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Abstract001

A fundamental challenge in creative writing002
lies in reconciling the inherent tension between003
maintaining global coherence in long-form nar-004
ratives and preserving local expressiveness in005
short-form texts. While long-context gener-006
ation necessitates explicit macroscopic plan-007
ning, short-form creativity often demands spon-008
taneous, constraint-free expression. Existing009
alignment paradigms, however, typically em-010
ploy static reward signals and rely heavily on011
high-quality supervised data, which is costly012
and difficult to scale. To address this, we pro-013
pose UniCreative, a unified reference-free re-014
inforcement learning framework. We first in-015
troduce AC-GenRM, an adaptive constraint-016
aware reward model that dynamically synthe-017
sizes query-specific criteria to provide fine-018
grained preference judgments. Leveraging019
these signals, we propose ACPO, a policy op-020
timization algorithm that aligns models with021
human preferences across both content quality022
and structural paradigms without supervised023
fine-tuning and ground-truth references. Empir-024
ical results demonstrate that AC-GenRM aligns025
closely with expert evaluations, while ACPO026
significantly enhances performance across di-027
verse writing tasks. Crucially, our analysis re-028
veals an emergent meta-cognitive ability: the029
model learns to autonomously differentiate be-030
tween tasks requiring rigorous planning and031
those favoring direct generation, validating the032
effectiveness of our direct alignment approach.033
Our code is available at https://anonymous.034
4open.science/r/UniCreative.035

1 Introduction036

Large Language Models (LLMs) have demon-037

strated impressive fluency in general-purpose text038

generation; however, their capabilities in creative039

writing remain fundamentally constrained. A cen-040

tral challenge lies in the inherent tension between041

maintaining global coherence in long-form narra-042

tives and preserving local expressiveness in short043

     Ask me a question or Hold to talk

(a)  Long-form

UniCreative

 Write a "Flash Fiction" story about a time 
traveler. It must include a setup, a conflict, and 
a shocking twist ending where he realizes he is 
his own grandfather.

Thinking Finished (2.2s)

<|plan|>  
1. **Setup**: Introduce the time traveler, Elias Vorne, 
as a 2147 scientist tasked with preventing a catastrophic 
event in 1923.  
2. **Mission**: Elias’s goal is to save his family from a 
fire that killed his grandparents, creating a paradox.  
 ......
12. **Twist Execution**: Ensure the revelation is both 
logical and emotionally jarring, avoiding deus ex 
machina.  
<|end_plan|>   

Elias Vorne stepped out of the time pod in 1923, his breath 
fogging the air. The air smelled of coal smoke and damp 
stone. His mission was clear: stop the fire that would kill 
his grandparents, the catalyst for his own birth. He had 
calculated the exact moment—the midnight bell, the flicker 
of a gas lamp, the creak of the old bakery’s door.  
He moved through the streets, a shadow in the fog, until he 
found it: the bakery. The building was intact, its windows 
unbroken. He paused, heart thudding. 
 ......
The man’s hand reached out, and Elias—Elias *himself*—
vanished into the fog, his own grandfather, his own father, 
his own beginning.  
The bakery’s door creaked shut. The fire never came. And 
somewhere, in the quiet of 1923, a young man traced the 
rim of a coffee cup, the silence pressing against his ears 
like water depth.

     Ask me a question or Hold to talk

(b)  Short-form

UniCreative

Thinking Finished (0.8s)

 Help me write an epitaph.

May this stone remember
Not what was said, but what was felt;
Not what was done, but what was endured.

Here Lies One
Who loved deeply,
Questioned fiercely,
And lived with the quiet courage
Of a star that burns without fanfare.

Figure 1: Examples of UniCreative generations. The
long-form task (left) follows a Plan-then-Write proce-
dure, while the short-form task (right) employs direct
generation without intermediate planning.

creative texts. Despite the rapid expansion of con- 044

text windows, recent benchmarks reveal that autore- 045

gressive generation still struggles with long-range 046

consistency, often exhibiting topic drift, repetition, 047

and structural degradation in extended outputs such 048

as stories or scripts (Liu et al., 2024; Bai et al., 049

2025; Wu et al., 2025a; Zhao et al., 2025). These 050

findings suggest that scaling context length alone 051

is insufficient to resolve the structural limitations 052

of current generation paradigms. 053

In stark contrast, short-form creative 054

expression—spanning poetry, slogans, and 055

blessings—necessitates instantaneous linguistic 056

vibrancy rather than structural durability. Here, the 057

primary challenge is not logical coherence, but the 058

suppression of statistical mediocrity. Constrained 059

by likelihood maximization, autoregressive models 060

naturally converge toward high-probability, “safe” 061

tokens, resulting in homogenized outputs that 062
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are fluent yet devoid of the stochastic spark063

essential for emotional resonance (Hou et al.,064

2025). Imposing rigid planning mechanisms065

on such tasks further exacerbates this issue,066

leading to a phenomenon of “over-determination”067

where the potential for serendipitous discovery is068

stifled by premature structural constraints (Wu069

et al., 2025b; Fein et al., 2025; Mizrahi et al.,070

2025). These distinct failure modes—structural071

collapse in long-form versus creative banality072

in short-form—highlight that creative writing073

encompasses heterogeneous regimes that cannot074

be resolved by a monolithic generation strategy.075

A common approach to improving long-form076

coherence is to introduce explicit planning or hi-077

erarchical structure. Early work on hierarchical078

neural story generation and plan-and-write frame-079

works demonstrates that global outlines can effec-080

tively guide extended narratives and mitigate struc-081

tural collapse (Fan et al., 2018; Yao et al., 2019).082

More recent studies similarly suggest that struc-083

tured representations and multi-stage generation084

pipelines can enhance coherence and controllabil-085

ity in complex creative tasks (Xiao et al., 2025;086

Alper et al., 2025). However, these same mecha-087

nisms can become counterproductive when indis-088

criminately applied to short creative texts, where089

excessive structural constraints risk suppressing ex-090

pressive diversity and creative spontaneity. This091

contrast underscores that planning should not be092

treated as a universally optimal solution, but rather093

as a capability that must be invoked selectively094

based on the task nature.095

Meanwhile, advances in reinforcement learning096

and preference-based alignment provide new tools097

for optimizing language models. However, stan-098

dard paradigms like RLHF or DPO typically rely099

on high-quality supervised data (SFT) and human-100

annotated preference pairs, which are costly to101

collect and difficult to scale for open-ended cre-102

ative tasks (Christiano et al., 2017; Rafailov et al.,103

2023). While recent work has begun to system-104

atically study creativity assessment and modeling105

in large language models (Zhao et al., 2025; Li106

et al., 2025; Huang et al., 2025), most methods still107

depend on ground-truth references to compute re-108

wards or stabilize training, limiting their applicabil-109

ity in purely creative domains where no single “cor-110

rect” answer exists. Creative generation systems111

designed for scientific ideation further highlight112

the need for reference-free optimization paradigms113

(Sanyal et al., 2025).114

In this paper, we propose UniCreative, a uni- 115

fied creative writing framework that treats planning 116

as a dynamically callable computational resource 117

rather than a fixed prerequisite. UniCreative en- 118

ables models to adaptively switch between a Plan- 119

then-Write mode for long-context tasks that de- 120

mand structural integrity and a Direct Generation 121

mode for short-context tasks that prioritize nov- 122

elty (see examples in Figure 1). To train such a 123

dual-mode system, we bypass the conventional Su- 124

pervised Fine-Tuning (SFT) stage and introduce 125

Adaptive Constraint Preference Optimization 126

(ACPO). This reference-free training paradigm 127

leverages relative evaluation and self-bootstrapped 128

baselines to optimize generation directly from user 129

queries, eliminating the dependency on expensive 130

human-written completions or ground-truth refer- 131

ences. 132

Our contributions are threefold: 133

• Unified Framework: We introduce UniCre- 134

ative, the first framework to unify planning- 135

based and intuition-driven creative generation 136

within a single policy. 137

• Reference-Free Optimization: We propose 138

ACPO, demonstrating that superior perfor- 139

mance in both long-form and short-form 140

regimes can be achieved solely through re- 141

inforcement learning, bypassing the need for 142

SFT and ground-truth references. 143

• Emergent Meta-cognition: Extensive ex- 144

periments demonstrate UniCreative’s supe- 145

rior performance; crucially, our analysis re- 146

veals an emergent meta-cognitive ability to 147

autonomously differentiate task regimes, vali- 148

dating the framework’s scalability. 149

2 Related Work 150

2.1 Creative Writing Evaluation and 151

Benchmarks 152

Evaluating creative writing is challenging due to 153

its open-ended nature. While general benchmarks 154

like LongBench focus on reasoning (Bai et al., 155

2025), recent efforts target creativity specifically. 156

WritingBench covers diverse genres (Wu et al., 157

2025b), LitBench emphasizes expert-annotated 158

preferences (Fein et al., 2025), and CS4 measures 159

creativity under constraints (Atmakuru et al., 2024). 160

Other benchmarks like UNCLE, LongWeave, and 161

LongWriter-Zero further assess verifiability and 162
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Figure 2: UniCreative Framework. Top: The model adaptively selects Direct Generation or Plan-then-Write
modes based on task nature. Bottom: ACPO training. The policy generates responses {o1, . . . , oG} which are
evaluated by AC-GenRM using dynamically synthesized criteria to provide reward signals for optimization.

RL challenges in ultra-long generation (Yang et al.,163

2025; Xiao et al., 2025; Wu et al., 2025a). To164

address the high cost of human evaluation, LLM-165

based evaluators (e.g., G-Eval) have been widely166

adopted (Liu et al., 2023). However, these judges167

often exhibit biases or struggle with complex un-168

certainty assessments (Atmakuru et al., 2024; Yang169

et al., 2025), motivating the need for more princi-170

pled reward modeling.171

2.2 Structural Planning in Story Generation172

Explicit planning improves narrative coherence by173

separating high-level structure from surface realiza-174

tion (Fan et al., 2018; Yao et al., 2019). Despite the175

fluency of modern LLMs, they still suffer from176

“myopia” and inconsistency in long-form story-177

telling (Xie et al., 2023). Consequently, structured178

guidance remains indispensable. Recent frame-179

works like ACE-RL and Beyond ReAct address180

this by integrating implicit planning or adaptive181

constraints, demonstrating significantly improved182

controllability in long-context generation (Chen183

et al., 2025b; Wei et al., 2025a).184

2.3 Preference Optimization and Generative185

Rewards186

Reinforcement learning from human feedback187

(RLHF) serves as the standard paradigm for align-188

ing models with human preferences (Christiano189

et al., 2017; Ouyang et al., 2022), with Direct190

Preference Optimization (DPO) offering a stream- 191

lined, reward-free alternative (Rafailov et al., 2023). 192

Recently, the focus has shifted toward enhancing 193

the reward signal itself for open-ended generation. 194

Generative reward models (GenRMs) reframe eval- 195

uation as a generative process, providing richer, 196

chain-of-thought supervision compared to scalar 197

scores (Mahan et al., 2024; Zhang et al., 2024). 198

Subsequent innovations have further augmented 199

these models with reasoning capabilities (e.g., RM- 200

R1, ReasonGRM) and improved generalization via 201

inference-time scaling (Chen et al., 2025c,a; Wang 202

et al., 2025; Liu et al., 2025). In the specific do- 203

main of creative writing, methods such as Writing- 204

Zero and others have begun to bridge the gap be- 205

tween non-verifiable creative objectives and RL, 206

enabling effective optimization for long-form gen- 207

eration (Lu, 2025; Jia et al., 2025; Liao et al., 2025; 208

Yu et al., 2025). 209

3 Methodology 210

We reframe creative writing as a length-dependent 211

adaptive decision process requiring distinct strate- 212

gies: 213

• Long-Form Narratives: Require macro- 214

scopic structural integrity. To counteract au- 215

toregressive “myopia,” the model employs a 216

“Plan-then-Write” strategy, ensuring global co- 217

herence through hierarchical reasoning. 218
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• Short-Form Expressions: Prioritize micro-219

scopic linguistic vibrancy. Rigid planning220

here leads to “over-determination,” stifling the221

spontaneity and emotional resonance essential222

for creativity.223

To dynamically decouple these pathways with-224

out human supervision, we propose a reference-225

free pipeline built on two pillars: (1) AC-GenRM,226

an evaluator providing instance-specific feedback;227

and (2) the ACPO algorithm, which optimizes the228

policy to autonomously select between planning229

and direct execution based on query complexity.230

The complete process is detailed in Figure 2.231

3.1 Adaptive Criteria GenRM (AC-GenRM)232

Evaluating creative writing poses a significant chal-233

lenge due to the subjective and multifaceted nature234

of literary quality. Standard reward models trained235

on general preference data often fail to capture the236

nuances of specific creative queries (e.g., distin-237

guishing between “suspense” in a thriller and “wit”238

in a satire). Furthermore, LLM-based evaluators239

are notoriously prone to position bias. To address240

these limitations, we propose AC-GenRM, which241

decomposes the evaluation process into dynamic242

criteria synthesis and debiased pairwise ranking.243

Dynamic Criteria Synthesis Instead of relying244

on a static system prompt for all queries, AC-245

GenRM first interprets the semantic intent of the246

input. Let x be the user query. We model the247

evaluation criteria as a latent variable C. To equip248

the model with this capability, we employ Super-249

vised Fine-Tuning (SFT) on a high-quality cri-250

tique dataset, allowing the critic πcritic to sample251

instance-specific criteria Cx ∼ πcritic(·|x) that ex-252

plicitly list the dimensions for assessment. For in-253

stance, given a prompt for a “scary story,”Cx might254

prioritize “plot twist” and “atmosphere,” whereas255

for a “greeting card,” it would prioritize “warmth”256

and “conciseness.” Specific examples are shown in257

Figure 4. This dynamic generation ensures that the258

reward signal is aligned with the specific creative259

goals of the prompt.260

Generative Reward Learning with Position De-261

biasing AC-GenRM is a generative judge trained262

via SFT to predict a winning label l ∈ {A,B}263

given a query x, criteria Cx, and response pair264

(yA, yB). To mitigate position bias, we employ265

Symmetrical Data Augmentation, swapping the re-266

sponse order with 50% probability during train-267

ing. The objective minimizes the negative log- 268

likelihood of the correct label: 269

LRM (ψ) =− E(x,Cx,yA,yB ,l)∼Daug

logPψ(l | x,Cx, yA, yB)
(1) 270

This forces the model to learn a position-invariant 271

quality representation, ensuring preference signals 272

strictly align with the synthesized criteria Cx. 273

3.2 Adaptive Constraint Preference 274

Optimization (ACPO) 275

With a robust evaluator in place, we intro- 276

duce Adaptive Constraint Preference Optimization 277

(ACPO). Unlike traditional RLHF which relies on 278

a separate value model (critic), ACPO optimizes 279

the policy πθ directly using group-based relative 280

feedback. This approach is particularly well-suited 281

for long-context creative writing, where training 282

a value model is computationally prohibitive and 283

unstable. 284

3.2.1 Reward Composition 285

The reward functionRtotal in ACPO is a composite 286

signal designed to guide the model through the 287

complex landscape of creative writing. It comprises 288

three orthogonal components: 289

1. Bootstrapped Relative Reward (Rrel) We 290

utilize a self-play mechanism to optimize without 291

ground-truth references. For a query x, the pol- 292

icy generates G responses Y = {y1, . . . , yG}. To 293

resolve modality mismatch, we define a projec- 294

tion operator ϕ : V∗ → V∗ that strips tokens in 295

the planning segment Vplan (e.g., content between 296

<|plan|> and <|end_plan|>). For each yi, we 297

sample a baseline ybase ∈ Y \ {yi}. 298

The relative reward is derived from the dis- 299

crete selection of the frozen generative AC-GenRM. 300

Given (x,Cx, ϕ(yi), ϕ(ybase)), the judge directly 301

outputs the superior response, and the reward is 302

assigned as: 303

Rrel(yi) =

{
2, if AC-GenRM selects ϕ(yi)
−2, otherwise

(2) 304

This binary signal creates a robust curriculum that 305

continuously pushes the model’s performance up- 306

per bound through internal competition. 307

2. Paradigm-Aware Structural Constraints 308

(Rstruct) To solve the “Myopia” problem in long 309

texts and the “Over-determination” problem in 310
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short texts, we must enforce the correct cognitive311

mode. Let τ(x) ∈ {LONG, SHORT} denote the312

task mode. We introduce an indicator function313

h(y) = I[∃t ∈ y : t ∈ Vplan] to detect planning314

actions. To streamline the formulation, let mS =315

I[τ(x) = SHORT] and mL = I[τ(x) = LONG]316

be the mode indicators. The structural penalty is317

defined as:318

Rstruct(y | x) = −βs·
(
mS ·h(y)+mL·(1−h(y))

)
(3)319

where βs is a penalty constant (set to 5.0 in our320

implementation). This term effectively prunes the321

exploration space, forcing the policy to collapse322

onto the structural paradigm appropriate for the323

task (i.e., mandating outlines for novels while pro-324

hibiting them for poems).325

3. Adaptive Length Regularization (Rlen)326

Structural adherence is a necessary but insuffi-327

cient condition for high-quality generation. Em-328

pirically, we observe that RL policies often drift329

towards distinct failure modes: content collapse330

(insufficient length) in long-form narratives and331

verbosity (excessive length) in short-form expres-332

sions. To mitigate this, we introduce an asymmetric333

regularization mechanism with a penalty cap. Let334

L(y) = |ϕ(y)| denote the length of the generated335

content body. We formulate specific penalty func-336

tions:337

Rlong(y) = −min
(
λl · ReLU(θmin − L(y)), γ

)
(4)

338

Rshort(y) = −min
(
λs · ReLU(L(y)− θmax), γ

)
(5)

339

where γ is the maximum penalty cap, set to 5.0 in340

our implementation to prevent excessive gradient341

signals from outlier lengths. Consequently, the fi-342

nal regularization term Rlen(y | x) dynamically343

activates either Rlong or Rshort contingent upon344

τ(x), creating a soft boundary for appropriate in-345

formation density.346

3.2.2 Optimization Objective347

We aggregate the rewards into a total score348

Rtotal(yi) = Rrel + Rstruct + Rlen. To stabilize349

training without a value model, we employ Group350

Relative Policy Optimization (GRPO). GRPO351

computes the advantage Ai by normalizing the re-352

wards within the sampled group Y , using the group353

mean as the baseline:354

Ai =
Rtotal(yi)− µ({Rtotal(yj)}Gj=1)

σ({Rtotal(yj)}Gj=1) + ϵ
(6)355

This group-based normalization significantly re- 356

duces the variance of the gradient estimate. To 357

streamline the objective formulation, we define the 358

clipped advantage term Lclipi and the KL diver- 359

gence term DKL
i as follows: 360

Lclipi = min
(
ρiAi, clip(ρi, 1− ϵ, 1 + ϵ)Ai

)
361

DKL
i = DKL(πθ(yi|x) ∥ πref (yi|x)) 362

Consequently, the final objective function maxi- 363

mizes: 364

J (θ) = Ex,Y

[
1

G

G∑
i=1

(
Lclipi −βKL ·DKL

i

)]
(7) 365

where Ex,Y denotes the expectation over the dataset 366

and policy rollouts, ρi =
πθ(yi|x)
πθold (yi|x)

is the impor- 367

tance sampling ratio, and βKL prevents excessive 368

deviation from the reference model πref , ensuring 369

linguistic fluency. 370

4 Experiments 371

4.1 Task Design and Data Construction 372

To train the UniCreative framework, we formal- 373

ize creative writing into two distinct generative 374

paradigms and construct a composite training cor- 375

pus derived from diverse sources. 376

1. Definition of Generative Paradigms We de- 377

couple the conditional generation problem P (y|x) 378

into two specialized sub-tasks: 379

• Planning-Augmented Generation (for 380

Long-Form): Designed for tasks requiring 381

structural depth (e.g., novels). The model 382

is tasked to first generate an intermediate 383

latent variable z (representing the outline 384

or reasoning chain) before producing the 385

final text y. The sequence is formalized as: 386

x → <|plan|> z <|end_plan|> → y. This 387

explicitly compels the model to engage in 388

macroscopic reasoning. 389

• Direct Generation (for Short-Form): De- 390

signed for tasks requiring high entropy (e.g., 391

poetry, slogans). The model must map x → 392

y directly, with a strict prohibition on the 393

<|plan|> token. This preserves the stochas- 394

ticity and spontaneity of the token distribu- 395

tion. 396
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2. Training Data Construction We construct a397

composite bilingual dataset for reward modeling398

and reference-free reinforcement learning:399

• Preference Data for AC-GenRM: We uti-400

lize LitBench (Fein et al., 2025) (43k sam-401

ples) to capture long-form narrative prefer-402

ences and the Blessing dataset (Wei et al.,403

2025b) (6k samples) for short-form emotional404

expressions.405

• Exploration Prompts for ACPO: We aggre-406

gate a diverse query set for the exploration407

space. The Long-Context Corpus combines408

HelloBench (Que et al., 2024), the Story Writ-409

ing Benchmark, and high-quality web fiction,410

further augmented via the WritingBench (Wu411

et al., 2025b) synthesis methodology. The412

Short-Context Corpus consists of curated on-413

line queries designed to train expressive ten-414

sion within constrained lengths.415

Crucially, ACPO training relies solely on these416

queries without ground-truth completions, allowing417

the model to learn autonomous paradigm switching418

driven purely by AC-GenRM feedback.419

4.2 Training Configuration420

We trained the Qwen3 series models (1.7B, 4B, and421

8B) on 8 NVIDIA H800 GPUs. Detailed training422

configurations are provided in the Appendix A.1.423

Category Model LitBench Blessing

Baselines

Claude-Sonnet-3.7 0.731 0.902
Claude-3.5-Haiku 0.675 0.949
GPT-4.1 0.702 0.923
GPT-4.1-Mini 0.630 0.969
DeepSeek-V3 0.700 0.906
DeepSeek-R1 0.710 0.977

Base 0.477 0.643Qwen3-0.6B
AC-GenRM 0.728 0.989
Base 0.543 0.849Qwen3-1.7B
AC-GenRM 0.776 0.991
Base 0.666 0.938Qwen3-4B
AC-GenRM 0.796 0.993
Base 0.688 0.944Qwen3-8B
AC-GenRM 0.807 0.994

Table 1: Reward model evaluation showing agreement
rates with proprietary judges on LitBench and Blessing.
AC-GenRM is compared against unaligned Base models
to isolate the algorithmic contribution.

4.3 Evaluation Benchmarks 424

We evaluate UniCreative using a multi-tiered 425

benchmark suite covering reward modeling, gener- 426

ative quality, and meta-cognitive decision-making. 427

Specifically, we assess (i) reward model quality via 428

agreement with strong LLM judges on preference- 429

based creative writing benchmarks, (ii) long-form 430

and short-form generative performance using es- 431

tablished creative writing datasets, and (iii) the 432

model’s ability to autonomously distinguish be- 433

tween planning-intensive and direct generation 434

tasks. Detailed benchmark descriptions are pro- 435

vided in Appendix A.2. 436

5 Results and Analysis 437

5.1 Justification for Pairwise Generative 438

Reward Modeling 439

Our AC-GenRM architecture departs from tradi- 440

tional pointwise scalar models and discriminative 441

Bradley-Terry (BT) classifiers. Motivated by recent 442

findings in creative evaluation (Wu et al., 2025b; 443

Fein et al., 2025; Jia et al., 2025), we adopt a pair- 444

wise generative approach for two primary reasons. 445

Pairwise Comparison over Pointwise Scoring. 446

Unlike math or code, creative writing lacks defini- 447

tive ground truth. Pointwise scoring suffers from 448

calibration instability, where absolute scores (e.g., 449

“8/10”) remain ambiguous without a fixed refer- 450

ence. In contrast, relative preference (yA ≻ yB) 451

aligns better with human intuition and reduces vari- 452

ance driven by prompt difficulty (Christiano et al., 453

2017). Moreover, comparative discrimination miti- 454

gates the reward hacking common in scalar mod- 455

els—such as verbosity bias—thereby improving 456

generalization across heterogeneous tasks. 457

Generative Reasoning vs. Discriminative BT. 458

Unlike opaque discriminative models, AC-GenRM 459

leverages generative reasoning to synthesize query- 460

specific criteria (Cx), ensuring precise semantic 461

alignment with user intent across diverse tasks. 462

This self-principled critique mechanism enhances 463

robustness against reward hacking, with SFT on 464

preference data serving as a crucial stabilization 465

mechanism for the reasoning process. Empirically, 466

AC-GenRM yields superior signal quality, achiev- 467

ing an 80.7% agreement rate that significantly sur- 468

passes Claude-3.7-Sonnet (73.1%) and exceeds 469

the performance of top-tier discriminative models 470

(∼78%) on the same benchmark. 471
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Models Avg D1 D2 D3 D4 D5 D6 R1 C R2 C R3 C

Proprietary LLMs

O3-2025-04-16 85.27 84.81 85.20 83.89 85.88 85.82 86.80 85.14 87.45 85.24 90.98 86.31 87.21
Gemini-2.5-pro-preview 83.05 83.21 81.47 83.00 84.52 84.49 82.14 83.58 86.49 83.86 90.45 83.35 83.98
Claude-Sonnet-3.7 78.48 78.24 77.93 76.51 79.37 79.26 80.88 79.43 82.51 78.84 86.14 79.23 80.49
GPT-4o 75.46 74.40 73.42 74.38 77.91 75.86 78.08 76.82 81.57 75.82 85.46 76.13 76.73
o1-Preview 68.57 68.54 67.01 66.57 69.53 70.31 71.41 70.09 75.10 68.49 79.78 70.91 73.81

Open-source LLMs

DeepSeek-R1-0528 83.22 83.15 81.48 81.55 85.68 84.14 84.44 84.24 87.27 83.72 89.35 83.83 82.70
Qwen3-235B-A22B-Thinking 81.45 80.19 79.24 80.95 82.92 82.52 82.89 82.54 85.02 81.30 88.22 81.26 81.76
LongWriter-Zero-32B 80.30 80.66 80.27 80.21 76.09 83.55 81.02 79.89 83.38 80.77 86.82 80.23 82.05
Qwen3-8B-Thinking 75.56 75.47 74.42 75.51 73.03 77.80 77.16 76.29 79.72 75.67 84.96 74.35 77.30
Qwen3-235B-A22B 73.63 73.56 72.90 73.98 70.13 76.52 74.69 77.46 82.05 77.01 87.29 76.26 79.57
Qwen3-8B 70.75 70.68 70.74 70.33 68.51 72.74 71.52 71.72 76.77 71.69 83.12 70.06 75.36
Qwen-2.5-72B-instruct 65.28 65.80 63.36 63.80 62.75 68.07 67.91 65.81 70.49 65.92 78.65 66.38 67.95
LongWriter-glm-9B 62.94 64.06 63.66 62.35 61.26 65.03 61.30 62.79 66.70 63.60 74.82 63.37 65.88
LongWriter-llama3.1-8B 58.01 60.05 59.31 57.58 56.03 58.38 56.73 58.12 61.40 58.60 67.61 59.05 62.97
Llama-3.3-70B-instruct 50.43 50.67 49.25 47.90 48.52 52.92 56.56 50.71 50.71 50.38 50.38 51.08 51.08

Our Models

Qwen3-1.7B-Thinking 63.06 66.72 64.41 64.13 58.13 60.52 63.67 64.92 70.02 62.96 70.43 61.16 60.53
Qwen3-1.7B-Thinking + RL 73.65 76.06 74.54 74.03 68.54 75.14 74.50 74.71 78.80 74.43 81.59 73.31 73.67
Qwen3-4B-Thinking 71.35 72.57 73.10 72.06 64.38 74.54 72.95 72.08 76.79 72.17 79.18 70.51 70.93
Qwen3-4B-Thinking + RL 77.36 78.63 78.48 77.88 72.61 79.55 77.91 77.83 82.01 78.20 85.62 76.71 77.92
Qwen3-8B-Thinking 77.11 77.54 77.73 77.63 73.68 78.49 78.42 77.62 81.79 77.74 83.60 76.58 76.86
Qwen3-8B-Thinking + RL 82.42 83.17 81.85 83.05 80.80 83.57 82.72 82.68 85.32 82.68 87.61 81.60 80.62

Table 2: Performance of different LLMs on WritingBench across six domains and three writing requirements. Scores
are normalized from a 0-10 range to a 100-point scale. The corresponding domains and requirements are: (D1)
Academic & Engineering, (D2) Finance & Business, (D3) Politics & Law, (D4) Literature & Art, (D5) Education,
(D6) Advertising & Marketing, (R1) Style, (R2) Format, and (R3) Length. “C” denotes the category-specific scores
of the three requirements.

5.2 Performance on Long-Form and472

Short-Form Writing473

We evaluate UniCreative on complex narratives474

(WritingBench) and high-entropy short-form text475

(Blessing).476

Long-Form Performance (WritingBench).477

As shown in Table 2, ACPO consistently478

enhances long-context reasoning across all479

scales. Qwen3-8B-Thinking + RL achieved480

an average score of 82.42 (+5.31 over SFT),481

significantly outperforming much larger models482

like Llama-3.3-70B-Instruct (50.43) and483

Qwen-2.5-72B-Instruct (65.28), while rivaling484

Claude-Sonnet-3.7 (78.48). Specifically, ACPO485

improved compliance in Format (R2) and Length486

(R3). Unlike specialized baselines like ACE-RL487

(Chen et al., 2025b) that rely on rigid, task-specific488

checklists, UniCreative maintains structural489

integrity without sacrificing the flexibility needed490

for broader creative tasks.491

Short-Form Performance (Blessing). Table 3492

demonstrates the critical necessity of mode switch-493

ing. The “Thinking” baselines struggle with short-494

form tasks (e.g., 64.2% for 1.7B) due to “over-495

determination” from forced planning. By enabling 496

the model to bypass planning, ACPO achieves 497

massive gains: Qwen3-1.7B + RL jumped 498

to 90.0% (+25.8%), matching DeepSeek-V3.2, 499

while the 8B variant reached 93.6%, surpassing 500

Claude-Sonnet-4.5 (93.2%). These results con- 501

firm that our reference-free RL enables the model 502

to “unlearn” rigid structural constraints when ap- 503

propriate, restoring the linguistic vibrancy essential 504

for high-quality short-form generation. 505

5.3 Can the Model Adaptively Differentiate 506

Task Regimes? 507

We evaluate whether UniCreative enables models 508

to distinguish between generation pathways using 509

the Mode Discrimination Benchmark. 510

Scalable Accuracy Gains. As shown in Table 4, 511

ACPO significantly improves mode-switching ac- 512

curacy in larger models. Qwen3-4B and Qwen3-8B 513

achieve up to 96.4% and 86.4% accuracy on Easy 514

and Hard tasks, respectively. This confirms that 515

given sufficient capacity, our framework effectively 516

aligns the policy with structural preferences, allow- 517

ing models to autonomously invoke the optimal 518
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Reference LLMs Our Models (Ablation Study)

Model Name Score Model Name Score Gain (∆)

DeepSeek-V3-250324 87.2% Qwen3-1.7B 8.40% -
DeepSeek-V3.2 90.4% Qwen3-1.7B-Thinking 64.2% -
Qwen3-32B 45.2% Qwen3-1.7B-Thinking + RL 90.0% +25.8%
Qwen3-32B-Thinking 88.4% Qwen3-4B 40.8% -
GPT-4.1 89.4% Qwen3-4B-Thinking 74.0% -
Doubao-Seed-1.6 94.6% Qwen3-4B-Thinking + RL 91.4% +17.4%
Grok-4 80.6% Qwen3-8B 43.6% -
Claude-Sonnet-4 92.8% Qwen3-8B-Thinking 68.0% -
Claude-Sonnet-4.5 93.2% Qwen3-8B-Thinking + RL 93.6% +25.6%

Table 3: Performance evaluation on the Blessing short-text dataset. We employ an Adversarial Framework to
benchmark standard LLMs (left) against our UniCreative variants (right). Score represents the percentage of
excellent ratings. The Gain (∆) column highlights the significant score improvement achieved by our RL method
compared to the ‘thinking‘ baseline.

Model Size Method
Accuracy on Mode Discrimination (5-run Avg. ± SD)

Easy Hard Avg. Gain (∆)

Qwen3-1.7B
Thinking 64.2% ± 3.1% 65.1% ± 2.2% 64.7% -

+ RL (Ours) 57.0% ± 1.1% 56.6% ± 1.4% 56.8% -7.9%

Qwen3-4B
Thinking 77.1% ± 2.2% 62.4% ± 2.1% 69.8% -

+ RL (Ours) 95.9% ± 0.7% 82.8% ± 1.7% 89.4% +19.6%

Qwen3-8B
Thinking 80.5% ± 2.1% 68.5% ± 1.9% 74.5% -

+ RL (Ours) 96.4% ± 1.8% 86.4% ± 1.2% 91.4% +16.9%

Table 4: Accuracy on the Mode Discrimination Benchmark across different model scales (5-run avg). Significant
gains in 4B and 8B models underscore the efficacy of ACPO in fostering emergent meta-cognitive planning.

generation mode.519

Capacity Bottleneck in Small Models. Con-520

versely, Qwen3-1.7B exhibits a decline in discrimi-521

nation accuracy (e.g., 64.2% → 57.0%). This does522

not signify training failure; rather, it reflects a ca-523

pacity bottleneck. While RL improves the 1.7B524

model’s raw writing quality (Table 2 and Table 3),525

its limited parameter count forces a trade-off: the526

model prioritizes high-entropy linguistic vibrancy527

over the complex meta-cognitive logic required for528

autonomous paradigm switching.529

Emergent Meta-Cognition. These results under-530

score an emergent scaling trend. While the 1.7B531

model yields to the tension between content and532

structure, the 4B and 8B models successfully re-533

solve it. The ability to identify latent structural534

complexity and invoke appropriate computational535

pathways constitutes a high-order meta-cognitive536

reasoning that only stabilizes once a specific model537

scale threshold is exceeded.538

6 Conclusion 539

In this paper, we introduced UniCreative, a uni- 540

fied reinforcement learning framework that adap- 541

tively manages the dual requirements of logical 542

coherence in long-form narratives and expressive 543

vibrancy in short-form texts. By leveraging AC- 544

GenRM for dynamic criteria synthesis and ACPO 545

for reference-free optimization, our approach en- 546

ables models to autonomously navigate the trade- 547

offs between rigorous planning and direct gen- 548

eration, bypassing the need for Supervised Fine- 549

Tuning (SFT) and expensive human annotations. 550

Experimental results demonstrate that UniCreative 551

effectively mitigates typical generative failures 552

while fostering an emergent meta-cognitive ability 553

to select the optimal computational pathway based 554

on task complexity. Ultimately, this framework 555

establishes a robust foundation for aligning large 556

language models with the nuanced, multi-modal 557

demands of open-ended creative writing. 558
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Limitations559

Despite the strong performance and emergent meta-560

cognitive abilities demonstrated by UNICREATIVE,561

several limitations remain that offer avenues for562

future research:563

Dependency on Model Scale Our analysis of564

the Mode Discrimination Benchmark (Table 4) re-565

veals a clear capacity bottleneck in smaller models.566

While meta-cognitive task differentiation emerges567

at the 4B and 8B scales, the 1.7B model struggles568

to balance structural logic with linguistic vibrancy.569

This suggests that the proposed adaptive switch-570

ing mechanism may require a minimum parameter571

threshold to stabilize, potentially limiting its effec-572

tiveness for ultra-lightweight edge deployment.573

Boundary Cases in Task Regimes UniCreative574

currently operates on a binary switch between575

LONG-FORM (Plan-then-Write) and SHORT-FORM576

(Direct Generation). However, there exists a577

"medium-form" gray area—such as long social me-578

dia threads or short analytical essays—where a579

rigid plan might be too heavy, yet direct genera-580

tion might lack sufficient coherence. Future work581

could explore a more granular or "soft" planning582

mechanism that adaptively adjusts the density of583

the reasoning chain based on the prompt’s interme-584

diate requirements.585

Computational Overhead of Long-Context RL586

Optimizing policies for long-form narratives (up to587

12.6k tokens per sample) is computationally inten-588

sive. Although we utilized Group Relative Policy589

Optimization (GRPO) to bypass the value model590

and save VRAM, the exploration of such a vast pol-591

icy space requires significant GPU resources (e.g.,592

8 × NVIDIA H800) and training time. This over-593

head may pose challenges for academic labs with594

constrained hardware budgets looking to replicate595

or extend ultra-long-context training.596

References597

Morris Alper, Moran Yanuka, Raja Giryes, and Gašper598
Beguš. 2025. Conlangcrafter: Constructing lan-599
guages with a multi-hop llm pipeline. arXiv preprint600
arXiv:2508.06094.601

Anirudh Atmakuru, Jatin Nainani, Rohith Sid-602
dhartha Reddy Bheemreddy, Anirudh Lakkaraju,603
Zonghai Yao, Hamed Zamani, and Haw-Shiuan604
Chang. 2024. Cs4: Measuring the creativity of large605
language models automatically by controlling the606

number of story-writing constraints. arXiv preprint 607
arXiv:2410.04197. 608

Yushi Bai, Shangqing Tu, Jiajie Zhang, Hao Peng, Xi- 609
aozhi Wang, Xin Lv, Shulin Cao, Jiazheng Xu, Lei 610
Hou, Yuxiao Dong, and 1 others. 2025. Longbench 611
v2: Towards deeper understanding and reasoning 612
on realistic long-context multitasks. In Proceedings 613
of the 63rd Annual Meeting of the Association for 614
Computational Linguistics (Volume 1: Long Papers), 615
pages 3639–3664. 616

Bin Chen, Xinzge Gao, Chuanrui Hu, Penghang Yu, 617
Hua Zhang, and Bing-Kun Bao. 2025a. Reasongrm: 618
Enhancing generative reward models through large 619
reasoning models. arXiv preprint arXiv:2506.16712. 620

Jianghao Chen, Wei Sun, Qixiang Yin, Lingxing Kong, 621
Zhixing Tan, and Jiajun Zhang. 2025b. Ace-rl: 622
Adaptive constraint-enhanced reward for long-form 623
generation reinforcement learning. arXiv preprint 624
arXiv:2509.04903. 625

Xiusi Chen, Gaotang Li, Ziqi Wang, Bowen Jin, Cheng 626
Qian, Yu Wang, Hongru Wang, Yu Zhang, Denghui 627
Zhang, Tong Zhang, and 1 others. 2025c. Rm- 628
r1: Reward modeling as reasoning. arXiv preprint 629
arXiv:2505.02387. 630

Paul F Christiano, Jan Leike, Tom Brown, Miljan Mar- 631
tic, Shane Legg, and Dario Amodei. 2017. Deep 632
reinforcement learning from human preferences. Ad- 633
vances in neural information processing systems, 30. 634

Angela Fan, Mike Lewis, and Yann Dauphin. 2018. 635
Hierarchical neural story generation. arXiv preprint 636
arXiv:1805.04833. 637

Daniel Fein, Sebastian Russo, Violet Xiang, Kabir Jolly, 638
Rafael Rafailov, and Nick Haber. 2025. Litbench: 639
A benchmark and dataset for reliable evaluation of 640
creative writing. arXiv preprint arXiv:2507.00769. 641

Zhaoyi Joey Hou, Bowei Alvin Zhang, Yining Lu, Bhi- 642
man Kumar Baghel, Anneliese Brei, Ximing Lu, 643
Meng Jiang, Faeze Brahman, Snigdha Chaturvedi, 644
Haw-Shiuan Chang, and 1 others. 2025. Creativi- 645
typrism: A holistic benchmark for large language 646
model creativity. arXiv preprint arXiv:2510.20091. 647

Zhongzhan Huang, Shanshan Zhong, Pan Zhou, 648
Shanghua Gao, Marinka Zitnik, and Liang Lin. 2025. 649
A causality-aware paradigm for evaluating creativity 650
of multimodal large language models. IEEE Transac- 651
tions on Pattern Analysis and Machine Intelligence. 652

Ruipeng Jia, Yunyi Yang, Yongbo Gai, Kai Luo, Shihao 653
Huang, Jianhe Lin, Xiaoxi Jiang, and Guanjun Jiang. 654
2025. Writing-zero: Bridge the gap between non- 655
verifiable tasks and verifiable rewards. arXiv e-prints, 656
pages arXiv–2506. 657

Ruizhe Li, Chiwei Zhu, Benfeng Xu, Xiaorui Wang, and 658
Zhendong Mao. 2025. Automated creativity evalu- 659
ation for large language models: A reference-based 660
approach. arXiv preprint arXiv:2504.15784. 661

9



Jianxing Liao, Tian Zhang, Xiao Feng, Yusong Zhang,662
Rui Yang, Haorui Wang, Bosi Wen, Ziying Wang,663
and Runzhi Shi. 2025. Rlmr: Reinforcement learn-664
ing with mixed rewards for creative writing. arXiv665
preprint arXiv:2508.18642.666

Nelson F Liu, Kevin Lin, John Hewitt, Ashwin Paran-667
jape, Michele Bevilacqua, Fabio Petroni, and Percy668
Liang. 2024. Lost in the middle: How language mod-669
els use long contexts. Transactions of the Association670
for Computational Linguistics, 12:157–173.671

Yang Liu, Dan Iter, Yichong Xu, Shuohang Wang,672
Ruochen Xu, and Chenguang Zhu. 2023. G-eval:673
Nlg evaluation using gpt-4 with better human align-674
ment. arXiv preprint arXiv:2303.16634.675

Zijun Liu, Peiyi Wang, Runxin Xu, Shirong Ma,676
Chong Ruan, Peng Li, Yang Liu, and Yu Wu. 2025.677
Inference-time scaling for generalist reward model-678
ing. arXiv preprint arXiv:2504.02495.679

Xun Lu. 2025. Writing-zero: Bridge the gap be-680
tween non-verifiable problems and verifiable rewards.681
arXiv preprint arXiv:2506.00103.682

Dakota Mahan, Duy Van Phung, Rafael Rafailov,683
Chase Blagden, Nathan Lile, Louis Castricato, Jan-684
Philipp Fränken, Chelsea Finn, and Alon Albalak.685
2024. Generative reward models. arXiv preprint686
arXiv:2410.12832.687

Moran Mizrahi, Chen Shani, Gabriel Stanovsky, Dan688
Jurafsky, and Dafna Shahaf. 2025. Cooking up cre-689
ativity: A cognitively-inspired approach for enhanc-690
ing llm creativity through structured representations.691
arXiv preprint arXiv:2504.20643.692

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,693
Carroll Wainwright, Pamela Mishkin, Chong Zhang,694
Sandhini Agarwal, Katarina Slama, Alex Ray, and 1695
others. 2022. Training language models to follow in-696
structions with human feedback. Advances in neural697
information processing systems, 35:27730–27744.698

Haoran Que, Feiyu Duan, Liqun He, Yutao Mou,699
Wangchunshu Zhou, Jiaheng Liu, Wenge Rong,700
Zekun Moore Wang, Jian Yang, Ge Zhang, and 1701
others. 2024. Hellobench: Evaluating long text gen-702
eration capabilities of large language models. arXiv703
preprint arXiv:2409.16191.704

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-705
pher D Manning, Stefano Ermon, and Chelsea Finn.706
2023. Direct preference optimization: Your language707
model is secretly a reward model. Advances in neural708
information processing systems, 36:53728–53741.709

Aishik Sanyal, Samuel Schapiro, Sumuk Shashidhar,710
Royce Moon, Lav R Varshney, and Dilek Hakkani-711
Tur. 2025. Spark: A system for scientifically creative712
idea generation. arXiv preprint arXiv:2504.20090.713

Chenglong Wang, Yang Gan, Yifu Huo, Yongyu Mu,714
Qiaozhi He, Murun Yang, Bei Li, Tong Xiao, Chun-715
liang Zhang, Tongran Liu, and 1 others. 2025. Gram:716

A generative foundation reward model for reward 717
generalization. arXiv preprint arXiv:2506.14175. 718

Xiaolong Wei, Yuehu Dong, Xingliang Wang, Xingyu 719
Zhang, Zhejun Zhao, Dongdong Shen, Long Xia, 720
and Dawei Yin. 2025a. Beyond react: A planner- 721
centric framework for complex tool-augmented llm 722
reasoning. arXiv preprint arXiv:2511.10037. 723

Xiaolong Wei, Bo Lu, Xingyu Zhang, Zhejun Zhao, 724
Dongdong Shen, Long Xia, and Dawei Yin. 2025b. 725
Igniting creative writing in small language models: 726
Llm-as-a-judge versus multi-agent refined rewards. 727
In Proceedings of the 2025 Conference on Empiri- 728
cal Methods in Natural Language Processing, pages 729
17171–17197. 730

Yuhao Wu, Yushi Bai, Zhiqiang Hu, Roy Ka-Wei Lee, 731
and Juanzi Li. 2025a. Longwriter-zero: Mastering 732
ultra-long text generation via reinforcement learning. 733
arXiv preprint arXiv:2506.18841. 734

Yuning Wu, Jiahao Mei, Ming Yan, Chenliang Li, 735
Shaopeng Lai, Yuran Ren, Zijia Wang, Ji Zhang, 736
Mengyue Wu, Qin Jin, and 1 others. 2025b. Writing- 737
bench: A comprehensive benchmark for generative 738
writing. arXiv preprint arXiv:2503.05244. 739

Zikai Xiao, Fei Huang, Jianhong Tu, Jianhui Wei, Wen 740
Ma, Yuxuan Zhou, Jian Wu, Bowen Yu, Zuozhu Liu, 741
and Junyang Lin. 2025. Longweave: A long-form 742
generation benchmark bridging real-world relevance 743
and verifiability. arXiv preprint arXiv:2510.24345. 744

Zhuohan Xie, Trevor Cohn, and Jey Han Lau. 2023. 745
The next chapter: A study of large language models 746
in storytelling. arXiv preprint arXiv:2301.09790. 747

Ruihan Yang, Caiqi Zhang, Zhisong Zhang, Xinting 748
Huang, Dong Yu, Nigel Collier, and Deqing Yang. 749
2025. Uncle: Benchmarking uncertainty expressions 750
in long-form generation. In Proceedings of the 2025 751
Conference on Empirical Methods in Natural Lan- 752
guage Processing, pages 30328–30344. 753

Lili Yao, Nanyun Peng, Ralph Weischedel, Kevin 754
Knight, Dongyan Zhao, and Rui Yan. 2019. Plan- 755
and-write: Towards better automatic storytelling. In 756
Proceedings of the AAAI Conference on Artificial 757
Intelligence, volume 33, pages 7378–7385. 758

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, 759
Xiaochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan, 760
Gaohong Liu, Lingjun Liu, and 1 others. 2025. Dapo: 761
An open-source llm reinforcement learning system 762
at scale. arXiv preprint arXiv:2503.14476. 763

Lunjun Zhang, Arian Hosseini, Hritik Bansal, Mehran 764
Kazemi, Aviral Kumar, and Rishabh Agarwal. 2024. 765
Generative verifiers: Reward modeling as next-token 766
prediction. arXiv preprint arXiv:2408.15240. 767

Yunpu Zhao, Rui Zhang, Wenyi Li, and Ling Li. 768
2025. Assessing and understanding creativity in large 769
language models. Machine Intelligence Research, 770
22(3):417–436. 771

10



A Appendix772

A.1 Training Configuration773

Our experiments are conducted on a computational774

cluster equipped with 8 × NVIDIA H800 (80GB)775

GPUs. The training pipeline consists of two se-776

quential stages: supervised fine-tuning for the re-777

ward model and reinforcement learning for policy778

optimization.779

GenRM Supervised Fine-Tuning We initialize780

the reward model using the Qwen3-8B backbone.781

To transform the generative model into a robust782

judge, we perform full-parameter fine-tuning on783

the constructed GenRM dataset. Given the mem-784

ory demands of full-parameter updates, we lever-785

age DeepSpeed ZeRO-3 offloading strategies. The786

model is trained for 2 epochs with a conservative787

learning rate of 1 × 10−5 and a global batch size788

of 256. We utilize a cosine learning rate scheduler789

with a 10% warmup ratio. The maximum context790

length is set to 5,200 tokens to accommodate the791

query, response, and the generated evaluation ratio-792

nale.793

ACPO Reinforcement Learning To address the794

computational bottleneck of processing extremely795

long contexts (up to 12.6k tokens per sample), we796

integrate vLLM for efficient rollout generation and797

employ Tensor Parallelism (TP=2) to distribute the798

model across GPUs during inference. The training799

utilizes a global batch size of 1024, spanning 10800

epochs with a conservative learning rate of 1×10−6.801

We enforce strict length constraints with a maxi-802

mum prompt length of 8,600 tokens and a response803

limit of 4,000 tokens to accommodate extensive804

planning chains. For each query, we sample G = 6805

distinct responses to compute the group-based ad-806

vantage. To ensure training stability under mem-807

ory constraints, we enable gradient checkpointing808

and offload optimizer states to the CPU via FSDP.809

Furthermore, we apply a low-variance KL penalty810

(βKL = 0.001) and disable entropy regularization811

to prevent policy collapse while maintaining align-812

ment with the reference model.813

A.2 Detailed Evaluation Benchmarks814

We provide detailed descriptions of all evaluation815

benchmarks used in this work.816

Reward Model Evaluation To validate AC-817

GenRM, we measure its agreement with propri-818

etary LLM judges (e.g., GPT-4o) on two comple-819

mentary preference-based creative writing bench- 820

marks. LitBench (Fein et al., 2025) provides 821

expert-annotated pairwise preferences for long- 822

form English literary narratives, emphasizing nar- 823

rative coherence, structure, and literary quality. 824

Blessing (Wei et al., 2025b) is a Chinese short-form 825

greeting benchmark with preference annotations 826

targeting emotional resonance and inspirational ex- 827

pressiveness. These benchmarks are designed to 828

evaluate the discriminative capability of reward 829

models in distinguishing fine-grained creative pref- 830

erences. 831

Comprehensive and Long-Form Writing (Writ- 832

ingBench) For evaluating long-form narratives 833

and general creative writing quality, we use Writ- 834

ingBench (Wu et al., 2025b). WritingBench con- 835

tains 1,000 diverse long-form writing instructions 836

spanning 6 major domains and over 100 sub- 837

domains. It adopts an instance-level evaluation 838

protocol, where a Critic model dynamically syn- 839

thesizes query-specific evaluation criteria. Final 840

judgments are provided by a fine-tuned critic LLM, 841

enabling fine-grained assessment of structural in- 842

tegrity and long-range coherence beyond static met- 843

rics. 844

Short-Text Creativity Benchmark To evaluate 845

the Direct Generation mode, we adopt the open- 846

source Blessing dataset (Wei et al., 2025b), which 847

targets short-form creative writing for Chinese 848

greetings. This benchmark emphasizes inspira- 849

tional creativity in short texts, focusing on emo- 850

tional resonance, expressive novelty, and diversity. 851

It is used to assess whether reinforcement learn- 852

ing preserves high-entropy expressiveness without 853

inducing mode collapse in short-form generation. 854

Mode Discrimination Benchmark (Meta- 855

Cognition) To analyze the model’s meta- 856

cognitive ability to autonomously select the 857

optimal generation mode, we constructed a 858

diagnostic benchmark consisting of 400 instruc- 859

tions. The dataset is bifurcated into two balanced 860

tiers based on the clarity of the task’s structural 861

requirements: an Easy subset (200 samples) 862

where the generation regime—long-form narrative 863

versus short-form response—is highly intuitive 864

and unambiguous (e.g., standard factual queries 865

or straightforward storytelling), and a Hard 866

subset (200 samples) characterized by latent 867

complexity or high levels of ambiguity. The Hard 868

subset requires the model to perform higher-order 869
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(a) Metric 1 (b) Metric 2 (c) Metric 3

(d) Metric 4 (e) Metric 5 (f) Metric 6

Figure 3: Training dynamics of the ACPO algorithm. We visualize key metrics over training steps: (a) Actor
Entropy (indicating exploration), (b) KL Divergence from the reference model, (c) Clip Fraction, (d) Policy Gradient
Loss, (e) Mean Reward trajectories, and (f) Average Response Length. The curves demonstrate stable convergence
and consistent reward maximization.

reasoning to discern whether a prompt necessitates870

hierarchical planning or favors direct expressive871

generation, even in the absence of explicit cues.872

This benchmark evaluates the model’s proficiency873

in aligning its computational strategy with the874

underlying structural depth of human intent.875

A.3 In-depth Analysis of Training Dynamics876

To provide empirical transparency into the877

reference-free reinforcement learning stage, we an-878

alyze the training trajectories of the Qwen3 series879

(1.7B, 4B, and 8B) under the ACPO framework.880

Figure 3 visualizes the evolution of policy stochas-881

ticity, stability constraints, reward optimization,882

and generative behavior over 80 training steps.883

Policy Maturity and Stochasticity As illus-884

trated in Figure 3(a), the Actor Entropy exhibits885

a monotonic decline across all model scales. This886

trend signifies the transition from broad stochastic887

exploration to a converged policy that consistently888

selects tokens aligned with the synthesized creative889

criteria Cx. Notably, the Qwen3-4B and 8B mod-890

els converge to a lower entropy floor compared to891

the 1.7B variant. This suggests that larger models892

develop a more specialized and “decisive” internal893

mapping for complex creative constraints, whereas894

the smaller model retains higher entropy, poten-895

tially due to a limited capacity to resolve the inher-896

ent tension between structural logic and linguistic 897

vibrancy. 898

Regularization and Stability Constraints The 899

stability of the alignment process is monitored 900

through KL Divergence and Clip Fraction. 901

• KL Drift: Figure 3(b) shows that the KL di- 902

vergence from the reference model πref in- 903

creases steadily. The 8B and 4B models reach 904

a higher KL plateau (≈ 0.013) than the 1.7B 905

model. This suggests that larger models uti- 906

lize a broader search space to “unlearn” the 907

rigid constraints of the base model and adopt 908

the more expressive “sparkle” prioritized by 909

AC-GenRM. 910

• Policy Clipping: The Clip Fraction in Fig- 911

ure 3(c) remains consistently within a healthy 912

range (0.002–0.012). The absence of sudden 913

spikes or saturation confirms that the group- 914

based relative feedback in ACPO provides a 915

stable gradient signal, preventing the policy 916

from making excessively large updates that 917

could lead to catastrophic forgetting or lin- 918

guistic collapse. 919

A.4 Mode Discrimination Benchmark: Task 920

Examples 921

The Mode Discrimination Benchmark evaluates the 922

model’s ability to navigate the boundary between 923
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Query “Blessings for a friend’s daughter’s wedding.”

Criterion 1 Emotional Resonance: Evaluates the depth and appropriateness of the
emotional impact; captures the joy and significance of the occasion.

Criterion 2 Creativity and Uniqueness: Assesses originality and creative flair; avoids
clichés and leaves a lasting impression.

Criterion 3 Linguistic Conciseness: Measures clarity and brevity; ensures the message
is succinct yet impactful.

Criterion 4 Cultural Appropriateness: Evaluates alignment with cultural norms and
wedding-specific contexts.

Criterion 5 Aesthetic Appeal: Assesses the beauty and elegance of the language; re-
wards poetic and refined phrasing.

Table 5: An example of synthesized evaluation criteria for a short-form creative query. AC-GenRM dynamically
prioritizes emotional and aesthetic dimensions over structural or logical ones for this genre.

macroscopic structural planning and microscopic924

linguistic vibrancy. Table 4 presents a curated se-925

lection of tasks from both the Easy (explicitly cued)926

and Hard (implicitly complex) subsets, along with927

the ground-truth labels and the underlying reason-928

ing for the required generation mode.929

Reward Optimization and Scaling Laws The930

Mean Reward trajectories in Figure 3(e) provide931

the strongest evidence for the effectiveness of the932

ACPO algorithm. All models demonstrate a ro-933

bust upward trend, indicating successful optimiza-934

tion of the composite reward Rtotal. However, a935

clear scaling gap is visible: while the 4B and 8B936

models successfully cross into positive reward ter-937

ritory (≈ 0.3), the 1.7B model plateaus at a signifi-938

cantly lower level. This reinforces our finding that939

“meta-cognitive” differentiation—the ability to au-940

tonomously switch between planning and direct941

generation—is an emergent property that becomes942

more effective as model parameters increase.943

Generative Behavior and Gradient Integrity944

The behavioral adaptation of the models is further945

reflected in their output characteristics and gradient946

updates:947

• Length Adaptation: Figure 3(f) reveals diver-948

gent length strategies. The Qwen3-4B model949

adopts a “conciseness” strategy, significantly950

reducing its average response length to avoid951

verbosity penalties (Rshort). In contrast, the952

Qwen3-8B model maintains a higher average953

length (≈ 1, 850 tokens), striking a balance954

between long-form narrative density and the955

structural adherence required by the “Plan-956

then-Write” mode.957

• Gradient Stability: Finally, the Policy Gra-958

dient Loss in Figure 3(d) fluctuates symmetri-959

cally around the zero baseline. The stable vari- 960

ance of the PG loss across all steps confirms 961

that the importance sampling ratio ρi remains 962

well-behaved, ensuring that the reinforcement 963

learning process remains convergent even in 964

the high-entropy domain of creative writing. 965

A.5 Case Study: Dynamic Criteria 966

Generation and Explainability 967

A key innovation of the UniCreative framework 968

is the Dynamic Criteria Synthesis facilitated by 969

a dedicated critic model within the AC-GenRM 970

pipeline. Unlike traditional reward models that 971

function as black boxes providing a single opaque 972

scalar, AC-GenRM adopts an explainable two- 973

stage evaluation process: the critic model first in- 974

terprets the semantic intent of the user query x 975

and generates a tailored set of criteria Cx. Subse- 976

quently, AC-GenRM performs scoring based on 977

these explicit dimensions, ensuring that the reward 978

signal is both precisely aligned with the task and 979

transparent in its reasoning. 980

Table 5 illustrates a representative output of 981

the Critic mode for a short-form creative prompt: 982

“Blessings for a friend’s daughter’s wedding.”. 983

Analysis of the Example: In this case, the critic 984

model successfully identifies that for a wedding 985

blessing, Emotional Resonance and Aesthetic Ap- 986

peal are the most critical drivers of quality. This 987

contrasts sharply with how the model handles long- 988

form fiction, where the critic would prioritize Plot 989

Structural Integrity or Logical Rigor (as described 990

in Sec. 3.1). 991

By decomposing the evaluation into these query- 992

specific dimensions synthesized by the critic model, 993

AC-GenRM provides a high-resolution and ex- 994

plainable preference signal. Instead of an uninter- 995

pretable score, the model offers a clear breakdown 996
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Query (User Input) Label Reasoning for Mode Selection

Subset: Easy (Highly intuitive and unambiguous requirements)

How do you say ’Thank you very much’ in Ko-
rean?

SHORT-FORM Common phrase translation.

Explain how the human eye processes light and
allows us to see images and colors.

LONG-FORM Biological explanation; requires logical, scientific
steps.

Subset: Hard (Characterized by latent complexity or high levels of ambiguity)

Write a ’Recipe’ for disaster. SHORT-FORM Metaphorical creative writing; follows a recipe
format but for an abstract concept.

Analyze the ’Evolution of the Hero’s Journey’
from Gilgamesh to Harry Potter.

LONG-FORM Comparative literature; requires a structured ’Mon-
omyth’ stage breakdown.

Trace the ’History of Salt’ as the primary driver of
human civilization.

LONG-FORM Historical narrative; requires a chronological and
thematic structure.

Table 6: Detailed examples from the Mode Discrimination Benchmark. The framework tests whether the model
can distinguish between tasks requiring a LONG-FORM (Plan-then-Write) pathway versus a SHORT-FORM (Direct
Generation) pathway.

of performance across human-understandable met-997

rics. For instance, the Linguistic Conciseness crite-998

rion ensures the model rewards "sparkle" through999

impactful brevity rather than verbose fluff. This1000

structured reasoning and instance-level adaptation1001

are fundamental to achieving the state-of-the-art1002

agreement rates reported in Table 1.1003

A.6 Extended Analysis of the Mode1004

Discrimination Benchmark1005

In this section, we provide a deeper qualitative dive1006

into the Mode Discrimination Benchmark. As es-1007

tablished in the main text, this benchmark serves1008

as a diagnostic tool to evaluate the model’s meta-1009

cognitive proficiency in aligning its computational1010

pathway with the underlying structural depth of1011

human intent. We categorize the analysis into qual-1012

itative interpretations of successful mode selection1013

and an exploration of typical failure modes.1014

A.6.1 Qualitative Case Studies and1015

Interpretations1016

To illustrate the nuances of the benchmark, we an-1017

alyze several representative queries that test the1018

boundary between SHORT-FORM (Direct Genera-1019

tion) and LONG-FORM (Plan-then-Write) regimes.1020

The distinction hinges on whether the task requires1021

macroscopic structural integrity or microscopic lin-1022

guistic vibrancy.1023

Easy Subset: Explicit Structural Cues. Tasks1024

in the Easy subset often contain unambiguous mark-1025

ers that dictate the generation strategy. For in-1026

stance, a query such as “Explain how the human1027

eye processes light” (see Table 6) is inherently a 1028

multi-stage biological explanation. Even without 1029

an explicit word count, the requirement for logical, 1030

scientific sequencing necessitates a macroscopic 1031

plan. Conversely, simple factual queries or com- 1032

mon translations like “How do you say ’Thank 1033

you’ in Korean?” are atomic tasks; any structural 1034

overhead would be redundant, favoring the Direct 1035

Generation pathway to ensure immediacy. 1036

Hard Subset: Latent Complexity and Ambigu- 1037

ity. The Hard subset presents the true challenge 1038

to the model’s meta-cognitive gate. These queries 1039

often contain "misleading" keywords or require 1040

higher-order reasoning to discern the latent struc- 1041

ture: 1042

• Metaphorical vs. Functional Structure: 1043

The query “Write a ’Recipe’ for disaster” is a 1044

classic hard case. A naive model might be mis- 1045

led by the keyword “Recipe” into generating 1046

a rigid, step-by-step structural plan. However, 1047

a model with strong meta-cognitive reasoning 1048

identifies this as a creative, metaphorical task. 1049

The quality of a "recipe for disaster" lies in 1050

its wit and linguistic "sparkle" rather than its 1051

technical format. Thus, the model correctly 1052

identifies it as a SHORT-FORM task to preserve 1053

creative flow. 1054

• Thematic vs. Chronological Mapping: 1055

Queries such as “Analyze the Hero’s Journey 1056

from Gilgamesh to Harry Potter” or “Trace 1057

the History of Salt” involve vast temporal 1058
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and thematic spans. These tasks demand that1059

the model maintains a consistent monomythic1060

stage breakdown or a chronological narrative.1061

In these instances, the model recognizes that1062

without an explicit hierarchical plan, the out-1063

put would likely suffer from topic drift or1064

structural degradation, justifying the selection1065

of the LONG-FORM regime.1066

A.6.2 Failure Mode Analysis1067

To further justify the necessity of UNICREATIVE’s1068

adaptive switching, we analyze two primary failure1069

modes that occur when a monolithic generation1070

strategy is misapplied to the wrong task regime.1071

Error I: Over-Determination in Short-form.1072

As illustrated in Figure 5, when a model is forced1073

to employ a “Plan-then-Write” strategy for high-1074

entropy short-form tasks, it suffers from over-1075

determination. In the example query, “Translate1076

the essence of ’Zen Buddhism’ into a single, punchy1077

marketing slogan,” a naive model with rigid plan-1078

ning generates an exhaustive six-point reasoning1079

chain (<|plan|>). This excessive structural over-1080

head prematurely collapses the semantic explo-1081

ration space. Instead of a sharp, spontaneous slo-1082

gan, the model produces a verbose, lecture-like1083

explanation that stifles the “stochastic spark” and1084

emotional resonance required for punchy market-1085

ing copy. This confirms that for short-form tasks,1086

explicit planning is not only redundant but counter-1087

productive.1088

Error II: Structural Collapse in Long-form.1089

Conversely, Figure 6 demonstrates the structural1090

collapse that occurs when long-form narratives1091

are generated through direct execution without1092

a macroscopic plan. In the ghost story prompt,1093

“Write a short ghost story set in an abandoned Victo-1094

rian mansion,” the model’s autoregressive process1095

becomes “myopic.” Without a pre-defined plot1096

arc or temporal constraints (e.g., the logic of the1097

clock striking seven vs. eight), the narrative suf-1098

fers from internal inconsistency and a lack of clear1099

pacing. The story drifts aimlessly through descrip-1100

tions without building toward a coherent climax,1101

validating our hypothesis that structural integrity in1102

long-context creative writing is fundamentally de-1103

pendent on an initial hierarchical reasoning stage.1104

These failure modes underscore the value of1105

UNICREATIVE’s meta-cognitive ability to au-1106

tonomously discern the optimal computational1107

pathway based on query complexity.1108

15



Dynamic Criteria Generation Examples

Query:

Blessings for a friend’s daughter’s wedding

Output:

 ```json\n[\n  {\n    \"name\": \"Emotional Resonance\",\n    \"criteria_description\": \"Evaluates the depth and appropriateness of the emotional 
impact conveyed in the wedding blessing.\",\n    \"1-2\": \"Critical Failure: Emotionally tone-deaf or inappropriate for the occasion.\",\n    \"3-4\": 
\"Poor: Generic or superficial emotional expression; lacks warmth or sincerity.\",\n    \"5-6\": \"Average: Conveys basic emotions but lacks depth 
or personalization.\",\n    \"7-8\": \"Excellent: Emotionally engaging and heartfelt; resonates with the audience.\",\n    \"9-10\": \"Expert Level: 
Deeply moving and memorable; perfectly captures the joy and significance of the occasion.\"\n  },\n  {\n    \"name\": \"Creativity and 
Uniqueness\",\n    \"criteria_description\": \"Assesses the originality and creative flair of the blessing, avoiding clichés.\",\n    \"1-2\": \"Critical 
Failure: Overly clichéd or unoriginal; lacks any creative effort.\",\n    \"3-4\": \"Poor: Somewhat clichéd; minimal creative input.\",\n    \"5-6\": 
\"Average: Moderately creative but still relies on common phrases.\",\n    \"7-8\": \"Excellent: Fresh and imaginative; stands out from typical 
blessings.\",\n    \"9-10\": \"Expert Level: Exceptionally unique and innovative; leaves a lasting impression.\"\n  },\n  {\n    \"name\": \"Linguistic 
Conciseness\",\n    \"criteria_description\": \"Measures the clarity and brevity of the message, ensuring it is succinct yet impactful.\",\n    \"1-2\": 
\"Critical Failure: Overly verbose or confusing; message is lost.\",\n    \"3-4\": \"Poor: Somewhat wordy; could be more concise.\",\n    \"5-6\": 
\"Average: Balanced length but could be more polished.\",\n    \"7-8\": \"Excellent: Clear and concise; effectively delivers the message.\",\n    
\"9-10\": \"Expert Level: Perfectly succinct and impactful; every word serves a purpose.\"\n  },\n  {\n    \"name\": \"Cultural and Contextual 
Appropriateness\",\n    \"criteria_description\": \"Evaluates how well the blessing aligns with cultural norms and the specific context of a 
wedding.\",\n    \"1-2\": \"Critical Failure: Culturally insensitive or inappropriate for a wedding.\",\n    \"3-4\": \"Poor: Somewhat off-mark; lacks 
cultural or contextual relevance.\",\n    \"5-6\": \"Average: Generally appropriate but not particularly tailored.\",\n    \"7-8\": \"Excellent: Well-
aligned with cultural and contextual expectations.\",\n    \"9-10\": \"Expert Level: Perfectly tailored to the cultural and situational context.\"\n  },\n  
{\n    \"name\": \"Aesthetic Appeal\",\n    \"criteria_description\": \"Assesses the beauty and elegance of the language used in the blessing.\",\n    
\"1-2\": \"Critical Failure: Harsh or awkward phrasing; lacks aesthetic quality.\",\n    \"3-4\": \"Poor: Somewhat plain or uninspiring.\",\n    \"5-6\": 
\"Average: Pleasant but not particularly elegant.\",\n    \"7-8\": \"Excellent: Beautifully phrased; aesthetically pleasing.\",\n    \"9-10\": \"Expert 
Level: Exquisitely crafted; language is poetic and refined.\"\n  }\n]\n```

﻿

﻿

Figure 4: Dynamic Criteria Generation Examples.
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Error I: Over-Determination in Short Texts

Query:

Translate the essence of 'Zen Buddhism' into a single, punchy marketing slogan.

Output:

<|plan|>  \n1. **Core Essence**: Identify Zen's key principles—simplicity, mindfulness, present-moment awareness, and inner peace.  \n2. 
**Metaphorical Bridge**: Link Zen to modern marketing by framing it as a \"tool\" for clarity and purpose.  \n3. **Punchy Language**: Use 
concise, rhythmic phrases with vivid imagery (e.g., \"now,\" \"simplify,\" \"peace\").  \n4. **Counter-Argument**: Address the tension between 
tradition and modernity (e.g., \"In a world of noise, Zen is the quiet revolution\").  \n5. **Emotional Resonance**: Evokes a sense of urgency 
and transformation (e.g., \"Unplug. Reflect. Recharge\").  \n6. **Call to Action**: Encourage the audience to adopt Zen's mindset in their daily 
lives.  \n\n<|end_plan|>  \n\n**\"Simplify Your Mind, Elevate Your Now: Zen as the Quiet Revolution of Modern Living.\"**  \n\nIn a world where 
distractions saturate every second, Zen Buddhism teaches that the present moment is the only truth. It is not a spiritual path but a *practical 
strategy* for reducing cognitive overload and embracing clarity. Imagine a consumer who, instead of chasing fleeting trends, learns to *focus 
on the now*—the texture of a coffee cup, the rhythm of a heartbeat, the simplicity of a single breath. This is Zen: not a doctrine, but a mindset 
that reclaims agency from the noise of the modern age.  \n\nThe slogan \"Simplify Your Mind\" captures the Zen ethos of *non-attachment*—
letting go of unnecessary complexity to access deeper insight. A study in *The Journal of Mind and Behavior* (2023) found that participants 
who practiced mindfulness for 12 weeks exhibited a 37% reduction in stress hormones, proving that Zen’s emphasis on presence directly 
correlates with physiological calm. Yet Zen is not about suppression; it is about *intentional presence*. A Zen master once said, *\"The key to 
happiness is not in the things you have, but in the things you are.\"* This aligns with marketing’s core truth: *Value is not in the product, but in 
the experience*.  \n\nThe phrase \"Elevate Your Now\" invites consumers to reframe their relationship with time. In a society obsessed with 
\"always\" and \"never,\" Zen challenges us to *pause*—to notice the subtle shifts in our environment, our emotions, and our purpose. A 2022 
survey by *Mindful Marketing* revealed that 68% of consumers who practiced mindfulness reported a 40% increase in decision-making clarity. 
This is the power of Zen: it transforms *how* we perceive the world, not just *what* we do with it.  \n\nThe slogan also addresses the tension 
between tradition and modernity. Zen was born in the 12th century, yet its principles resonate with today’s digital age. A CEO of a tech startup 
once shared, *\"We built our product to be fast, but Zen taught us to slow down. The users didn’t just need speed—they needed purpose.\"* 
This duality—tradition and innovation—defines Zen’s relevance.  \n\nFinally, \"Zen as the Quiet Revolution\" underscores its transformative 
potential. It is not a radical change but a *gradual reorientation*. A user of a mindfulness app described how Zen helped them \"unplug from the 
noise of social media and reconnect with the quiet of their own thoughts.\" This is the power of Zen: it doesn’t demand sacrifice, but 
*empowers* it.  \n\nIn a world where brands compete for attention, Zen offers a rare clarity—*a compass for the mind* in an age of chaos. The 
slogan invites consumers to ask: *What if the best marketing isn’t about selling, but about living?

﻿

﻿

Figure 5: Over-Determination in Short Texts.

Error II: Structural Collapse in Long-form

Query:

Write a short ghost story set in an abandoned Victorian mansion.

Output:

 The rain had been a constant companion since dawn, drumming against the leaded glass of the East Wing as Eliza Hargrove traced the 
carved initials on the doorframe. She’d come to Blackthorn Manor not for the legend—*the woman who drowned in the moat, the child who 
never grew up*—but for the letter in her grandmother’s hand: *“The clock stops at midnight. Don’t let it.”*  \n\nThe house breathed. Not in the 
way a building should, but in the way a living thing does—sighs from the attic, the creak of floorboards that didn’t belong to the 1870s, the 
scent of lavender and mildew that clung to her clothes like a second skin. She’d mapped the corridors, marked the spots where the air grew 
colder, the shadows longer. But at midnight, the clock in the parlor struck six.  \n\nEliza’s breath caught. The chimes were wrong—*not six, but 
seven*, the final note lingering like a sigh. The door to the east wing creaked open on its own. She stepped inside, her boots echoing in the 
silence, and saw her.  \n\nA woman in a 1870s gown, her hair the same auburn as Eliza’s, standing by the moat. The water was still, but the 
woman’s hands were clenched into fists, her face pale with something that wasn’t fear. Eliza’s throat tightened.  \n\n“Your name is Margaret,” 
she said, voice barely a whisper.  \n\nThe woman turned. Her eyes were the same color as Eliza’s, but hollow. “You found me,” she said, and 
the words were not in English.  \n\nEliza’s grandmother’s letter burned in her pocket. The clock in the parlor began to tick again, but this time, it 
was *eight*. The water in the moat rippled. The woman’s fingers moved, and the gate creaked open.  \n\nEliza ran. The house seemed to 
shrink, the walls closing in, the air thick with the smell of rain and something older—*a perfume of roses and iron*. She burst into the garden, 
and the moon was gone. The stars were not there.  \n\nIn the morning, the house was silent. The clock had stopped at seven. And on the 
moat, a single rose bloomed, its petals the same auburn as the woman’s hair.

﻿

﻿

Figure 6: Structural Collapse in Long-form.
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Critic Model

You are a versatile Senior Editor and Content Assessment Expert, proficient in evaluating a wide range of genres from creative literature to 
academic writing. Your task is to analyze the user's writing query and design a set of 5 tailored scoring criteria that best measure the quality of 
the response.

First, analyze the **Genre** (Fictional Narrative vs. Non-Fictional Exposition) and **Length Requirement** of the query, then select the most 
appropriate evaluation dimensions based on the following logic:

**1. For Long-Form Fiction (e.g., Novels, Stories, Scripts):**

*   **Focus:** Plot structural integrity (arc), character consistency and growth, resolution of foreshadowing, immersive atmosphere, and 
narrative pacing.

**2. For Long-Form Non-Fiction (e.g., Academic Papers, Reports, Technical Docs):**

*   **Focus:** Logical rigor, depth and novelty of arguments, accuracy of evidence/data, objectivity/academic tone, and structural hierarchy 
(thesis-argument-conclusion).

**3. For Short-Form Creative (e.g., Poetry, Slogans, Social Copy):**

*   **Focus:** Linguistic conciseness, creative uniqueness, emotional/visual impact, and aesthetic appeal.

**Output Requirement:**

Generate 5 distinct evaluation criteria. Output ONLY the result in the following JSON format. Do not include any additional text or 
conversational filler.

**Query**

{query}

**Output Format (JSON)**

```json

[

  {{

    "name": "Criterion Name (e.g., Logical Rigor / Character Development)",

    "criteria_description": "Detailed description of what this criterion evaluates in the context of this specific query.",

    "1-2": "Critical Failure: Completely violates genre norms; contains fatal logical errors or hallucinations.",

    "3-4": "Poor: Loose structure; arguments lack support (Non-Fiction) or plot is bland/cliché (Fiction).",

    "5-6": "Average: Meets basic requirements but lacks depth; superficial execution.",

    "7-8": "Excellent: Clear structure; compelling arguments (Non-Fiction) or engaging narrative (Fiction).",

    "9-10": "Expert Level: Demonstrates professional standard. Publication-ready quality for papers; bestselling quality for stories."

  }},

  ...

]

```

﻿

﻿

Figure 7: Prompt for the Criteria Generator.
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AC-GenRM

You are an expert evaluator. Your mission is to determine which of two responses is better for a given query, based on a detailed set of criteria.

**Your Internal Thought Process (You must perform this, but do not output it):**

1.  Carefully read the Query, Response A, Response B, and all Evaluation Criteria.

2.  For each criterion, mentally compare A and B, referencing the scoring rubrics to decide which is superior.

3.  After analyzing all criteria, synthesize your findings to determine the overall winner. Your decision must be definitive.

**Your Final Output:**

After completing your internal analysis, you must output ONLY the final winner in the specified JSON format. Do not include any other keys, 
text, explanations, or justifications.

**Query:**

{query}

**Response A:**

{response_a}

**Response B:**

{response_b}

**Evaluation Criteria:**

{criteria}

**Output Requirements:**

Return ONLY the following JSON object, containing nothing but the winner's label.

```json

{{

  "winner": "A/B"

}}

```

﻿

﻿

Figure 8: Prompt for the AC-GenRM.
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Generate Prompt

You are an expert multilingual creative writer. Please strictly adhere to the following writing strategies based on the **Genre** and **Length** of 
the user's request:

### 1. Language Consistency Principle

- If the user asks in **Chinese**, you **MUST** respond in **Chinese**.

- If the user asks in **English**, you **MUST** respond in **English**.

### 2. Long-Form Mode: Plan-then-Write

- **Applicable Scenarios**: Novels, stories, scripts, academic reports, long essays, in-depth reviews, or requests with **high word counts**.

- **Mandatory Requirements**:

  1. **Structure**: First, generate a structured outline enclosed within `<|plan|>` and `<|end_plan|>` tags. Then, generate the main content.

  2. **Plan Adherence**: The main content **MUST strictly follow** the plot points, arguments, and logic defined in your `<|plan|>`. Do not 
deviate from the plan or omit key events.

  3. **Length Constraint**: If the user specifies a word/character count (e.g., "at least 800 words"), the final output MUST meet this 
requirement.

- **Format Example**:

  <|plan|>

  1. Introduction...

  2. Development...

  <|end_plan|>

  (Main content starts here, strictly following the plan...)

### 3. Short-Form Mode: Direct Generation

- **Applicable Scenarios**: Greetings, mottos, social media captions, slogans, short poems, or requests for **brief text**.

- **Mandatory Requirements**:

  1. **No Plan**: It is **STRICTLY FORBIDDEN** to generate any `<|plan|>` tags.

  2. **One Sentence**: The output must be strictly limited to **ONE single sentence** unless the user explicitly asks for a couplet or specific 
short format.

  3. **Length Constraint**: If the user specifies a length limit (e.g., "under 10 words", "within 20 characters"), strictly obey it while maintaining 
the one-sentence rule.

  4. **Impact**: Focus on wit, conciseness, and emotional impact.

---

### Few-Shot Examples

**User:** 写一句关于“坚持”的励志短句，适合做座右铭，不超过15个字。

**Assistant:** 星光不问赶路人，时光不负有心人。

**User:** Write a concise slogan for a coffee brand (under 10 words).

**Assistant:** Wake up to life, one sip at a time.

**User:** Write a sci-fi story outline and content about "A time traveler regretting changing history".

**Assistant:** <|plan|>

1. Protagonist uses a device to go back 10 years to stop a car accident.

2. The accident is prevented, but the butterfly effect causes his best friend never to be born.

3. Protagonist faces a dilemma and finally destroys the device, accepting the regret.

<|end_plan|>

When the humming of the machine stopped, Li Ming's hands were still trembling. He rushed out of the lab and saw the familiar street from ten 
years ago...

---

**Query**

{query}

﻿

﻿

Figure 9: Prompt for the Generate.

20


	Introduction
	Related Work
	Creative Writing Evaluation and Benchmarks
	Structural Planning in Story Generation
	Preference Optimization and Generative Rewards

	Methodology
	Adaptive Criteria GenRM (AC-GenRM)
	Adaptive Constraint Preference Optimization (ACPO)
	Reward Composition
	Optimization Objective


	Experiments
	Task Design and Data Construction
	Training Configuration
	Evaluation Benchmarks

	Results and Analysis
	Justification for Pairwise Generative Reward Modeling
	Performance on Long-Form and Short-Form Writing
	Can the Model Adaptively Differentiate Task Regimes?

	Conclusion
	Appendix
	Training Configuration
	Detailed Evaluation Benchmarks
	In-depth Analysis of Training Dynamics
	Mode Discrimination Benchmark: Task Examples
	Case Study: Dynamic Criteria Generation and Explainability
	Extended Analysis of the Mode Discrimination Benchmark
	Qualitative Case Studies and Interpretations
	Failure Mode Analysis



