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Abstract001

Great novels create immersive worlds with rich002
character arcs, well-structured plots, and nu-003
anced writing styles. However, current novel004
generation methods often rely on brief, sim-005
plistic story outlines and generate details using006
plain, generic language. To bridge this gap, we007
introduce the task of Imitative Novel Genera-008
tion, which requires the generated novels to imi-009
tate the distinctive features of the original work,010
including understanding character profiles and011
world views, predicting plausible plot develop-012
ments, and writing concrete details using vivid,013
expressive language. To achieve this, we pro-014
pose WriterAgent, a novel generation system015
designed to master the core aspects of liter-016
ary imitative. WriterAgent is trained through017
a curriculum learning paradigm, progressing018
from low-level stylistic mastery to high-level019
narrative coherence. Its key tasks include lan-020
guage style learning, character modeling, plot021
planning, and stylish writing, ensuring compre-022
hensive narrative control. To support this, Writ-023
erAgent leverages the WriterLoRA framework,024
an extension of LoRA with hierarchical and025
cumulative task-specific modules, each special-026
izing in a different narrative aspect. We eval-027
uate WriterAgent on multilingual classics like028
Harry Potter and Dream of the Red Chamber,029
demonstrating its superiority over baselines in030
capturing the target author’s settings, character031
dynamics, and writing style to produce coher-032
ent, faithful narratives. We hope this work in-033
spires literary creativity in NLP: �WriteAgent.034

1 Introduction035

Novels create rich, immersive worlds with intri-036

cate plots and distinct styles, captivating readers037

through complex storytelling (Bai et al., 2024).038

A significant amount of research (Ammanabrolu039

et al., 2020; Yao et al., 2019) has proposed040

new model architectures to improve story gener-041

ation. With the emergence of LLMs, recent efforts042

At dawn, a loud, sharp knock echoed through the 
grand front gate of the Jia Mansion. Outside, dozens 
of officials clad in deep blue official robes stood in 
formation, their voices booming…

Since the original ending of 
Dream of the Red Chamber is 
lost, I would like to know your 
prediction of what happens to 

the Jia family in the end?

Previous Novel Generation 
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Theme: xxxx
...

Human 
engineered:

In the heart of the Roman 
Empire, General Lucius found 
himself torn between two 
irreconcilable paths…

Our Pastiche Novel Generation

Plot Planning
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Decline of Family Power
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Figure 1: Comparison of traditional story generation and
our imitative novel generation, showcasing enhanced
narrative depth, character development, and stylistic
fidelity.

have shifted towards improved prompt-based tech- 043

niques (Wang et al.; Han et al., 2024). For example, 044

Ma et al. (2024) proposed modular premise synthe- 045

sis, providing concrete information such as back- 046

ground, persona, and theme to guide the generation 047

process. While these methods have enhanced novel 048

generation performance (Hu et al., 2024), they fall 049

short in capturing the irreplaceable qualities of real- 050

world literary classics: engaging plots, vivid char- 051

acters, and distinctive language that immerse read- 052

ers in complex and authentic storytelling. 053

Hence, in this work, we propose the Imitative 054

Novel Generation task, which aims to generate nov- 055

els that faithfully emulate the original author’s style 056

and narrative depth. This task presents two key 057

challenges: (1) plot planning that aligns with the 058

novel’s established worldview and character dy- 059

namics, and (2) stylish writing that produces narra- 060

tive text reflecting the target author’s personalized 061

writing style. As illustrated in Figure 1, for in- 062

stance, given the rich context of Dream of the Red 063

Chamber, with its intricate interpersonal conflicts 064
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and lavish lifestyles, the model should predict sig-065

nificant plot point outcomes, such as the eventual066

downfall of the Jia family. Additionally, the model067

must accurately reproduce the linguistic and stylis-068

tic features of the original text, including evocative069

phrases like “rolled up their sleeves” and “please070

issue the decree”, which reflect the author’s unique071

writing style.072

To address these challenges, we propose Writer-073

Agent, a novel generation model designed to em-074

ulate a target author’s writing style. The model is075

trained in sequence on four core tasks to master key076

narrative and stylistic elements of the author’s work.077

This sequential training follows the natural writing078

process, from conceptual elements like language079

style and world-building to high-level plotting and080

fine details: 1) Language Style Learning: Teaching081

the LLM to capture the author’s distinctive writing082

style through tasks like next-word prediction, en-083

suring consistent character voices. 2) World Build-084

ing: Guiding the model to introduce characters and085

define their relationships, constructing an intercon-086

nected world aligned with the original narrative.087

3) Plot Planning: Enabling the model to generate088

coherent plotlines that evolve character arcs in line089

with the story’s structure. 4) Stylish Writing: En-090

hancing descriptive details of settings, character091

interactions, and events, ensuring immersive story-092

telling that reflects the author’s tone and depth. To093

train WriterAgent efficiently, we propose Writer-094

LoRA, an extension of the Low-Rank Adaptation095

(LoRA) (Hu et al., 2021). The original LoRA A096

and B matrices act as a general expert, preserving097

the original text’s style as a reference. However,098

Recent studies (Hayou et al., 2024; Zhang and Pi-099

lanci, 2024) demonstrate that matrices A and B100

require differentiated learning rates for stable learn-101

ing. Accordingly, we freeze the shared matrix A to102

maintain global stylistic knowledge, while employ-103

ing task-specific B matrices with higher learning104

rates to capture specialized narrative aspects. These105

specialized B matrices focus on world-building,106

plot development, and stylistic writing, trained se-107

quentially via curriculum learning from simple to108

complex tasks.109

We evaluated WriterAgent on the English Harry110

Potter series and the Chinese Dream of the Red111

Chamber. Given the absence of prior work on the112

personalized novel generation task, we developed113

a set of automatic metrics to assess writing style,114

including language style, expression methods, and115

sentence complexity, and plot development, cov-116

ering the story mainline, character behavior, and 117

emotions. Both automatic evaluations and human 118

annotations demonstrate that WriterAgent effec- 119

tively captures the target author’s style and con- 120

structs coherent, engaging narratives. 121

Our main contributions are as follows: (1) We in- 122

troduce the Imitative Novel Generation task, which 123

aims to generate novels that mimic a target author’s 124

style, narrative structure, and character develop- 125

ment. (2) We develop WriterAgent, an LLM with 126

a WriterLoRA structure, trained to learn character 127

profiles, predict future plotlines, and reconstruct 128

full stories, enabling consistent and context-aware 129

storytelling. (3) We demonstrate that WriterAgent 130

outperforms baseline models in mimicking multi- 131

lingual classics such as Harry Potter, which high- 132

lights new possibilities for literary creativity and 133

personalized storytelling. 134

2 Related Work 135

Story Generation. The task of long-form story 136

generation has received significant attention in re- 137

cent years due to advancements in LLMs. Early 138

approaches primarily focused on developing new 139

modules to enhance narrative coherence and con- 140

sistency. For example, Ammanabrolu et al. (2020); 141

Fan et al. (2019, 2018) leveraged graph structures 142

to organize events more effectively and improve 143

narrative consistency. Another example is Peng 144

et al. (2018), which introduced an interface for 145

human-computer interaction to generate person- 146

alized stories and applied it to RNN-based mod- 147

els for controlling story endings and storylines. 148

However, these methods often struggled to main- 149

tain coherence and consistency over extended se- 150

quences. More recently, prompt engineering tech- 151

niques have been adopted to tap into the generative 152

power of LLMs (Giray, 2023). For instance, Han 153

et al. (2024) proposed a director-actor agent collab- 154

oration framework for controllable and interactive 155

drama script generation, while Huang et al. (2023) 156

explored dynamic beam sizing and affective rerank- 157

ing to generate engaging narratives. 158

Despite these advancements, existing methods 159

lack a framework to emulate complex narratives 160

and distinct authorial styles, essential for real-world 161

long-form novel writing. 162

Parameter-Efficient Fine-Tuning. Parameter- 163

efficient fine-tuning (PEFT) (He et al.) reduces 164

the computational costs of fine-tuning LLMs 165

by introducing additional modules, avoiding di- 166
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rect updates to the large-scale pretrained weights.167

Adapters (Houlsby et al., 2019) insert extra fea-168

ture transformations between model blocks, while169

prefix tuning (Li and Liang, 2021) optimizes pa-170

rameters through learnable prefixed embeddings171

without modifying the pretrained weights. Exten-172

sions of LoRA have further explored task-specific173

adapters, enabling specialization in distinct aspects174

of text generation (Zhou et al., 2023; Li et al.,175

2024; Luo et al., 2024; Chen et al., 2024). Re-176

cent advances in LoRA optimization(Hayou et al.,177

2024) demonstrate that matrices A and B require178

differentiated learning rates for stable training, and179

that in mixture-of-experts configurations, shared180

base matrices should employ lower learning rates181

or remain frozen to maintain global knowledge182

while task-specific matrices capture specialized fea-183

tures (Liu et al., 2024). Building on these insights,184

our WriterLoRA integrates mixture-of-LoRA archi-185

tecture with differentiated optimization strategies,186

tailored specifically for imitative novel generation187

through curriculum learning.188

Stylish Novel Generation Stylish Novel Gen-189

eration is a task that focuses on generating nar-190

ratives with coherent plots, consistent characters,191

and distinctive stylistic elements reflective of spe-192

cific authors or genres. With the emergence of193

LLMs, recent research has shifted towards improv-194

ing prompt-based techniques (Luo et al., 2023; Ye195

et al., 2022; Zhu et al., 2020; Tao et al., 2024; Ye196

et al., 2022). Ye et al. (2022) proposed using style197

examples as prompts to guide LLMs in generating198

text in specific styles. PLoRA (Zhang et al., 2024)199

(Personalized LoRA) is a plug-and-play framework200

for human-computer interactive text understand-201

ing, enabling efficient adaptation to users’ language202

styles and effectively capturing personalized writ-203

ing. MultiLoRA (Wang et al., 2023b) addresses204

parameter conflicts and knowledge transfer prob-205

lems between different tasks in multi-task learning.206

3 Problem Formulation207

We begin by introducing the notations and key con-208

cepts for the task of personalized long-form novel209

generation. Formally, the training dataset for a210

novel is hierarchically structured into character pro-211

files, plots, and words. Each character is identified212

by a name Ni, and associated with a profile Ci213

that provides a detailed description, including key214

traits and relationships with other characters. The215

narrative text is divided into segments of words216

{xi1, xi2, . . . , xin}, each corresponding to an indi- 217

vidual plot summary Pj , where j represents the 218

plot index within the chapter. These plots {Pj} 219

capture the key story developments within their 220

respective text segments. 221

The task involves two core subtasks: (1) plot 222

prediction, where the model predicts the next 223

plot point P̂t based on previous plot points 224

{P1, . . . , Pt−1} and ensures logical consistency by 225

comparing it to the ground truth plot point Pt; 226

(2) stylish writing, where the model generates a 227

word sequence Ŷt = {x̂1, x̂2, . . . , x̂n} from the 228

predicted plot point P̂t and ensures coherence and 229

stylistic alignment by comparing it to the ground 230

truth text Yt = {x1, x2, . . . , xn}. 231

4 Method 232

In this section, we first introduce the vanilla LoRA, 233

then present our adapted WriterLoRA built on it, 234

along with the overall WriterAgent framework, as 235

shown in Figure 2. 236

4.1 Preliminaries 237

LoRA fine-tunes LLMs efficiently by adding train- 238

able low-rank matrices instead of updating all pa- 239

rameters, reducing computational cost. Concretely, 240

a pre-trained weight matrix W0 ∈ Rd×k is updated 241

using a low-rank decomposition W0 + ∆W = 242

W0 +BA, where B ∈ Rd×r and A ∈ Rr×k, with 243

r ≪ min(d, k). Here, B and A are the trainable 244

low-rank matrices, and r represents the rank of the 245

decomposition. During training, W0 is frozen and 246

does not receive gradient updates, while A and B 247

are optimized. Given an input x ∈ Rk, the forward 248

pass through the modified weight matrix is: 249

h′ = W0x+∆Wx = W0x+BAx 250

Here, A serves as an encoder-like transforma- 251

tion, mapping x ∈ Rk into a lower-dimensional 252

representation z ∈ Rr, while B acts as a decoder- 253

like transformation, projecting z back into output 254

space. 255

4.2 WriterLora Framework 256

A straightforward approach to train an LLM in- 257

volves sequentially training it on the above tasks 258

in a parameter-efficient manner using LoRA. How- 259

ever, this method may fail to optimize task-specific 260

performance while maintaining cross-task synergy. 261

To address this limitation, we propose WriterLoRA, 262

a structured multi-task learning framework that 263
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Figure 2: The entire training process can be divided into two parts: the pretraining phase and the fine-tuning phase.
During the fine-tuning phase, tasks are divided into three stages of increasing complexity: world-building learning,
plot structure learning, and stylish writing learning. These stages are integrated using curriculum learning.

maximizes efficiency through shared components264

while ensuring task-specific specialization.265

Shared Foundation Initially, the model under-266

goes next-word prediction training on the entire267

corpus, using a pair of LoRA matrices, AFdn. and268

BFdn.. Here, AFdn. serves as the shared matrix269

across all tasks, while BFdn. collaborates with task-270

specific B-matrices. The motivation for sharing the271

A-matrix is to enhance learning efficiency and task272

synergy. As a compression matrix, AFdn. extracts273

core representations for language understanding274

and generation, ensuring consistency across tasks275

while reducing redundancy and improving cross-276

task transfer learning. After pretraining, AFdn. is277

fixed to maintain stable representations and prevent278

catastrophic forgetting.279

Task-Specific Adaptations The weight update280

process is extended for task-specific requirements281

through cumulative learning. Each task builds282

upon previous tasks by introducing a new B-matrix283

while retaining contributions from earlier stages.284

For the t-th task, the weight update is:285

h′t = W0x+
t∑

i=1

αiBiAFdn.x286

The task-specific weights αt are computed us-287

ing:288

αt =
exp(zt(wt))∑
t′ exp(zt′(wt′))

,289

where wt = 1 for the active task and wt′ = 0290

for others. This ensures the active task’s matrix291

Bt dominates, while others provide auxiliary con- 292

tributions, enabling efficient task adaptation and 293

knowledge sharing. 294

This cumulative design ensures that each task 295

preserves knowledge from previous stages while 296

learning specialized features. 297

4.3 Curriculum Learning Tasks 298

Our training tasks are inspired by real-world ob- 299

servations of how authors create novels. Typically, 300

an author begins by determining the work’s style, 301

defining key characters and their traits, outlining 302

interactions, and ultimately developing a complete 303

narrative based on these plots. Following this nat- 304

ural progression, our model training tasks are de- 305

signed to emulate this process. First, the model 306

is pretrained on a next-word prediction task for 307

learning the writing style. Then, we design three 308

downstream fine-tuning tasks: 309

World-Building Learning For each character 310

name Ni, the model generates a detailed profile Ci, 311

including the character’s attributes, relationships, 312

and role in the narrative. This process is formulated 313

as: 314

h′1 = W0x+ αworldBworldAFdn.x. 315

This task ensures that the model develops a compre- 316

hensive understanding of the story world, forming 317

the foundation for subsequent tasks. 318

Plot Structure Learning Building on the charac- 319

ter profiles established in the previous task, this step 320
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focuses on predicting narrative progression. The321

model is trained to generate the next plot point P̂t322

based on the most recent Np predicted plot points:323

h′2 = W0x+(αworldBworld+αplotBplot)AFdn.x.324

Using the Np most recent plots, the model en-325

sures narrative continuity and coherence within326

the story’s timeline.327

Stylish Writing Following plot prediction,328

the Stylish Writing task involves generating329

the narrative text based on the predicted330

plot P̂t.The model produces a sequence of331

words Ŷt = {x̂1, x̂2, . . . , x̂n} as: Ŷt =332

fwriting(P̂t), h
′
3 = W0x + (αworldBworld +333

αplotBplot + αwritingBwriting)AFdn.x. The gen-334

erated text is compared with the ground truth335

Yt = {x1, x2, . . . , xn} for plot coherence and336

stylistic alignment.337

5 Experimental Setup338

5.1 Dataset339

We selected two renowned literary works for our340

dataset: the classic Chinese novel Dream of the Red341

Chamberand the Harry Potter series, chosen for342

their rich narratives and literary significance. For343

Dream of the Red Chamber, the first 80 chapters344

were used for training and the last 40 for testing.345

Similarly, the first six Harry Potter books were used346

for training, with the final book for testing.347

In addition to the primary text, our dataset incor-348

porates supplementary information to enhance its349

utility. First, we collected detailed, human-written350

introductions for the main characters. These char-351

acter profiles provide valuable context for tasks352

such as role-playing and characterization. Specifi-353

cally, profiles for Dream of the Red Chamber were354

sourced from Sohu website1, while those for Harry355

Potter were obtained from Wikipedia2. Secondly,356

we used GPT-4 to segment the text into sections357

and generate concise plot summaries for each sec-358

tion. A section is smaller than a chapter but longer359

than a paragraph, with the division based on self-360

contained and relatively complete narrative events.361

These summaries offer structured descriptions of362

key narrative developments, supporting tasks such363

as plot-aware content generation.364

1https://www.sohu.com/a/773246248_121948389
2https://www.wikiwand.com/en/List_of_Harry_

Potter_characters

5.2 Comparison Methods 365

We selected ChatGLM and Qwen as backbone mod- 366

els for evaluating Chinese language performance, 367

and Llama3 for English tasks. The key backbones 368

include: (1) Qwen3-8B (Team, 2025): is the latest 369

generation of large language models in Qwen series. 370

(2) ChatGLM2-6B (Zhang et al., 2023): A bilingual 371

LLM optimized for both English and Chinese lan- 372

guages. (3) Llama-3.1-8B (Grattafiori et al., 2024): 373

is a collection of pretrained and instruction tuned 374

generative models. We implemented four repre- 375

sentative approaches across the three open-source 376

LLMs above: (1) Prompt-based method (Luo et al., 377

2023), which guides pre-trained language models 378

to generate text in specific styles using carefully 379

crafted prompts. (2) Pre-trained Language Model 380

(PLM), representing the traditional full-parameter 381

fine-tuning technique, where we directly fine-tune 382

the pre-trained language model using works from 383

the target author. (3) PLoRA (Zhang et al., 2024), 384

a parameter-efficient fine-tuning framework that 385

learns specialized low-rank adapters for each target 386

author, which can be dynamically loaded into the 387

base model as plugins. (4) MultiLoRA (Wang et al., 388

2023b), which proposes a democratized LoRA 389

framework designed to improve parameter sharing 390

and task specialization in multi-task learning. 391

5.3 Evaluation Metrics 392

To assess the quality of generated novels, we em- 393

ploy both traditional evaluation methods and ad- 394

vanced aspect-based metrics. Our evaluation frame- 395

work consists of two components: the assessment 396

of the final novel generation and the evaluation of 397

its intermediate subtask, plot planning. 398

Novel Generation Evaluation: Traditional met- 399

rics like ROUGE-N and ROUGE-L (Lin, 2004) as- 400

sess content coverage, fluency, and structural align- 401

ment. ROUGE-N measures n-gram overlap, while 402

ROUGE-L evaluates the longest common subse- 403

quence to capture broader structural coherence. 404

Beyond these traditional measures, we introduce 405

six advanced aspect-based metrics to evaluate both 406

writing style and plot development. These aspects 407

are derived from human observations of a randomly 408

selected set of 100 samples. Writing style evalua- 409

tion includes: Language Style (LS), which assesses 410

similarity in vocabulary choices, sentence struc- 411

tures, tone, and voice; Expression Methods (EX), 412

which evaluates consistency in emotional expres- 413

sion, descriptive techniques, and use of metaphors; 414
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Dataset Model Traditional Metrics Advanced Metrics
ROUGE-1 ROUGE-2 ROUGE-L LS EX SLC SM CBM EM

Dream of the
Red Chamber

Prompt-based(Qwen) 18.24 3.75 17.62 2.83 2.77 2.94 2.32 2.29 2.26
PLM(Qwen) 21.32 5.27 18.91 2.83 2.72 3.12 2.11 2.64 2.55
PLoRA(Qwen) 31.42 9.64 25.62 3.23 2.85 2.83 2.19 2.22 2.39
Muti-LoRA(Qwen) 23.42 6.15 16.35 3.10 3.02 3.01 2.18 2.56 2.63
WriterAgent(Qwen) 34.87 9.82 24.15 3.60 3.27 3.30 3.12 3.18 3.15

Prompt-based(ChatGLM) 15.87 2.32 13.18 2.08 1.96 1.96 2.19 1.87 1.79
PLM(ChatGLM) 15.32 2.28 13.46 2.37 2.58 2.43 2.23 2.12 2.05
PLoRA(ChatGLM) 14.58 2.21 12.53 2.54 2.60 2.87 2.26 2.30 2.23
Multi-LoRA(ChatGLM) 15.89 2.98 16.00 2.20 2.13 2.31 2.46 1.95 1.81
WriterAgent(ChatGLM) 16.29 3.21 16.01 3.03 2.96 2.94 2.59 2.41 2.40

Harry Potter

Prompt-based(Llama) 25.21 3.33 16.96 2.58 2.66 3.04 3.06 3.08 2.88
PLM(Llama) 26.38 4.35 18.73 2.46 2.39 2.97 2.22 2.28 2.30
PLora(Llama) 26.21 6.36 18.99 2.59 2.57 3.01 2.55 2.56 2.49
Multi-LoRA(Llama) 25.48 7.98 20.33 2.67 2.58 3.19 3.24 2.99 2.54
WriterAgent(Llama) 29.32 8.81 23.97 3.03 2.88 3.29 3.61 3.14 2.82

Table 1: Performance comparison of baseline models and our WriterAgent on two classic literary datasets, Harry
Potter (English) and Dream of the Red Chamber (Chinese), evaluated for personalized long-form novel generation.
The scores are represented as follows: best and second . Numbers in bold mean that the improvement to the best
baseline is statistically significant (a two-tailed paired t-test with p-value <0.01).

Dataset Model Advanced Metrics
SM CBM EM

Dream of the
Red Chamber

Prompt-based(Qwen) 1.92 2.19 2.21
PLM(Qwen) 1.98 2.15 2.22
PLoRA(Qwen) 1.96 2.17 2.26
Multi-LoRA(Qwen) 2.12 2.24 2.37
WriterAgent(Qwen) 2.18 2.59 2.82

Prompt-based(ChatGLM) 1.78 1.56 1.43
PLM(ChatGLM) 1.86 1.75 1.53
PLoRA(ChatGLM) 1.80 1.79 1.60
Milti-LoRA(ChatGLM) 1.88 1.83 1.72
WriterAgent(ChatGLM) 1.86 1.91 1.82

Harry Potter

Prompt-based(Llama) 1.96 1.85 1.43
PLM(Llama) 2.08 1.99 1.59
PLoRA(Llama) 2.12 2.11 1.79
Multi-LoRA(Llama) 2.13 2.16 1.88
WriterAgent(Llama) 2.17 2.12 1.92

Table 2: Scores for plot prediction ability, with best
highlighting and bold denoting statistically significant
improvement (p-value <0.01).

Sentence Length and Complexity (SLC), which415

compares sentence structures, their complexity, and416

overall paragraph organization. Plot development417

evaluation includes: Story Mainline (SM), which418

measures the alignment and coherence of the cen-419

tral plotline; Character Behavior and Motivation420

(CBM), which examines whether character actions421

and motivations are logically consistent with the422

story’s progression; Emotions (EM), which eval-423

uates the emotional flow and conflict dynamics424

within the text. Given the high correlation of GPT-425

4o with human judgments, particularly for creative426

NLG tasks (Wang et al., 2023a), we adopt both427

GPT-4o-based scoring and human evaluation. GPT-428

4o rates each generated text from 1 to 5, based on429

comparison with the ground truth. We used a few- 430

shot prompt to evaluate the output results. Detailed 431

prompts can be found in Technical Appendix. 432

Plot Planning Evaluation: As an intermediate 433

step crucial to creating a well-structured and en- 434

gaging narrative, plot planning is evaluated using a 435

subset of advanced aspect-based metrics centered 436

on plot coherence. Specifically, SM, CBM, and 437

EPM are applied. The evaluation follows the same 438

GPT-4o-based scoring setup as described earlier. 439

6 Experimental Results 440

6.1 Main Results 441

Table 1 and Table 2 present the experimental results 442

of Prompt-based, PLM, Plora, Multi-LoRA, and 443

WriterAgent methods across two datasets. 444

Firstly, evaluation results reveal that different 445

metrics capture complementary aspects of writing 446

quality. ROUGE favors models like PLoRA for 447

content coverage and structural alignment, while 448

aspect-based metrics highlight Pretrain and Multi- 449

LoRA’s strengths in plot coherence and emotional 450

tone. This underscores the need for diverse evalua- 451

tion frameworks to fully assess model performance. 452

Secondly, Multi-LoRA, the best-performing base- 453

line, benefits from specialized multi-task training, 454

producing coherent plots and well-aligned emo- 455

tional tones, but its language style is not well- 456

preserved due to the loss of pre-trained textual style 457

during multi-task learning. Finally, our proposed 458

WriterAgent consistently outperforms all baselines 459
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Analysis:
• The characters in the article align with their original settings, and the concerns of Jia Lian, 

Lady Wang, and others about Jia Zheng's financial situation while serving as an official are 
correctly expressed.

• However, some writing details and stylistic elements do not match the original text.
• Additionally, certain plot developments in the article deviate from the original storyline.

Generated: The following day, Jia Lian, accompanied by his family, visited the Ningguo 
Mansion to discuss the matter with Jia She. Knowing Jia Lian to be shrewd and capable, and 
possessing ample wealth himself, Jia She readily agreed to lend Jia Lian a sum of silver to serve 
as Jia Zheng's financial support during his tenure away from home. Jia Lian was deeply grateful 
and expressed his thanks repeatedly, while also proposing to mortgage part of the family's 
property as collateral…

Generated: Furthermore, send for your wives and have each of them contribute one 
hundred taels of silver, making a total of one thousand taels. You go lend money at 
high interest. And the interest will naturally be yours."At that moment, Feng Jie 
was in the inner room. Upon hearing Jia Lian come in to report, she immediately 
understood his purpose and quickly ordered tea to be prepared…

Analysis:
• The article correctly conveys the character relationships and highlights Feng 

Jie’s greedy nature.
• The plot progression is more reasonable, such as Jia Zheng needing money for 
his official duties and Feng Jie lending money to improve the financial situation.
• However, the writing style has declined compared to the full model.

Curriculum1: world building Curriculum1 + Curriculum2: plot prediction, w/o Curriculum3: stylish writing WriterAgent

Figure 3: Demonstration of the model’s stepwise learning on Dream of the Red Chamber: from curriculum 1 to
curriculum 1 & 2. The text colors indicate the corresponding problems. Chinese version is in Technical Appendix.
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Figure 4: w/o Curriculum Learn indicates that all tasks
are performed together without using curriculum learn-
ing to proceed step-by-step. w/o WriterLora indicates
fine-tuning with only a single pair of LoRA matrices.
w/o Frozen A indicates the training approach without
sharing matrix A.

across datasets and metrics, achieving significant460

improvements in plot coherence, character develop-461

ment, emotional depth, and overall narrative quality.462

Additionally, it addresses Multi-LoRA’s language463

style limitation by freezing the matrix A, thereby464

preserving the pre-trained writing style and ensur-465

ing stylistic consistency in the generated narratives.466

6.2 Ablation Study467

We conduct an ablation study on Dream of the Red468

Chamber as shown in Figure 4. Without curricu-469

lum learning, plot-related metrics show the most470

significant drops, confirming that structured pro-471

gression is essential for narrative coherence. Using472

a single LoRA instead of WriterLoRA degrades473

all metrics, revealing insufficient model capacity474

for multi-task adaptation. Unfreezing AFdn. also475

harms performance—uniform learning rates for A476

and B lead to progressive degradation, consistent477

with recent theoretical findings (Hayou et al., 2024;478

Liu et al., 2024; Zhang and Pilanci, 2024). Overall,479

these results demonstrate the importance of struc-480

tured learning and the effective use of WriterLoRA481

configurations. We further analyze the curriculum482

learning sequence in Appendix D to validate our483

method.484

6.3 Analysis of Curriculum Learning 485

Our curriculum learning consists of three stages: 486

world building, plot prediction, and stylish writ- 487

ing. Figure 3 presents a case study showing the 488

model’s output after each stage. After curriculum 1 489

(world building), the generated text demonstrates 490

characters and traits that closely align with the orig- 491

inal work’s character settings. However, the plot 492

structure and textual details remain significantly 493

different from the original. After curriculum 2 (plot 494

prediction), the output retains the vivid character 495

traits learned in the first stage. For instance, Wang 496

Xifeng is depicted as highly fond of wealth and 497

enthusiastic about managing the household, con- 498

sistent with her original portrayal. However, since 499

the plot construction relies on modern vernacular 500

organization, the model’s ability to capture writing 501

details and mimic the original literary style is in- 502

sufficient. Finally, after incorporating the final step 503

of curriculum learning, the overall performance im- 504

proves significantly in terms of word choice, plot 505

structure, and style, as shown in Figure 5. We 506

present Chinese output in Appendix. 507

6.4 Human Evaluation 508

In addition to automatic evaluation, we conducted 509

a human evaluation with two PhD annotators on 510

the Dream of the Red Chamber dataset, both na- 511

tive speakers with strong literary backgrounds. We 512

conducted a survey with 100 randomly selected 513

test questions, each featuring a plot summary and 514

five options from baseline models and WriterA- 515

gent. Experts chose the option most likely from 516

the original text. We averaged their choices to com- 517

pute hit rates per model, shown in a pie chart Fig- 518

ure 6 in Appendix E. The results indicate that our 519

model was preferred in 73.1% of cases, achieving 520

a Kappa score of 0.78, which signifies substantial 521

agreement. 522
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Jia Lian waited at home for Lady Wang’s summons… He carefully adjusted his attire and cautiously stepped into Lady Wang’s study. After paying his respects, he slowly 
said, "Mother, I have come regarding the arrangements for my father’s appointment as a capital official."
Lady Wang nodded slightly and said softly, “Your father has served in an external post for many years. Now that he is returning to the capital, proper arrangements 
must be made to ensure a smooth official career… However, I still have some doubts—can you uphold our family’s reputation in your position at the capital?"
…She gently stroked the jade ruyi on the table, pondered for a moment, and then slowly said, "You are the hope of the Jia family."

Jia Lian went to see Lady Wang and reported everything in detail...
Lady Wang said, "Have you confirmed it? If this is true, and the master agrees, the whole family can be at ease... Otherwise,  I fear those scoundrels might bring 
disaster upon him."
Jia Lian asked, "Madam, how your second uncle took an external post, he hasn’t brought back a single coin... Look at those who followed the master—after just a 
short time, their condo you know?"
Lady Wang replied, "Ever since cubines are all adorned in gold and silver... If things go wrong, not only will he lose his position, but even our ancestors' official ranks 
might be erased."
Jia Lian said, "Madam is absolutely right... It would be best for the master to serve as a capital official, living peacefully for a few years, so his reputation can be 
preserved for a lifetime..."

Jia Lian, preparing to return to the capital for arrangements, went to Lady Wang and spoke briefly about the matters at hand.
Lady Wang said, "I only worry that once you’re there, you won’t know where to get the money to handle things."
Jia Lian smiled and replied, "There is now a way… The yamen in the capital is crowded, unlike the provinces, where most offic ials are from the same region and easier 
to negotiate with."
Lady Wang said, "If that is the case, go back and inform your father immediately…"

Jia Lian said, "While the master was away, I went to the yamen and spoke… They simply announced that he had been promoted aga in, so no one dared to challenge 
him. This not only enhances his prestige but also increases the household’s monthly stipend by several dozen taels of silver…  In just half a year, we've earned far more 
than the previous year."
Upon hearing this, Lady Wang's worries turned to relief… She considered that capital officials had no official salary, but as long as the household had enough to cover 
living expenses, this extra income would help support the family. She quickly asked, "How much is the monthly stipend?"
Jia Lian smiled and said, "The master himself doesn’t receive much, but an additional 130 taels have been added to the household stipend… With another 64 taels 
for daily expenses, the total now exceeds 1,100 taels per month. Besides, the master has no small responsibilities outside, and his men are loyal enough to serve 
him without hesitation, so there’s little to fear."

Jia Lian went to Lady Wang and reported, "I recently heard that the master has encountered financial shortfalls while serving in his external post. I fear that once he 
returns to court, it may be difficult to handle the situation properly. That is why I have come to seek your advice… If the master serves as an official in the capital, it 
would not only spare many troubles but also help preserve his reputation."
Lady Wang was momentarily stunned upon hearing this, then chuckled, "You child, what kind of ideas are you coming up with again? Do you mean to say that just 
because the master is serving outside, he must resort to corruption?"
Jia Lian quickly smiled and replied, "Madam, how could I mean that! It is merely for the sake of appearances that I have come up with this suggestion… Besides, if the 
master is posted outside, there must be someone to assist him."
Lady Wang nodded, "That is true. But the question is, who can be trusted with such matters?"

Reference

Prompt

PLoRA

Multi-LoRA

WriterAgent

• Lady Wang is not Jia Lian’s mother.

• Restrained tone, focusing on family interests rather 
than emotional expression.

• Concise language with a classical Chinese style, avoiding 
excessive embellishment.

• Modernized language deviate from the original style.

• Lady Wang is not Jia Lian’s mother.

• Shifted focus from political risks to financial issues.

• Lady Wang is too trusting, lacking the caution in the original.

• Correct character relationship

• Restrained tone, focusing on family interests rather than emotional expression.

• Shifted focus from political risks to financial issues.

• Jia Zheng is not Jia Lian’s father. 

Figure 5: Comparison of reference and generated texts from the baseline and our WriterAgent. We highlight
the weaknesses of the baseline model and the strengths of our approach. Some linguistic nuances may be lost in
translation; see the Appendix (Chinese) for accuracy.

6.5 Case Study523

In Figure 5, we present a case study of the gen-524

erated novel text and categorize common errors525

in baseline models. First, character relationship526

errors frequently occur, leading to misinterpreta-527

tions of key familial roles. For instance, baselines528

such as Qwen and LoRA misidentify Lady Wang529

as Jia Lian’s mother, distorting the intricate family530

dynamics in Dream of the Red Chamber. Second,531

plot inconsistencies arise, where baselines shift532

core narrative elements. For example, PLoRA and533

Multi-LoRA prioritize financial matters over of-534

ficial duties, altering the intended thematic focus535

and disrupting the novel’s structured storytelling.536

Third, stylistic deviations are prevalent, as base-537

lines modernize language, losing conciseness and538

tradition; for example, Qwen adds “hope of the Jia539

family”, disrupting the reserved tone. Additionally,540

errors in emotional tone make dialogues overly sen-541

timental and expressive, diverging from the novel’s542

subtle and restrained emotional depth. In contrast,543

our model maintains plot consistency, character dy-544

namics, classical language, and restrained emotion,545

aligning with Lady Wang’s focus on political risks546

and family reputation. At its core, WriterLoRA em- 547

ploys LoRA modules and curriculum learning to 548

progressively master narrative elements, enhancing 549

coherence and stylistic consistency. Experiments 550

on two datasets in different languages show that 551

WriterAgent outperforms baselines in capturing 552

complex settings and character dynamics. The case 553

study on the English dataset can be found in Ap- 554

pendix B. 555

7 Conclusion 556

We introduce WriterAgent, an LLM designed for 557

novel generation by learning character profiles, pre- 558

dicting plotlines, and reconstructing full stories. At 559

its core, WriterLoRA employs LoRA modules and 560

curriculum learning to progressively master narra- 561

tive elements, enhancing coherence and stylistic 562

consistency. Experiments on two datasets in differ- 563

ent languages show that WriterAgent outperforms 564

baselines in capturing complex settings and char- 565

acter dynamics. In future work, we will explore 566

incorporating reader feedback and interactive story 567

generation, enabling dynamic adaptation to audi- 568

ence preferences. 569
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Limitations570

Despite the effectiveness of WriterAgent in gener-571

ating imitative novels, several limitations remain.572

First, while determining the plot before drafting is573

a natural part of the writing process, plots typically574

exist in the author’s mind rather than as explicit,575

structured data. As a result, we need to manually576

construct plot datasets, which introduces potential577

biases and may not fully capture the organic, evolv-578

ing nature of storytelling. Second, automatic evalu-579

ation heavily relies on LLMs’ ability to understand580

an author’s style, yet current LLMs do not possess581

comprehensive knowledge of all literary nuances.582

To mitigate this, we incorporated few-shot prompt-583

ing in our evaluation, allowing the model to refine584

its understanding of specific authors. However, this585

approach is still limited and cannot fully replace586

human judgment, as LLM-based evaluation may587

overlook deeper stylistic elements and narrative588

coherence that human readers naturally perceive.589

These limitations highlight the challenges in liter-590

ary imitative generation and evaluation, underscor-591

ing the need for future research on more refined592

plot modeling and improved evaluation frameworks593

that better align with human literary perception.594

Ethical Considerations The development of595

WriterAgent, aimed at generating long-form liter-596

ary imitatives that emulate the styles, themes, and597

narrative elements of iconic works such as Harry598

Potter and Dream of the Red Chamber, raises im-599

portant ethical questions. While our goal is to ex-600

plore stylistic modeling for literary creativity and601

assistive generation, we acknowledge that the close602

imitation of authorial voices, character behaviors,603

and narrative arcs requires thoughtful reflection on604

authenticity, ownership, and appropriate use.605

Potential ethical risks associated with imitative606

novel generation include: (1) Authorship Confu-607

sion and Misattribution: Generated content that608

closely mimics the tone and style of a well-known609

author may be mistaken for original material, lead-610

ing to misattribution in educational, fan, or com-611

mercial contexts if not clearly identified as AI-612

generated. (2) Intellectual Property and Copyright613

Violation: Although some works used for train-614

ing are in the public domain, others—like Harry615

Potter—remain under copyright. High-fidelity imi-616

tation of such works may risk infringing on intel-617

lectual property rights, particularly if outputs are618

used beyond research or educational purposes. (3)619

Cultural and Literary Misrepresentation: Iconic620

texts often embody complex cultural, historical, or 621

political meanings. Inaccurate, superficial, or de- 622

contextualized reproduction of such elements may 623

trivialize or distort the source material, misrepre- 624

senting its original intent or cultural significance. 625

(4) Overreliance and Creativity Dilution: If widely 626

adopted in writing or education contexts, systems 627

like WriterAgent could encourage reliance on AI- 628

generated content at the expense of human creativ- 629

ity, critical interpretation, and original authorship. 630

To mitigate these risks, we implement the fol- 631

lowing ethical safeguards: (1) Clear Disclosure 632

of AI-Generated Content: All outputs produced 633

by WriterAgent are explicitly labeled as machine- 634

generated. This ensures transparency and prevents 635

confusion between AI outputs and authentic liter- 636

ary works. (2) Restricted Use Scope: We intend 637

WriterAgent primarily for research, literary analy- 638

sis, and creative exploration in controlled settings. 639

We discourage any use that may lead to plagiarism, 640

unauthorized derivative works, or the commercial 641

exploitation of copyrighted styles or content. (3) 642

Ethical Data Use and Copyright Awareness: Public 643

domain texts are used for training when possible. 644

In cases involving copyrighted works, we follow 645

fair use guidelines strictly for research purposes, 646

and outputs are not released for public or com- 647

mercial redistribution. (4) Preservation of Literary 648

Integrity: We emphasize careful design of genera- 649

tion tasks and evaluation criteria to avoid reductive 650

or disrespectful reinterpretations of culturally sig- 651

nificant literature. Where applicable, we incorpo- 652

rate expert feedback and cross-lingual validation to 653

maintain fidelity to the original spirit and context. 654

Our ethical stance is informed by prior research 655

on AI-generated persona simulation (Shanahan 656

et al., 2023), and we align with general best prac- 657

tices in role-based LLMs. We adhere to three key 658

principles: respect for the original author, trans- 659

parency of AI generation, and restriction of use 660

within appropriate boundaries. 661
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A Implementation Details806

We implemented our experiments using PyTorch807

and conducted them on an NVIDIA A100 GPU.808

All models were configured with a maximum se-809

quence length and cutoff length of 2048 tokens. We810

trained the model for 3 epochs using the AdamW811

optimizer and BF16 precision for efficiency. The812

learning rate was set to 1.0e-4 and scheduled using813

a cosine decay strategy with a warmup ratio of 0.1.814

A dropout rate of 0.05 was applied to prevent over-815

fitting. The rank r was set to 8 for both LoRA and816

each LoRA module within Multi-LoRA.817

The training progress was monitored every 10818

steps, with checkpoints saved every 500 steps to819

enable recovery and evaluation. Loss curves were820

plotted to track convergence, with the output direc-821

tory overwritten during updates to maintain consis-822

tency. To improve efficiency, data preprocessing823

utilized 8 parallel workers. During training, we set824

the batch size to 1 and used gradient accumulation825

over 8 steps to simulate a larger batch size. The826

number of samples was limited to 1000 to control827

training time. The training dataset followed the Al-828

paca format, and for the multi-task model, a task_id829

field was added to the data to classify tasks during830

training.831

We used the AdamW (Loshchilov, 2017) opti-832

mizer for training, which decouples weight decay833

from gradient updates, improving both training sta-834

bility and generalization. This makes it particularly835

effective for large-scale models, such as Transform-836

ers, by avoiding overfitting and enhancing optimiza-837

tion efficiency.838

The version of the Transformers library was cho-839

sen to match the architectures of the models be-840

ing trained. For the ChatGLM2-6B model, which841

adopts a GLM (General Language Model) architec-842

ture with bidirectional and autoregressive training,843

version 4.30.2 of Transformers was used. However,844

for the Llama 3-8B and Qwen2-7B-Instruct mod-845

els, the recommended version was 4.45.0 to ensure846

compatibility and optimal performance.847

B Case Study of Harry Potter848

In this case study, we evaluate different models849

on their ability to generate coherent plots and nov-850

els and maintain consistency with the world and851

character personalities of the Harry Potter series.852

As shown in Figure 7, the baseline models and853

our WriterAgent are tested on their performance in854

predicting plot progressions that align with prior855

Pretrain

3.8%

Lora 15.4%

MoELoRA

7.7%

WriterAgent
73.1%

Accuracy

Figure 6: Human Annotation Hit Rate.

story context. The results reveal significant dif- 856

ferences in coherence, character consistency, and 857

adherence to the magical world’s logic. The Base 858

Llama model frequently generates plots discon- 859

nected from previous events, with characters behav- 860

ing inconsistently with their established traits. For 861

example, Harry’s decisions often lack continuity 862

and conflict with his determined, courageous nature 863

in the novels. The PLoRA model improves slightly 864

but suffers from repetitive content and omits key 865

world-building knowledge, such as the importance 866

of destroying Horcruxes to defeat Voldemort. By 867

contrast, WriterAgent generates coherent plot pro- 868

gressions where Harry’s actions align with his char- 869

acter and successfully weaves in critical elements 870

of the magical world, like his mission to destroy 871

Horcruxes. 872

Figure 8 further highlights differences in the gen- 873

erated text. The base Llama model produces incor- 874

rect content, including the claim that “Voldemort’s 875

plan was to use Harry’s blood to gain immortality”, 876

contradicting the established magical rule that his 877

blood was only used for resurrection. The Llama 878

model also introduces vague phrases like “leaving 879

Harry to continue his journey”, failing to capture 880

the tense, high-stakes atmosphere of the final battle. 881

The PLoRA model depicts the Dursley family as 882

comforting Harry, which contradicts their antag- 883

onistic relationship in the novels, highlighting its 884

limited understanding of character dynamics. The 885

Mutil-LoRA model generates overly extended con- 886

tent, introducing numerous ghost characters at Hog- 887

warts and shifting the scene to a lakeside setting. 888

While this adds richness, it strays from the original 889

narrative’s focus. In contrast, WriterAgent accu- 890

rately identifies Harry’s parents as the key figures 891
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The Snitch reveals the Resurrection 
Stone. With a resolve, Harry uses it to 
summon the spirits of his parents, Sirius, 
and Lupin, who appear to support him.

Reference Llama

•The plot in the story does not align 
with the original storyline.
•Before the final battle, Harry Potter 
still maintains his brave and 
determined attitude, which seems 
inconsistent with the character's 
traits in the direction of the story.

LoRA WriterAgent

After Harry uses the Resurrection 
Stone to summon the spirits of his 
loved ones, he feels a surge of strength 
and determination. With a sense of 
closure, he steps away from the stone

• This emotional output somewhat 
repeats the previous plot in Harry 
Potter. It does not reflect the 
diversity of magic in the wizarding 
world.
• The result is overly detailed, 
making it difficult to understand the 
progression of the story.

• The predicted result aligns more 
closely with the story's direction and 
character setting, making the 
transition from the previous plot more 
coherent and logical.

The spirits, looking like solid memories 
rather than ghosts, comfort Harry and 
express their pride in him, ready to 
accompany him to his end.

Harry Potter meets the spirits of his 
family and shares with them the 
hardships of resisting the dark forces.

Lily protected Harry through a 
protective spell, creating an immunity 
effect against the influence of the dark 
magic.

Analysis Generated plot

PlottPlott-1

Figure 7: Comparison of generated plot continuations for Harry Potter’s use of the Resurrection Stone.

providing emotional support, portraying their en-892

couragement in a way that is faithful to the original893

story. The generated text reflects the original tone894

and concise writing style while capturing Harry’s895

inner strength. By producing contextually appropri-896

ate, emotionally resonant, and character-consistent897

content, WriterAgent demonstrates a clear advan-898

tage in simulating deep personas and generating899

coherent narratives.900

C Case Study of Red Chamber901

In Figure 9, we show a case of generated plot, and902

Chinese version in Figure 10. The Qwen model903

continues the story directly, overlooking potential904

objections from the Jia family about Xichun becom-905

ing a nun, as well as the family’s power dynamics.906

Jia Mu, as the family matriarch, would likely not907

agree easily, making the model’s output feel over-908

simplified and lacking in emotional depth. The909

LoRA model generates a classical-style continua-910

tion but focuses on a specific detail, with Xichun’s911

tone becoming harsh and defiant. While emotional,912

this feels abrupt and lacks narrative coherence. In913

contrast, our WriterAgent model shows the Jia fam-914

ily’s complex reactions—shock, reluctance, and915

eventual acceptance—better fitting the worldview916

of Dream of the Red Chamber.917

D Ablation Study918

Our curriculum learning sequence is based on two919

core principles: (1) the logical writing process of920

human authors, and (2) a progressive increase in921

task difficulty. While different authors may follow922

different writing patterns, we adopt a generalized923

progression informed by real-world observations924

and practical experience.925

To validate our curriculum design, we conducted926

ablation studies comparing different stage order-927

ings (see Table 3):928

• A1: World-building → Stylish writing → Plot- 929

planning 930

• A2: Stylish writing → World-building → Plot- 931

planning 932

• Ours: World-building → Plot-planning → 933

Stylish writing 934

The results demonstrate that placing stylish writ- 935

ing as the final stage yields optimal performance. 936

This is justified by task difficulty progression: 937

stylish writing requires generating full text from 938

plot summaries, which is the most complex task 939

and most similar to our target output. By mastering 940

character grounding and plot coherence first, the 941

model can better focus on stylistic imitation in the 942

final stage. These ablation results confirm the ne- 943

cessity and rationality of our proposed curriculum 944

sequence. 945

E Analysis of Human Annotation Results 946

In addition to automatic evaluation, we conducted 947

human evaluation with two PhD annotators, both 948

native speakers with strong literary backgrounds. 949

They assessed the generated text by comparing 950

it with the ground truth and selecting the best- 951

performing model on the Dream of the Red Cham- 952

ber dataset. 953

To analyze the results, we calculated the average 954

hit rate for each model’s output and visualized it 955

as a pie chart, as shown in Figure 6. The results 956

indicate that our model was preferred in 73.1% of 957

cases. The probability of experts selecting the base 958

model’s output was 0%, the pre-trained model’s 959

output 3.8%, the fine-tuned model’s output 15.4%, 960

and the Multi-LoRA trained model’s output 7.7%. 961

From the results, we observe that the hit rate 962

of PLoRA is slightly higher than that of Multi- 963

LoRA. This is because the model trained with the 964
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The Potters and the Weasleys, all of whom have been a part of Harry's life in some way, appear in this form. The memories of these people are not just their physical 
appearances, but also their personalities, voices, and mannerisms, making them seem as real as they did when they were alive. The spirits also reveal that they have 
been watching over Harry all along, even when he was unaware of it. 
They tell him that his destiny is not to die, but to live and to make a difference in the wizarding world. The spirits also reveal that Voldemort's plan was to use Harry's 
blood to gain immortality, but the plan failed and Harry survived. The spirits also reveal that Harry's scar is not just a symbol of his connection to Voldemort, but 
also a symbol of his connection to the wizarding world and his destiny. The spirits then disappear, leaving Harry to continue his journey. 

They were neither ghost nor truly flesh, he could see that. They resembled most closely the Riddle that had escaped from the diary so long ago…. Less substantial than 
living bodies, but much more than ghosts, they moved toward him. And on each face, there was the same loving smile.
James was exactly the same height as Harry. He was wearing the clothes in which he had died, and his hair was untidy and ruffled, and his glasses were a little lopsided
Sirius was tall and handsome… He loped with an easy grace, his hands in his pockets and a grin on his face.
Lupin was younger too, and much less shabby, and his hair was thicker and darker. He looked happy to be back in this familiar place…
Lilys smile was widest of all. She pushed her long hair back as she drew closer to him, and her green eyes, so like his, searched his face hungrily, as though she would 
never be able to look at him enough.
 “You’ve been so brave.”
He could not speak. His eyes feasted on her, and he thought that he would like to stand and look at her forever, and that would be enough.

Harry sat in the darkness, the weight of his impending doom crushing him. The spirits, like solid memories rather than ghosts, appeared before him. They were the 
Potters, the Weasleys, and the Dursleys, all of whom had been a part of his life in some way. The memories of these people were not just their physical appearances, 
but also their personalities, voices, and mannerisms, making them seem as real as they did when they were alive. The Potters, Harry's parents, looked at him with a 
mix of sadness and pride. They told him that they had been watching over him all along, even when he was unaware of it. They revealed that their love for him had 
never wavered, and that they were proud of the person he had become. The Weasleys, Harry's friends and allies, also appeared, their faces filled with a sense of 
camaraderie and loyalty. They told Harry that they had always believed in him, and that they knew he had the power to make a difference in the wizarding world. The 
Dursleys, Harry's cruel and neglectful Muggle relatives, looked at him with a mix of shame and regret. They told Harry that they had been wrong to treat him poorly, 
and that they were sorry for their actions. 

They all rise up into the air at once. 
Harry didn't understand what was happening until he heard them whispering over him; then he saw that they were back again around him -- but something about 
them seemed different.... He couldn't quite work out what it was.... "
"You're really here,"" Harry said suddenly. ""You've never been able to be seen by anyone except me."
"It is true!"" whispered Sir Cadogan's ghost. ""We have longed to appear before you!"" "He knew there'd be someone inside this castle who could help... one of your 
lot..."" "We'll follow where you lead us, Harry,"" moaned the Hufflepuff ghost, Dumble-dore's sister Ariana. "
""Don't worry yourself about that, dear boy,"" said Nearly Headless Nick. ""Once you have made the decision to die, death stops being scary, doesn't it? So take your 
time... make sure You-Know-Who is properly punished first. We don't want to miss our cue."" Then, without another word, every last one of the ghosts rose right off 
the floor, drifted forward, and disappeared through the door behind Harry, leaving nothing but thin wraiths of cold mist in their wake. 

Harry stood in the darkness, and for a moment, he felt something shift in the air. Then, he saw familiar figures appearing around him—not ghosts, but something 
more like memories. It was the Potters and the Weasley, all people who had been part of his life in one way or another. Each one of them looked as real as they had 
when they were alive, and they surrounded him with warmth and comfort.
His parents, James and Lily, looked at him with pride and love. They told him that they had been watching over him all this time, even when he hadn’t known it.
The Weasleys were there too, their faces full of encouragement and belief. They told Harry that they always knew he had it in him to make a difference in the 
wizarding world.
These spirits made it clear that they hadn’t left him. He wasn’t alone. Their love and support were still with him, guiding him through whatever lay ahead.

Reference

Prompt

PLoRA

Multi-LoRA

WriterAgent

• Concise and straightforward language, as well as delicate emotional descriptions.

• Explores friendship, family, love, and sacrifice.
• The encouragement and support Harry Potter receives from his friends and 

family on the eve of the final battle. 

• The language style does not match the original text.
• The appearance of the Dursley family does not align 

with the logic of the story..

• The storyline is hollow, and the plot logic is incorrect.

• Overextending the characters that appear in the story.

• Explores friendship, family, love, and sacrifice.

• The actions of James and Lily are completely consistent with their character 
development and the progression of the storyline.

• Overthinking the story happens by the river..

• The behavior of the Dursleys does not align with their 
character portrayal in the original book. .

Figure 8: Comparison of reference and generated texts from the baseline and our WriterAgent on the Harry Potter
dataset. We highlight the weaknesses of the baseline model and the strengths of our approach.

Multi-LoRA method exhibits improved instruction-965

following capability. However, in some cases, the966

Multi-LoRA-trained model did not effectively ex-967

pand upon the given abstract, leading to more rigid968

or limited responses. In contrast, our model demon-969

strates a better balance between instruction adher-970

ence and contextual expansion, resulting in more971

comprehensive and coherent outputs that align972

closely with human expectations.973

F Evaluation Prompts974

Here, we provide the prompt for evaluating model975

output using ChatGPT-4o.First, here is the prompt976

for the English dataset.977

Evaluation Criteria:
Stylistic Similarity:
Language Style: Analyze the similarity in vocabulary
choice, sentence structure, tone, and overall mood to de-
termine whether the imitated text aligns with the writing

978

style of the Harry Potter series.
Expression Techniques: Examine whether emotional ex-
pressions, descriptive language, and the use of metaphors
are consistent between the two texts.
Sentence Length and Complexity: Compare sentence
length, structural complexity, and paragraph organization
in both texts.
Plot Similarity:
Main Storyline: Assess whether the core plotlines are sim-
ilar and whether they present the same themes or narrative
progression.
Character Behavior and Motivation: Analyze whether the
characters in the given text align with those in Harry Potter
in terms of personality, actions, and motivations, ensuring
they fit the story’s logical development.
Emotions and Conflict Analysis: Evaluate whether the re-
lationships between characters, emotional dynamics, and
plot developments are consistent with those in Harry Pot-
ter.
The following are two example evaluations:
Example 1:
original text: The two men appeared out of nowhere, a few
yards apart in the narrow, moonlit lane. For a second they
stood quite still, wands directed at each other’s chests;
then, recognizing each other, they stowed their wands

979
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Baochai hosts the nuns from Dizang 
Temple, who discuss Miaoyu's master's 
experiences and the principles of 
spiritual cultivation. Xichun expresses 
her desire to become a nun.

Reference QWen

• The plot advances directly, bypassing 
potential opposition within the Jia 
household to Xichun’s decision.
• Grandmother Jia, as the family authority, 
would not typically approve of a girl’s 
decision to become a nun so easily.

LoRA WriterAgent

Though the Jia family is shocked and 
reluctant, they are powerless to change 
Xichun's decision. After attempting 
various methods to persuade her, Lady 
You ultimately accepts Xichun's choice.

• The model’s output has a classical 
Chinese style with emotional expression, 
reflecting Xichun’s intense resistance.  
• While it captures her emotions well, 
the continuation feels abrupt and lacks 
cohesion in the plot progression.

• The model captures the family's mixed 
reaction to Xichun's decision, showing 
shock, reluctance, and eventual acceptance.  

Xichun converses with the nuns, firmly 
confirming her decision to become a 
nun. Caiping grows concerned and 
informs Lady You, but Lady You is 
unable to dissuade her.

Grandmother Jia decides to arrange a 
grand tonsure ceremony for Xichun, 
formally initiating her as a nun and 
fulfilling her longing for a life devoted 
to Buddhism.

Hearing this, Xichun became even 
angrier and said, “From now on, I will 
enter the monastic life, never marry, 
and I forbid you from arranging any 
marriages for me!”

Analysis plot

PlottPlott-1

Figure 9: Comparison of generated plot continuations for Xichun’s decision to become a nun using different models.

宝钗接待地藏庵的姑子，姑子们谈论
妙玉师父的遭遇和修行的道理，惜春
表达出家意愿。

Plott QWen

•作为家族权威，贾母通常不会轻易
同意一个女孩出家为尼。
•剧情直接推进，绕过了贾府内部可
能对惜春决定的反对。

LoRA WriterAgent

贾府上下虽感震惊和不舍，却也无力
改变她的决定。尤氏在尝试了各种方
法劝说无果后，最终接受了惜春的选
择

•模型的输出具有古典汉语风格，
并带有情感表达，展现了惜春强
烈的抗拒。
•虽然很好地捕捉到了她的情绪，
但后续发展显得突兀，缺乏情节
上的连贯性。

•模型捕捉到了家族对惜春决定的复
杂反应，展现了震惊、不舍与最终
接受。

惜春与姑子对话，坚定出家决心，彩
屏担心并告知尤氏，尤氏无法劝阻。

在接下来的情节中，贾母决定为惜春
安排一场隆重的剃度仪式，正式让她
成为尼姑，以寄托她对佛门生活的向
往。

惜春听了这话，越发气愤起来，说：
“我从今以后，便入了空门，再不嫁
人，也再不许你们说亲去！等我死了，
一概不管！

分析内容 故事情节内容

Plott-1

Figure 10: Comparison of generated plot continuations for Xichun’s decision to become a nun in Chinese using
different models.

beneath their cloaks and started walking briskly in the
same direction. "News?" asked the taller of the two. "The
best," replied Severus Snape. The lane was bordered on
the left by wild, low-growing brambles, on the right by
a high, neatly manicured hedge. The men’s long cloaks
flapped around their ankles as they marched. "Thought I
might be late," said Yaxley, his blunt features sliding in
and out of sight as the branches of overhanging trees broke
the moonlight. "It was a little trickier than I expected. But
I hope he will be satisfied. You sound confident that
your reception will be good?" Snape nodded, but did not
elaborate. They turned right, into a wide driveway that led
off the lane. The high hedge curved into them, running off
into the distance beyond the pair of imposing wrought-iron
gates barring the mens way. Neither of them broke step:
In silence both raised their left arms in a kind of salute
and passed straight through, as though the dark metal was
smoke.
The yew hedges muffled the sound of the mens footsteps.
There was a rustle somewhere to their right: Yaxley drew
his wand again pointing it over his companions head, but
the source of the noise proved to be nothing more than a
pure-white peacock, strutting majestically along the top
of the hedge.
He always did himself well, Lucius. Peacocks Yaxley
thrust his wand back under his cloak with a snort.
output text:As they walked, their footsteps echoed off the
stone walls. The air was heavy with the scent of blooming
flowers. A faint mist hung in the air, and the moon cast
long shadows behind them.
"The Dark Lord’s plans are moving ahead, Yaxley," Snape
said, his voice low and even. "I’ve received a message
from him. He will be returning to Hogwarts soon.”
Yaxley’s eyes gleamed in the moonlight. "A wise move,
sir. The time is ripe for the Dark Lord to assert his domi-
nance over that...establishment." He paused, glancing up
at Snape with a mixture of curiosity and wariness. "What
do you make of it, Potter’s Chosen One and all?" Snape’s

980

expression remained unreadable. "I think it wise to keep
a low profile for the time being. The atmosphere at Hog-
warts is...tense." He glanced around, as if ensuring they
were alone. "Rumors are circulating about the Order of
the Phoenix. I suspect Lord Voldemort will be looking to
eliminate any threats to his power." As they approached
Malfoy Manor’s gates, Snape raised his left arm and Yax-
ley followed suit. The gates swung open with a soft creak,
revealing a path lined with peacocks strutting along mani-
cured hedges. The pair made their way past the birds and
hedges, the sound of their footsteps muffled by the thick
grass. Ahead, the Manor’s imposing façade loomed, its
windows like empty eyes staring back at them.
Scoring Results: "Language Style Analysis": 1, "Expres-
sion Techniques Analysis": 1, "Sentence Length and Com-
plexity Analysis": 2, "Main Storyline Analysis": 3, "Char-
acter Behavior and Motivation Analysis": 2, "Emotions
and Conflict Analysis": 1
Example2:
original text:The two men appeared out of nowhere, a few
yards apart in the narrow, moonlit lane. For a second they
stood quite still, wands directed at each other’s chests;
then, recognizing each other, they stowed their wands
beneath their cloaks and started walking briskly in the
same direction. "News?" asked the taller of the two. "The
best," replied Severus Snape. The lane was bordered on
the left by wild, low-growing brambles, on the right by
a high, neatly manicured hedge. The men’s long cloaks
flapped around their ankles as they marched. "Thought I
might be late," said Yaxley, his blunt features sliding in
and out of sight as the branches of overhanging trees broke
the moonlight. "It was a little trickier than I expected. But
I hope he will be satisfied. You sound confident that
your reception will be good?" Snape nodded, but did not
elaborate. They turned right, into a wide driveway that led
off the lane. The high hedge curved into them, running off
into the distance beyond the pair of imposing wrought-iron
gates barring the mens way. Neither of them broke step:

981
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Model Traditional Metrics Advanced Metrics
ROUGE-1 ROUGE-2 ROUGE-L LS EX SLC SM CBM EM

A1 21.43 4.67 17.75 3.02 2.89 3.04 2.96 3.07 3.03
A2 24.32 5.84 20.32 3.18 3.05 3.13 3.19 2.98 3.05
WriterAgent(Qwen) 34.81 9.73 24.11 3.58 3.25 3.27 3.19 3.15 3.12

Table 3: A1 starts with the writing detail task as the first stage, and A2 places it second. The scores are represented
as follows: best and second . Numbers in bold mean that the improvement to the best result is statistically
significant (a two-tailed paired t-test with p-value <0.01).

In silence both raised their left arms in a kind of salute
and passed straight through, as though the dark metal was
smoke.
The yew hedges muffled the sound of the mens footsteps.
There was a rustle somewhere to their right: Yaxley drew
his wand again pointing it over his companions head, but
the source of the noise proved to be nothing more than a
pure-white peacock, strutting majestically along the top
of the hedge.
He always did himself well, Lucius. Peacocks Yaxley
thrust his wand back under his cloak with a snort.
output text: The lane was deserted and moonlit. Snape’s
pale eyes flicked over Yaxley’s unshaven face, lingering
upon the red scars that had been carved into his cheek.
’I trust you are here for the same reason as I, Pucey?’ said
Snape, his voice low and even.
Yaxley, who had been examining Snape’s pointed black
hat, looked up. ’What reason would that be?’ he said, his
tone rather less smooth than Snape’s.
‘I have reason to believe that the Ministry is going to send
a group of Aurors to take my - to take the Dark Lord
into custody,’ said Snape. ‘I am on my way to warn him.
’Yaxley nodded. ’I’ve heard something similar. I’ve been
sent to tell him the same thing.’
He and Snape looked at each other. They raised their left
arms simultaneously and strode off along the lane. The
peacocks on the grounds of Malfoy Manor looked up at the
sound of their footsteps. They passed beneath the lantern
that hung outside the gates and proceeded up the drive,
the manicured hedges glinting silver in the moonlight.
They did not speak again until they reached the front door,
which swung open with a slight creak. Snape led the way
across the flagged entrance hall, his black robes sweeping
across the stone floor. Yaxley followed him into the great
hall.
Scoring Results: "Language Style Analysis": 4, "Expres-
sion Techniques Analysis": 5, "Sentence Length and Com-
plexity Analysis": 3, "Main Storyline Analysis": 5, "Char-
acter Behavior and Motivation Analysis": 4, "Emotions
and Conflict Analysis": 3
Based on the following two texts, evaluate their similarity
in writing style and plot. Provide scores for each aspect
(1 to 5, where 1 is completely different and 5 is identical).
The original text is from Harry Potter, and the output text
is a rewritten version. My goal is to assess whether the
rewritten text aligns with the original’s writing style and
plot."
’Please do not provide any analytical information. Out-
put results in the following JSON format: "Language
Style Analysis":x,"Expression Analysis":x,"Sentence
Length and Complexity Analysis":x,"Main Storyline
Analysis":x,"Character Behavior and Motivation Anal-
ysis":x,"Emotion and Conflict Analysis":x’
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Below is the prompt for the Chinese dataset.983

评估要求：文风相似性：语言风格：分析两者在词
汇选择、句式结构、语气和语调等方面的相似性，
判断仿写文本是否与红楼梦文风相似。表达方式：
分析两者的情感表达、描述性语言、比喻使用等是
否一致。 句子长度与复杂度：比较两者的句子长
度、句型的复杂性、段落的组织方式等。
情节相似性：故事主线：比较两者的主要情节是否
相似，是否呈现相同的主题或事件进展。人物行为
与动机：分析文本中的任务与红楼梦中的人物角色
是否保持一致，以及主要人物是否在行为和动机上
保持一致，是否符合故事情节的推展。情感与冲突
分析：分析情节中角色之间的人物关系是否与红楼
梦中的设定保持一致，是否有相同的情感流动和情
节变化。
以下是两个示例评分： 实例1: 原文本: 话说金桂
听了，将脖项一扭，嘴唇一撇，鼻孔里哧哧两声，
冷笑道：“菱角花开，谁见香来？若是菱角香了，
正经那些香花放在那里？可是不通之极！”香菱
道：“不独菱花香，就连荷叶、莲蓬，都是有一
般清香的。但他原不是花香可比，若静日静夜或清
早半夜细领略了去，那一股清香比是花都好闻呢。
就连菱角、鸡头、苇叶、芦根得了风露，那一股清
香也是令人心神爽快的。”金桂道：“依你说，这
兰花、桂花倒香的不好了？”香菱说到热闹头上，
忘了忌讳，便接口道：“兰花、桂花的香，又非别
的香可比。”一句未完，金桂的丫鬟名唤宝蟾的，
忙指着香菱的脸说道：“你可要死，你怎么叫起姑
娘的名字来？”香菱猛省了，反不好意思，忙陪笑
说：“一时顺了嘴，奶奶别计较。”金桂笑道：“
这有什么，你也太小心了。但只是我想这个‘香’
字到底不妥，意思要换一个字，不知你服不服？”
香菱笑道：“奶奶说那里话，此刻连我一身一体是
奶奶的。何得换一个名字反问我服不服，叫我如何
当得起。奶奶说那一个字好，就用那一个。”金桂
冷笑道：“你虽说得是，只怕姑娘多心。”香菱笑
道：“奶奶原来不知，当日买了我时，原是老太太
使唤的，故此姑娘起了这个名字。后来伏侍了爷，
就与姑娘无涉了。如今又有了奶奶，越发不与姑娘
相干。且姑娘又是极明白的人，如何恼得这些呢？
”金桂道：“既这样说，‘香’字竟不如‘秋’字
妥当。菱角菱花皆盛于秋，岂不比香字有来历些？
”香菱笑道：“就依奶奶这样罢了。”自此后遂改
了“秋”字。宝钗亦不在意。 输出文本: 话说那日
中秋佳节，大观园内众人齐聚，赏月饮酒，谈笑风
生。其中，薛宝钗之妹薛宝琴与林黛玉、贾宝玉等
人一同畅饮，欢声笑语不绝于耳。忽有一阵微风吹
过，带来一阵清香，众人皆为之一怔，寻香而至，
只见院落中一株古树下，立着两位女子，正是薛
宝琴与香菱。 香菱自幼随母入贾府，虽非嫡系，
却也颇得贾府上下喜爱。其人聪慧异常，且颇有才
情，尤善诗文。此时，她正与薛宝琴谈论着园中菱
花的香气，两人各抒己见，争论不休。金桂即薛蟠
之妻，因性情泼辣，常在贾府中引起是非。她今日
亦在此，听闻香菱与宝琴争执，便插嘴道：“菱花
之香，自是天然，何须争论？然观其名，‘香菱’
二字，过于俗气，不如改作‘秋菱’如何？”香菱

984

16



闻言，略一沉吟，随即笑道：“金姑姑所言极是，
菱花虽香，却不及秋水长天，更添几分清雅之意。
改作‘秋菱’，既符合此花之态，又显我之品格，
甚好。”众人大赞金桂之智慧，皆认为此名更为合
适，于是香菱便改名为“秋菱”。自此之后，“香
菱”之名不再，取而代之的是“秋菱”，其名字之
变，不仅象征着她内心对美好事物的追求与向往，
亦反映出贾府中人物性格的多样性和复杂性。这
一小插曲，虽不似大观园中其他情节般波澜壮阔，
却也以细微之处见精神，展现了人物性格的微妙变
化，以及家族生活的细腻情感。此番改名之事，虽
只是一花一叶之小事，却也如同大观园中的一颗明
珠，熠熠生辉，映照出人物命运的起伏与家族兴衰
的缩影。而在这片繁华的世界里，每个人都在以自
己的方式，书写着属于自己的故事，或悲或喜，或
聚或散，皆是人生百态，尽在其中。" 打分结果：
"语言风格分析":1,"表达方式分析":1,"句子长度与复
杂度分析":1,"故事主线分析":4,"人物行为与动机分
析":1,"情感与冲突分析":1
实例2: 原文本: 话说贾琏到了王夫人那边，一一的
说了。次日，到了部里，打点停妥，回来又到王
夫人那边将打点吏部之事告知王夫人。王夫人便
道：“打听准了么？果然这样，老爷也愿意，合
家也放心。那外任何尝是做得的？不是这样回来，
只怕叫那些混账东西把老爷的性命都坑了呢。”贾
琏道：“太太怎么知道？”王夫人道：“自从你二
叔放了外任，并没有一个钱拿回来，把家里的倒掏
摸了好些去了。你瞧那些跟老爷去的人，他男人在
外头不多几时，那些小老婆子们都金头银面的妆扮
起来了，可不是在外头瞒着老爷弄钱？你叔叔就由
着他们闹去。要弄出事来，不但自己的官做不成，
只怕连祖上的官也要抹掉了呢。”贾琏道：“太
太说的很是。方才我听见参了，吓的了不得，直等
打听明白才放心。也愿意老爷做个京官，安安逸逸
的做几年，才保得住一辈子的声名。就是老太太知
道了，倒也是放心的。只要太太说的宽缓些。”王
夫人道：“我知道，你到底再去打听打听。” 输
出文本：话说贾琏至王夫人处，禀道：“近日闻得
老爷在外任上，颇有亏空之弊，我恐将来回朝，不
能善后，因此特来求太太。老爷在京做官，一则可
以省却许多烦难，二则亦可保全声名。”王夫人听
了，不觉一怔，随即笑道：“你这孩子，怎么又想
出这些事来？难道老爷在外，就该贪污不成？”贾
琏忙笑道：“太太何出此言！不过为的是体面，才
想出这个主意来。再者，老爷在外，也须要有人照
应才是。”王夫人点头道：“这话倒是。只是如今
谁可托付呢？”贾琏笑道：“太太只管放心，我自
有安排。” 打分结果：’"语言风格分析":5,"表达方
式分析":5,"句子长度与复杂度分析":4,"故事主线分
析":4,"人物行为与动机分析":4,"情感与冲突分析":4’
请根据下面两个文本，对它们的文风相似性和情
节相似性进行打分。请分别给出文风相似性和情
节相似性的评分（1到5分，1为完全不同，5为完全
相同）。其中原文本为红楼梦中的原文文本，输
出文本为我微调大模型输出的仿写文本，我的目
的在于让你给出仿写文本是否贴近原著文风和情
节的打分。 请不要给我输出任何分析信息，请按
以下json格式输出结果："语言风格分析":x,"表达方
式分析":x,"句子长度与复杂度分析":x,"故事主线分
析":x,"人物行为与动机分析":x,"情感与冲突分析":x’
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贾琏来到王夫⼈处，禀报吏部之事……王夫⼈沉吟⽚刻，叹道：‘你⽗亲如今外任，家中的财务如何打点，你可曾想过︖’
贾琏闻⾔，忙道：‘母亲放⼼，孩⼉⾃会安排妥当……只要⽼爷在京为官，保全声名，便是孩⼉最⼤的⼼愿。’
王夫⼈听他如此说，⼼中略觉宽慰，但转念⼀想，又道：‘你⽗亲在外为官，家中事务繁多，财务问题不可不防……’

贾琏在家中静候王夫⼈的召见……他整理好衣冠，⼩⼼翼翼地步入王夫⼈的书房。⾏礼后缓缓开⼜道：‘母亲⼤⼈，⼉臣
此来，是有关于⽗亲⼤⼈在京官任上的打点之事。’
王夫⼈微微颔⾸，轻声道：‘你⽗亲在外任多年，如今要回京，⾃然是需要打点⼀番，⽅能确保仕途顺畅……只是我⼼中
还有些疑惑，不知你在京官的职位上，是否能保全我们家族的声誉︖’
……她轻轻抚了抚桌上的⽟如意，沉吟⽚刻后，才缓缓开⼜道：‘你是我贾家的希望。’

话说贾琏到了王夫⼈那边，⼀⼀的说了……王夫⼈便道：‘打听准了么︖果然这样，⽼爷也愿意，合家也放⼼……不是这

样回来，只怕叫那些混账东西把⽼爷的性命都坑了呢。’

贾琏道：‘太太怎么知道︖’

王夫⼈道：‘⾃从你⼆叔放了外任，并没有⼀个钱拿回来……你瞧那些跟⽼爷去的⼈，他男⼈在外头不多⼏时，那些⼩⽼

婆⼦们都⾦头银⾯的妆扮起来了……要弄出事来，不但⾃⼰的官做不成，只怕连祖上的官也要抹掉了呢。’

贾琏道：‘太太说的很是……也愿意⽼爷做个京官，安安逸逸的做⼏年，才保得住⼀辈⼦的声名……

贾琏因要回京去打点，又到王夫⼈跟前，说了⼏句打点的事。
王夫⼈道：‘我只愁你去了，不知哪⾥弄钱使唤呢。’
贾琏笑道：‘如今有了门路了……那京⾥衙门⾥⼈多，不比这外省，都是乡⾥的，容易说话。’
王夫⼈道：‘既如此，你快回去告诉你⽗亲……’

贾琏道：‘⽼爷不在家时，我到衙门去说了……只说⽼爷又升了，所以没⼈敢惹。⼀来体⾯⼤增︔再者府⾥每⽉添⼏⼗两
⽉赏银……不过这半年⼯夫，比前⼀年挣的⼀把还多。’
王夫⼈听了，不觉转忧为喜……又想到京官无俸，若问在家⽀⽉养⼜就是了，今又得了这点⼦利钱，亦⾜贴补家⽤。因
忙问：‘⽉养有多少︖’

贾琏笑道：‘⽼爷到底没得利钱，不过添⽉养⼀百三⼗两……如今又添了六⼗四两养⼜。⼀个⽉就有⼀千⼀百余两了。况
且⽼爷在外没有⼩事，奴才也肯舍命去为⽼爷效⼒，因此就不甚怕了。

"贾琏至王夫⼈处，禀道：‘近⽇闻得⽼爷在外任上，颇有亏空之弊，奴才恐将来回朝，不能善后，因此特来求太太……

⽼爷在京做官，⼀则可以省却许多烦难，⼆则亦可保全声名。’

王夫⼈听了，不觉⼀怔，随即笑道：‘你这孩⼦，怎么又想出这些事来︖难道⽼爷在外，就该贪污不成︖’

贾琏忙笑道：‘太太何出此⾔！不过为的是体⾯，才想出这个主意来……再者，⽼爷在外，也须要有⼈照应才是。’

王夫⼈点头道：‘这话倒是。只是如今谁可托付呢︖’

Reference

Prompt

PLM

PLoRA

Multi-LoRA

WriterAgent

• 王夫⼈为贾琏婶娘

• 语⽓克制，重视家族利益

• 原⽂⽂本为半百话问形式，⽂中⼈物关
系复杂，情节丰富有深度

• ⽩话⽂语⽓与原⽂⽂风不符

• ⼈物关系错误，王夫⼈不是
贾琏的母亲

• 情节偏移，此次讨论的重点在于政治问题⽽非财务问题

• 情节偏移，此次讨论的重点
在于政治问题⽽非财务问题

• ⼈物关系错误，语⾔风格
依旧较为⽩话

• ⼈物⾏为不符合原⽂的设定，王夫⼈
⾏为逻辑较为跳跃

• ⼈物关系正确，贾琏称呼王夫⼈为太太

• ⼈物设定及形式逻辑与原⽂⼀致，
家族利益和名声放在第⼀位

Figure 11: Comparison of reference and generated texts from the baseline and our WriterAgent on Dream of the
Red Chamber in Chinese. We highlight the weaknesses of the baseline model and the strengths of our approach.

分析:

•文章中出现的人物符合人物设定，文章中正确表达了贾琏、王夫人等人物的对贾政出外
做官财务状况的担忧
•文章中出现一些写作细节和写作风格并不与原文相符
•文章中的故事情节发展有些不符合原文设定

生成结果：话说贾琏入内回明王夫人，言及已将打点吏部之事宜悉数办妥，只待新命下启
时便能上任。王夫人闻此，心中稍安，但随即又忧虑起贾政来…此次出京，难免在外耗费
颇巨，而家中现有银两有限，恐难支撑长此以往的开销…
次日，贾琏携家眷赴宁国府，与贾赦商议此事。贾赦素知贾琏精明能干，且家中多有余财，
于是欣然应允，承诺可借给贾琏一笔银两，作为贾政外任期间的周转资金。贾琏感激不尽，
连忙致谢，同时提出愿将家中部分房产抵押…

生成结果：贾琏便笑说：“老爷若做京官，不但老爷在京里花销不大，连家
里也省些了。如今老爷若出京外任，一应公私出入费用甚多。”王夫人道：
“如今我将你姐夫每月的月钱蠲了…王夫人道：“再着人去叫你媳妇们来，
每人拿出一百两银子来，凑着一千两，你拿去放帐，利钱自然归你了。”

此时凤姐在后房内，听见贾琏进来回话，便知其意，忙命人备茶。贾琏一面
吃茶，一面回道：“我进来，见老爷不在书房里，不知往那里去了。我想：
他既出京，必得有人料理家务…

分析:

•文中表达了正确的人物关系以及凤姐贪财的人物特征
•剧情推进的细节更加合理、比如文章中出现贾政做官需要钱让凤姐放帐来改
善财务等
•写作细节仍需改善，写作风格有所下降。

Curriculum1: world building Curriculum1 + Curriculum2: plot prediction, w/o Curriculum3: stylish writing WriterAgent

Figure 12: Demonstration of the model’s stepwise learning on Dream of the Red Chamber in Chinese: from
curriculum 1 to curriculum 1 & 2. The text colors indicate the corresponding problems.
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