer-
ence Optimization (DPO) mechanism into the advanced
text generation task. This significantly enhances the per-
formance of the generation model, allowing smaller-
scale models to achieve or even approach the perfor-
mance of larger models.

• We design and implement an innovative multi-agent
collaborative framework for advanced text generation,
termed WRitEer, which orchestrates the interaction
among three agents—the Reader, the Editor, and the
Writer—to systematically optimize the generation pro-
cess. Experimental results demonstrate that WRitEer
outperforms mainstream large language models under
our evaluation protocol, as illustrated in Figure 1.

Related Works
Limitations of LLM-based Single-turn Generation
and the Rise of Multi-agent Collaboration
In recent years, the rapid advancement of large language
models (LLMs) has driven the dominant paradigm of ad-
vanced text generation toward single-turn generation based
on LLMs. Despite their impressive text generation capabil-
ities, LLMs exhibit notable limitations in advanced writing
tasks. They often lack the inherent interactivity and multi-
dimensional feedback mechanisms characteristic of human

writing, resulting in outputs that fall short in depth, flu-
ency, and stylistic nuance. Specifically, LLMs may produce
rigid or unnatural texts, convey oversimplified or repeti-
tive stylistic patterns, and struggle with fine-grained control
over context-dependent stylistic cues and subtle tonal vari-
ations (Di Palma et al. 2025; Zhang et al. 2023). Further-
more, LLMs typically face challenges in logical reasoning,
long-term planning, and the handling of complex linguistic
structures, which collectively hinder their ability to gener-
ate coherent and high-quality advanced texts (Qi et al. 2025;
Yan et al. 2024).

To overcome the inherent limitations of single-agent
LLMs, collaborative multi-agent frameworks have emerged
as a promising direction for enhancing the quality of ad-
vanced text generation (Lützenberger et al. 2016; Park and
Sugumaran 2005; Wei, Shan, and Li 2025). By leverag-
ing the complementary strengths of diverse agents, these
frameworks significantly improve the sophistication and co-
herence of generated content, enabling distributed intelli-
gence, coordinated actions, and optimized decision-making
that go beyond the capabilities of a single model (Luo et al.
2025; Amirkhani and Barshooi 2022; Fourney et al. 2024).
For instance, in the domain of creative writing, multi-agent
systems have been employed to facilitate divergent explo-
ration, iterative refinement, and collaborative synthesis. By
simulating the roles of authors, editors, and critics, such
systems effectively enhance the creativity and complexity
of generated texts (Lin et al. 2025; Zhang et al. 2024;
Yan et al. 2025). This “generate–evaluate–reflect–optimize”
workflow, enabled through agent collaboration, demon-
strates strong potential for addressing the challenges of com-
plex advanced text generation tasks.

WritingBench: A Comprehensive Benchmark for
Generative Writing
Given the limitations of existing benchmarks in eval-
uating text generation by large language models
(LLMs)—particularly in capturing the diverse require-
ments of high-quality written content—Wu et al. proposed
WritingBench (Wu et al. 2025), a comprehensive eval-
uation platform designed to assess LLM performance
across six core writing domains and over 100 subdomains,
including creative, persuasive, informational, and technical
writing.

At the heart of WritingBench lies a query-dependent eval-
uation framework. This framework leverages LLMs to dy-
namically generate five instance-specific evaluation criteria
tailored to each writing task. These criteria adapt finely to di-
verse requirements related to style, format, length, and tone.
A fine-tuned critic model is employed to assign scores and
provide justifications based on the dynamically generated
criteria. This method significantly enhances alignment with
human judgments, achieving a human-model agreement rate
of up to 83%, far surpassing traditional static baselines.

Moreover, WritingBench demonstrates powerful data cu-
ration capabilities, enabling the training of small-scale mod-
els with filtered data to achieve performance close to or even
matching state-of-the-art (SOTA) models. In our work, a
lightly modified version of WritingBench serves as the foun-
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dation for multi-objective optimization and the overall as-
sessment of writing quality.

Direct Preference Optimization (DPO)
The core idea behind Direct Preference Optimization
(DPO) is to analytically bridge the reward maximization ob-
jective and the optimal policy by reformulating the problem
into a classification task over human preference data (Xu
et al. 2024; Zhong et al. 2024; Lee et al. 2024a). This vari-
able transformation enables the direct optimization of a lan-
guage model to follow human preferences, without the need
to explicitly fit a reward model or to perform sampling-based
optimization from the model during fine-tuning.

It substantially lowers the barrier to incorporating hu-
man preferences into LLM training by eliminating the
need for reward modeling and reinforcement learning op-
timization, resulting in greater stability, improved perfor-
mance, and dramatically reduced computational cost. Em-
pirical results show that DPO achieves comparable or su-
perior performance to existing methods—including PPO-
based RLHF—on tasks such as sentiment alignment, sum-
marization, and single-turn dialogue. In our work, we adopt
DPO to perform reverse fine-tuning of our generation model,
enabling small-scale models to achieve performance com-
petitive with that of larger models (Ouyang et al. 2022).

Method
Reader: WritingBench-based Metric Evaluation
and Stylistic Perception
In the WRitEer framework, the core responsibility of the
Reader module is to perform multi-dimensional advanced
structure analysis on the input text T and generate quan-
titative metrics for use in subsequent stages (Wan et al.
2025; Liu et al. 2025). To this end, we incorporate Writ-
ingBench—a comprehensive benchmark designed for eval-
uating generative writing tasks. WritingBench employs a
query-dependent evaluation mechanism that automatically
generates five instance-specific evaluation criteria for each
writing prompt. This approach has demonstrated over 80%
human-model agreement across multiple experiments, sig-
nificantly outperforming traditional static evaluation meth-
ods.

To integrate the evaluation results from WritingBench
into the WRitEer generation pipeline, as illustrated in Fig-
ure 2, the Reader module maps its output into two types
of structured metrics (Celikyilmaz, Clark, and Gao 2020):
static metrics S and dynamic metrics D, formally defined
as:

(S,D) = WB(T ), (1)

where

S = {s1, s2, . . . , sm}, D = {d1, d2, . . . , dn}. (2)

The static metrics S capture high-level evaluations of the
overall quality of the text and are directly used to assess the
quality of generated outputs at each iteration. In contrast, the
dynamic metrics D reflect performance fluctuations in spe-
cific micro-aspects of the text, serving as target references

for the generation and evaluation prompts used in subse-
quent modules.

Through this dual-channel evaluation mechanism—static
+ dynamic—the Reader module not only achieves precise
perception of stylistic expression but also establishes a clear
and reliable data foundation for the Editor and Writer mod-
ules. This ensures that the entire WRitEer system can con-
tinuously improve text quality under the guidance of quan-
tifiable evaluations.

Editor: Multi-objective Optimization and
Evolutionary Operator Design Based on Dynamic
Metrics
Within the WRitEer framework, we formulate the advanced
text generation task as a multi-objective optimization prob-
lem guided by dynamic metrics. Specifically, given an in-
put text T and its associated dynamic metric set D(T ) =
{d1(T ), d2(T ), . . . , dn(T )}, the goal of the Editor module
is to optimize the combination of prompts such that the static
metric values are maximized while the dynamic metrics ap-
proach their desired target vector D∗.

In this multi-objective optimization setting, we define the
fitness function by combining both static and dynamic met-
rics. Specifically, for any candidate prompt combination p,
the fitness is computed as follows:

fitness(p) =
m∑
i=1

si(Tp) + λ
n∑

j=1

bonus(dj(Tp)), (3)

where Tp represents the text generated by prompt combina-
tion p, and {s1, s2, . . . , sm} are the static evaluation metrics
obtained from Tp. The second term denotes the aggregated
dynamic bonus, calculated across all dynamic metric dimen-
sions {d1, d2, . . . , dn}, weighted by the hyperparameter λ,
thus effectively guiding the search towards improved per-
formance on both static quality and dynamic characteristics.
The overall optimization task can thus be expressed as:

max
p∈P

f(p), (4)

while simultaneously encouraging D(p) to converge toward
the ideal target vector D∗ in each dynamic metric dimen-
sion.

Given the large and non-differentiable nature of the
prompt combination space P , we introduce a heuristic evo-
lutionary search (Miikkulainen et al. 2024; Novikov et al.
2025) framework to explore the space efficiently. This
framework includes the design of an initial population gen-
eration strategy and several evolutionary operators. First,
based on the given text T and its dynamic metrics D(T ),
the Editor module uses a large language model (LLM) to
construct an initial population:

P (0) = {p(0)1 , p
(0)
2 , . . . , p

(0)
N }, (5)

where N is the predefined population size, and each indi-
vidual p(0)j = {pj,1, pj,2, . . . , pj,n} represents a full prompt
combination consisting of n sub-prompts corresponding to
the dimensions of the dynamic metrics. The initial popula-
tion is generated without evaluation, guided purely by the
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Figure 2: The architecture of the proposed WRitEer framework. It consists of three collaborative agents: the Reader, which
evaluates input texts based on static and dynamic indicators; the Editor, which generates optimized prompts through evolu-
tionary operators including selection, crossover, and mutation; and the Writer, which produces emotional text and is fine-tuned
with Direct Preference Optimization (DPO). Together, these components form a generate–evaluate–optimize pipeline that en-
hances both the fluency and emotional alignment of generated texts.

semantic content of the dynamic metrics to ensure diversity
for subsequent evolution.

In each iteration t (t = 1, 2, 3), a single evolutionary op-
erator is executed. Except for the first round, before each it-
eration, the Editor evaluates the prompt combination p(t−1)

using WritingBench:

S(p(t−1)) = {s1(p(t−1)), . . . , sm(p(t−1))}, (6)

D(p(t−1)) = {d1(p(t−1)), . . . , dn(p
(t−1))}. (7)

Subsequently, the Editor executes one of the following
evolutionary operators in a pre-defined order:

Selection Operator: Evaluate all individuals in P (t−1)

using f(p) and select the one with the highest fitness as the
result of the current round:

p(t) = arg max
p
(t−1)
j

f(p
(t−1)
j ). (8)

Crossover Operator: Perform crossover between p(t−1)

and the highest-fitness individual psel in the population. A
subset of indices I ⊆ {1, . . . , n} is randomly selected, and

a new combination is constructed as:

p
(t)
i =

psel,i, i ∈ I,

p
(t−1)
i , i /∈ I.

(9)

Mutation Operator: Identify the y worst-performing di-
mensions in the dynamic metrics of p(t−1), forming index
set J ⊆ {1, . . . , n}, and regenerate the corresponding sub-
prompts using the LLM:

p
(t)
i =

Regenerate(p(t−1)
i ), i ∈ J,

p
(t−1)
i , i /∈ J.

(10)

A total of three iterations are performed, each applying
one evolutionary operator. After the third iteration, the opti-
mized prompt combination is obtained:

p∗ = p(t), (11)

which serves as the output of the Editor module.
This optimized prompt is expected to improve the over-

all performance on static metrics while ensuring that each
dimension of the dynamic metrics is closer to its ideal tar-
get. The resulting prompt combination is then passed to the
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Writer module, guiding the final text generation process and
ensuring that the output is stylistically accurate, fluent, and
expressive.

Writer: Text Generation via Preference
Construction and Direct Preference Optimization
As illustrated in Figure 2, the Writer module in the WRitEer
framework is responsible for the final stage of text genera-
tion and optimization. Specifically, the Writer receives the
optimized prompt combination p∗ produced by the Editor
module, along with the original input text T , and uses a lan-
guage model to generate two candidate outputs, denoted as
T

(1)
p∗ and T

(2)
p∗ .

To determine which of the two texts is preferable, the
system invokes WritingBench to evaluate their static metric
scores. The overall fitness score for each candidate is com-
puted as:

f(T
(k)
p∗ ) =

m∑
i=1

si
(
T

(k)
p∗

)
, k ∈ {1, 2}. (12)

The text with the higher fitness score is selected as the
final optimized output of the current iteration:

Tchosen = arg max
T

(k)

p∗ , k∈{1,2}
f(T

(k)
p∗ ), (13)

and is subsequently passed back to the Reader module as
the input for the next optimization round.

To further enhance the model’s capability in advanced
text generation, we integrate the Direct Preference Opti-
mization (DPO) technique to fine-tune the base language
model. In each optimization round, the Writer constructs a
preference-based training triple (p∗, Tchosen, Trejected), where:

Trejected = arg min
T

(k)

p∗ , k∈{1,2}
f(T

(k)
p∗ ). (14)

Each input text undergoes three optimization rounds, cor-
responding to the application of the selection, crossover, and
mutation operators in the Editor module. In each round, the
Writer generates two candidate outputs, resulting in three
preference triples:{(

p∗(t), T
(t)
chosen, T

(t)
rejected

)}3

t=1
. (15)

Once approximately x input texts have been processed,
yielding about 3x preference triples, the DPO fine-tuning
process is triggered. During DPO training, we define the
conditional generation policy as πθ(T | p), where θ denotes
the parameters of the base language model. Given each pref-
erence triple, we define the following loss function to guide
the optimization:

LDPO(θ) = −E(p,Tchosen,Trejected)∼D[
log σ

(
β log

πθ(Tchosen | p)
πθ(Trejected | p)

)]
.

(16)

where D is the accumulated dataset of preference triples,
σ(·) is the sigmoid function, and β is a hyperparameter con-
trolling preference strength.

By minimizing this loss, the model is encouraged to gen-
erate texts that align more closely with human preferences.
Each DPO fine-tuning phase is executed once for every col-
lection of 3x new preference triples. Through iterative train-
ing, the base language model continuously improves its per-
formance in stylistic alignment, linguistic fluency, and ex-
pressive power.

Ultimately, with the support of optimized prompts and
progressively fine-tuned models, the Writer module pro-
duces outputs that more accurately reflect human emotional
preferences and expressive intent.

Experiments
Datasets
To comprehensively evaluate the performance of the
WRitEer framework, we selected two representative
datasets covering both news summarization and narrative
text generation tasks. For the news summarization datasets,
we randomly sampled 3,000 non-overlapping examples
per trial and repeated the experiments five times to ensure
stability. For the narrative dataset, we conducted experi-
ments on the entire corpus, also repeated five times for re-
liability. The datasets are as follows:

• CNN/DailyMail (Nallapati et al. 2016)
This dataset contains over 300,000 news articles paired
with human-written summaries. It is widely used in ab-
stractive summarization tasks and serves to evaluate the
model’s ability to generate coherent, informative, and
stylistically natural summaries.

• Harry Potter Custom Dataset
To assess the effectiveness of WRitEer in emotionally
expressive and narrative-rich text generation, we con-
structed a custom dataset based on the Harry Potter se-
ries. We replaced key character and entity names (e.g.,
Ron → Rick, Harry → Henry) to prevent models from
leveraging memorized knowledge. A total of 1,000 long-
form excerpts (including dialogues) were selected and
manually abbreviated under fixed rules to remove explicit
emotional markers, creating emotion-neutral baselines.
The exact construction of the dataset can be found in the
Appendix.

Implementation Details
In our experiments, we primarily adopted Qwen2.5-7B (Hui
et al. 2024) as the backbone model for the Writer agent. Fol-
lowing the official recommendations of WritingBench, we
employed Claude-Sonnet-4 as the critic model, which was
deployed in both the Reader agent and the WritingBench
evaluation module. In addition, we provided an option to re-
place the Writer agent model with a local API deployment,
allowing flexible adaptation to different hardware environ-
ments.

For comparative evaluation, we categorized the tested
methods into three groups: Direct Answer, Multi-turn
Conversation, and our proposed WRitEer framework. The
inclusion of multi-turn conversation methods ensures a fairer
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Method Type Method JS&R LP&G LR&P Average Std

Direct Answer

Claude-Sonnet-4 (Anthropic 2025) 3.22 6.02 4.18 4.47 1.53
GPT-4.1 (OpenAI 2025) 3.32 6.66 4.16 4.71 1.43
GPT-4.5 (OpenAI 2024a) 3.30 6.22 4.16 4.56 1.47
GPT-4o (OpenAI 2024b) 3.20 6.30 4.22 4.57 1.46
GPT-o3 (OpenAI 2024d) 3.28 6.26 4.10 4.55 1.65
GPT-o4-mini (OpenAI 2024c) 3.24 6.38 4.12 4.58 1.49
Gemini-2.5-pro (DeepMind 2025) 3.34 6.64 4.20 4.73 1.37
Grok-3 (xAI 2025) 3.40 6.64 4.26 4.77 1.41
Llama-3-70B (Meta 2024) 3.32 6.42 4.22 4.65 1.56
Qwen3-235B (Yang et al. 2025) 3.26 6.18 4.04 4.49 1.55
DeepSeek-R1 (DeepSeek-AI 2025) 3.28 6.80 4.20 4.76 1.38
DeepSeek-v3 (DeepSeek-AI 2024) 3.16 6.10 4.14 4.47 1.60
Kimi-k2 (Team et al. 2025) 3.30 6.28 4.20 4.59 1.50

Multi-turn Conversation Grok3-Multi-Conversation 6.88 7.88 6.64 7.13 1.30
Qwen2.5-7B-DPO-Multi-Conversation 3.32 7.34 4.24 4.97 0.94

WRitEer
WRitEer-Qwen2.5-7B 8.00 8.52 6.48 7.67 1.08
WRitEer-Qwen2.5-7B-DPO 8.14 8.92 8.12 8.39 0.38
WRitEer-Qwen3-235B 8.80 9.10 8.54 8.81 0.40

Table 1. Performance of different methods across three evaluation metrics: JS&R (Journalistic Style & Readability), LP&G
(Language Precision & Grammar), and LR&P (Lexical Richness & Precision). More detailed analyses (Zhang et al. 2019) and
additional results are provided in the appendix.

comparison, as they better reflect interactive writing scenar-
ios where the system can iteratively refine outputs through
dialogue-like exchanges. Specific implementation details
can be found in the appendix.

Hyperparameter Settings
• Optimization Rounds: Each input text underwent 3 op-

timization rounds, sequentially applying the selection,
crossover, and mutation operators.

• Population Size: 5 candidate prompt combinations
were generated in each round.

• Fitness Function: The weighting parameter was empiri-
cally set to λ = 0.3, as this value demonstrated the best
balance between static quality scores and dynamic bonus
contributions in preliminary trials.

• DPO Fine-tuning: Direct Preference Optimiza-
tion was triggered every time approximately
300 preference triples were collected, with the pref-
erence strength coefficient set to β = 0.1, a value
chosen based on empirical evidence indicating superior
performance in advanced alignment.

Prompt Engineering Task-specific prompt templates
were designed for each agent, guaranteeing consistency in
style and appropriateness of stylistic expression throughout
the optimization process. Specific templates for the prompt
words can be found in the appendix.

Experimental Environment All experiments were con-
ducted on a multi-GPU server equipped with NVIDIA A800
GPUs, using PyTorch 2.5.1 and CUDA 12.4. Pre-trained
model weights were obtained from HuggingFace and further
fine-tuned within the WRitEer multi-agent pipeline.

Results and Analysis

To provide a clear overview of the evaluation outcomes,
we first present in Table ?? the average scores of all mod-
els across the three key static evaluation metrics, covering
the CNN/DailyMail dataset. The results for the Harry Potter
Custom Dataset dataset are reported separately in the ap-
pendix.

Overall Model Performance Comparison The overall
analysis reveals substantial performance differences among
the evaluated approaches. Within the Direct Answer cate-
gory, most models achieved moderate scores, with averages
ranging between 4.47 and 4.77, and relatively high standard
deviations of around 1.4–1.6, indicating noticeable variabil-
ity in output quality. In contrast, Multi-turn Conversa-
tion methods demonstrated stronger performance: Grok3-
Multi-Conversation attained an average score of 7.13, sig-
nificantly outperforming all Direct Answer models, while
Qwen2.5-7B-DPO-Multi-Conversation also achieved com-
petitive results with enhanced stability (Std = 0.94). Most
notably, the WRitEer Framework consistently outper-
formed both Direct Answer and Multi-turn Conversation
baselines. WRitEer-Qwen2.5-7B obtained an average score
of 7.67, while its DPO-enhanced variant further improved
both accuracy and stability, reaching 8.39 with a remarkably
low standard deviation of 0.38. The best performance was
delivered by WRitEer-Qwen3-235B, which achieved an av-
erage of 8.81 across all metrics, setting a new benchmark
for high-quality and stable text generation. These results col-
lectively underscore the effectiveness of WRitEer in elevat-
ing both the overall quality and the consistency of generated
texts, suggesting that the integration of evolutionary search
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Figure 3: The heatmap reveals consistent performance differences among Direct Answer, Multi-turn Conversation, and
WRitEer-based models, with WRitEer demonstrating the strongest overall results across all metrics. The models (from left
to right) are:Claude-Sonnet-4, DeepSeek-R1, DeepSeek-v3, GPT-4.1, GPT-4.5, GPT-4o, GPT-o3, GPT-o4-mini, Gemini-2.5-
pro, Grok-3, Grok3-MtC, Kimi-k2, Llama-3-70B, Qwen2.5-7B-DPO-MtC, Qwen3-235B, WRitEer-Qwen2.5-7B, WRitEer-
Qwen2.5-7B-DPO, WRitEer-Qwen3-235B

and preference-based optimization provides significant ad-
vantages over conventional approaches.

Model Comparison Across Metrics The heatmap anal-
ysis (Figure 3) provides a detailed comparison of model
performance across the three key evaluation metrics, re-
vealing substantial variation among different approaches.
In terms of JS&R, most baseline models scored relatively
low, reflecting the persistent difficulty of emulating pro-
fessional journalistic style. While Direct Answer models
such as GPT-4.5, GPT-4.1, and Gemini-2.5-pro remained
in the range of approximately 3.2–3.4, multi-turn conversa-
tion approaches showed notable improvement, with Grok3-
Multi-Conversation reaching 6.88. The most remarkable
results, however, were achieved by the WRitEer frame-
work, where WRitEer-Qwen2.5-7B and WRitEer-Qwen2.5-
7B-DPO scored 8.00 and 8.14 respectively, and WRitEer-
Qwen3-235B attained the highest score of 8.80, indicating a
near-human level of stylistic fluency and readability.

For LP&G, the performance gap was even more pro-
nounced. While strong Direct Answer models such as
DeepSeek-R1 and GPT-4.5 achieved scores around 6.1–6.8,
the WRitEer framework delivered a substantial leap
forward: WRitEer-Qwen2.5-7B reached 8.52, WRitEer-
Qwen2.5-7B-DPO further improved to 8.92, and WRitEer-
Qwen3-235B set the benchmark with a score of 9.10. These
results highlight WRitEer’s ability to ensure both grammat-
ical correctness and high linguistic precision.

In the dimension of LR&P, scores among Direct Answer
models clustered between 4.0 and 4.3, reflecting limited vo-
cabulary diversity. Grok3-Multi-Conversation demonstrated
a notable advantage with 6.64, but it was again the

WRitEer framework that clearly outperformed all base-
lines. WRitEer-Qwen2.5-7B achieved 6.48, while WRitEer-
Qwen2.5-7B-DPO and WRitEer-Qwen3-235B elevated per-
formance to 8.12 and 8.54 respectively.

Conclusion
We introduce WRitEer, a multi-agent framework that ad-
vances text generation by integrating multi-objective opti-
mization, evolutionary search, and preference-based fine-
tuning. Experiments on CNN/DailyMail and the custom
Harry Potter datasets (see Appendix) show WRitEer consis-
tently surpasses mainstream large language models in both
linguistic precision and stylistic quality.

The combination of evolutionary search with Direct Pref-
erence Optimization enables progressive refinement of out-
puts, better aligning them with human-like stylistic and emo-
tional preferences. Its modular design supports adaptation to
varied datasets and backbone models, enhancing robustness.

Future work will explore multi-turn interactive writ-
ing, incorporate multimodal signals (e.g., images and au-
dio) (Alayrac et al. 2022), and pursue lightweight deploy-
ment to lower computational cost (Cui et al. 2024; Wu et al.
2023; Yin et al. 2024).
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