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Abstract

Although the effectiveness of Large Language
Models as judges has been validated, their
performance remains limited in open-ended
tasks, particularly in story evaluation. Accurate
story evaluation is crucial not only for assisting
human quality judgment but also for provid-
ing reward signals to guide story generation.
However, existing methods face a dilemma:
prompt engineering for closed-source mod-
els suffers from poor adaptability, while fine-
tuning approaches for open-source models lack
the reasoning capabilities essential for story
evaluation. To address this, we propose the
Self-Evolving Pairwise Reasoning (EvolvR)
framework. Grounded in pairwise compari-
son, the framework first self-synthesizes score-
aligned Chain-of-Thought (CoT) data via a
multi-persona strategy. To ensure data qual-
ity, these raw CoTs undergo a self-filtering pro-
cess, utilizing multi-agents to guarantee their
logical rigor and robustness. Finally, the evalu-
ator trained on the refined data is deployed as
a reward model to guide the story generation
task. Experimental results demonstrate that
our framework achieves state-of-the-art perfor-
mance on three evaluation benchmarks includ-
ing StoryER, HANNA and OpenMEVA. Fur-
thermore, when served as a reward model, it en-
hances the quality of generated stories, thereby
validating the superiority of our self-evolving
approach.

1 Introduction

Large Language Models (LLMs) as automated eval-
uators, or LLMs-as-a-judge (Zheng et al., 2023;
Chang et al., 2024), have shown immense potential
across numerous tasks(Li et al., 2024b; Gao et al.,
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Figure 1: A reviewer hesitates over scoring a single
story. When assessing two stories, scores are precise,
yet the feedback, though acceptable, leaves the writer
unsure how to revise. The writer then turns to readers.
Some reach the same conclusions but offer different
suggestions, which prove helpful, and the writer crafts
better stories.

2025). However, their capabilities remain limited
in open-ended creative domains like story evalu-
ation (Li et al., 2025), which demand a deep un-
derstanding of plot, character, and creativity (Yang
and Jin, 2024). An accurate story evaluator is not
only crucial for assisting human quality judgments
but, more importantly, can serve as a vital reward
signal (Ouyang et al., 2022; Stiennon et al., 2020)
for automated story generation systems, guiding
them to produce higher-quality narratives (Gómez-
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Rodríguez and Williams, 2023).
Current approaches to building story evaluators

face a significant bottleneck. Although prompt en-
gineering for proprietary models (Liu et al., 2023a;
Chiang and Lee, 2023; Liu et al., 2023b) offers
flexibility, its results can be unstable and generalize
poorly (Zhao et al., 2021). The alternative main-
stream path, fine-tuning open source models, con-
fronts a challenge: existing fine-tuning paradigms
are mostly designed for general-purpose Natural
Language Generation (NLG) tasks (Li et al., 2023;
Hu et al., 2024a). Even when they incorporate story
evaluation data (Hu et al., 2024b; Li et al., 2023; Xu
et al., 2023; Jiang et al., 2023), they are ill-equipped
for the fine-grained demands of story assessment.
Moreover, even specialized story evaluators like
Coke (Joshi et al., 2025), which are trained solely
with final scores as supervision signals to directly
output ratings, lack the capability for step-by-step
reasoning, thereby limiting their effectiveness as
high-fidelity judges.

The reason before predict paradigm, or Chain
of Thought (CoT) (Wei et al., 2022) which can
improve prediction explainability by generating
reasoning steps, and it boosts predictive accuracy
(Wei et al., 2022; Wang et al., 2023b). Meanwhile,
various methods have been proposed to improve
a model’s reasoning capabilities by enhancing the
quality of CoT. These include techniques to bol-
ster result stability during inference by having the
model sample multiple different reasoning paths
for the same problem (Wang et al., 2022); meth-
ods to distill the complex reasoning abilities of
large models like GPT-4 onto smaller ones (Hsieh
et al., 2023; Mukherjee et al., 2023); and paradigms
where models continuously strengthen their reason-
ing skills through self-learning (Zhou et al., 2024;
Zelikman et al., 2024). Nevertheless, the domain
of story evaluation currently lacks a methodology
specifically dedicated to this CoT approach.

To overcome this gap, we propose the Self-
Evolving Pairwise Reasoning (EvolvR) framework,
designed to instill rigorous evaluation and reason-
ing capabilities into open-source models through
self-driven data evolution. We build our frame-
work on pairwise comparison. As shown in the sce-
nario in Figure 1, pairwise comparison and multi-
perspective reasoning are conducive to story eval-
uation and creation. We devise a multi-role self-
synthesis strategy for the model to autonomously
generate a large corpus of pairwise comparison
data, where each sample is augmented with a

detailed, score-aligned CoT rationale. Subse-
quently, to ensure the logical rigor of these syn-
thetic thoughts, we introduce a multi-agent self-
filtering and evolution mechanism that purifies and
enhances the data quality. Our main contributions
are as follows:

• We propose a self-evolving framework
grounded in pairwise comparison (EvolvR)
which is featuring a multi-persona strategy for
CoT self-synthesis and a multi-agent mecha-
nism for self-filtering and evolution. This pro-
vides a solution to the scarcity of high-quality
data for evaluation tasks.

• We achieve SOTA performance on three au-
thoritative story evaluation benchmarks in-
cluding StoryER (Chen et al., 2023), HANNA
(Chhun et al., 2024), and OpenMEVA (Guan
et al., 2021), demonstrating the superior accu-
racy of our evaluation model.

• We validate that our EvolvR-trained evalua-
tor serves as an effective reward model, sig-
nificantly improving the quality of generated
stories when guiding a generation task. This
confirms the practical utility and superiority
of our approach.

2 Related Work

2.1 Story Evaluation with LLMs

Large Language Models (LLMs) have driven a
paradigm shift in NLG evaluation. As evaluators,
LLMs show higher consistency with human judg-
ment than traditional metrics like BLEU (Papineni
et al., 2002) and ROUGE (Lin, 2004) and provide
interpretable rationales, enhancing evaluation relia-
bility (Wang et al., 2023a; Gao et al., 2025). LLM-
based story evaluation has advanced along several
avenues. The first is prompt-based evaluation, us-
ing powerful LLMs (e.g., GPT-4) as zero-shot or
few-shot evaluators (Lee et al., 2024). Quality is
enhanced through strategies like task decomposi-
tion into dimensions like plot and character (Gong
and Mao, 2023), or multi-agent debate frameworks
such as ChatEval (Chan et al., 2023) and SCALEE-
VAL (Chern et al., 2024). MATEval notably in-
corporates CoT and self-reflection to boost perfor-
mance (Li et al., 2024a). The second direction is
training-based expert models to address the cost
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Figure 2: The EvolvR Framework. We self-synthesize a diverse set of CoT rationales via a multi-persona strategy,
which are refined through a multi-agent evolution pipeline to ensure high quality, and the trained evaluator is
deployed as a reward model to guide and enhance story generation.

and reproducibility issues of API methods. This in-
cludes general-purpose evaluators like Prometheus
(Kim et al., 2023), Themis (Hu et al., 2024b), and
TigerScore (Jiang et al., 2023), as well as special-
ized models for dimensions like coherence or inter-
estingness including COHESENTIA (Maimon and
Tsarfaty, 2023) and PERSE (Wang et al., 2024).
A third approach utilizes LLM-based probabilities,
where methods like GPTScore (Fu et al., 2023)
use conditional generation probability as a quality
proxy, and DELTASCORE (Xie et al., 2023) mea-
sures probability changes after text perturbation.
Despite these advances, LLM-based methods face
persistent challenges. Beyond documented issues
like positional (Wang et al., 2023c) and knowledge
bias (Liu et al., 2023a), a more fundamental prob-
lem is their limited reasoning capability (Yang and
Jin, 2024), which can cause a logical disconnect or
contradiction between the evaluation rationale and
the final score, limiting their fidelity.

2.2 Story Generation with LLMs

LLMs have achieved significant breakthroughs in
creating long-form, coherent, and creative narra-
tives (Yang and Jin, 2024). Research in LLM-
based story generation focuses on two core chal-
lenges: controllability and long-form coherence.
For controllability, LLMs can effectively adhere to
control signals ranging from high-level themes to
fine-grained character details (Guan et al., 2022;

Fan et al., 2018; Vijjini et al., 2022). For long-
form coherence, the hierarchical plan-and-write
framework is the predominant approach (You et al.,
2023). This paradigm, which first generates an
outline and then the full text, is crucial for main-
taining global consistency and has evolved from
basic frameworks to advanced models using tree-
structured outlines for fine-grained control (Yao
et al., 2019; Yang et al., 2022a). To enhance qual-
ity beyond one-shot generation, researchers have
also explored iterative frameworks like recursive
revision (Yang et al., 2022b) and interactive sys-
tems with dynamic memory (Zhou et al., 2023).
Despite success in structural control, existing meth-
ods cannot directly optimize for holistic story qual-
ity. RLHF is the ideal paradigm to address this
(Ouyang et al., 2022), but has been hindered by the
absence of an accurate reward model for narrative
quality. Our approach demonstrates that a designed
reward model can enable effective RLHF for story
generation.

3 Methodology

3.1 Problem Formulation

Let S be the space of stories. Our goal is to train
an evaluator model Rϕ parameterized by ϕ. Given
a story pair (Sa, Sb) ∈ S × S and a specific eval-
uation aspect k from a set of K aspects (e.g., Cre-
ativity, Surprise), the model should produce a pair
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of scores (ya,k, yb,k), where y ∈ [1, 5].
Our methodology is designed to create a high-

fidelity story evaluator by training it on systemati-
cally generated and filtered reasoning paths. This
evaluator then serves as a robust reward model to
enhance story generation through reinforcement
learning. As shown in Figure 2, the process un-
folds in three main stages: (1) self-synthesis of
score-aligned CoTs, (2) a multistage CoT evolu-
tion and selection pipeline, and (3) story generation
with the evaluator.

3.2 Self-Synthesis of Score-Aligned CoTs

The core of our approach is to leverage CoT rea-
soning. We define the evaluator’s task as learning
a mapping:

Rϕ(Sa, Sb, k) = (Ck; ya,k; yb,k) (1)

where Ck is a textual rationale that logically justi-
fies the assigned scores (ya,k, yb,k) for aspect k. To
achieve this, we first need a dataset of high-quality
tuples T = {(Sa, Sb, k, Ck, ya,k, yb,k)}i.

3.2.1 Multi-Persona CoT Synthesis
As such data is not readily available, we synthesize
it. We start with a seed dataset of story pairs with
ground-truth scores, {(Sa, Sb, k, y

∗
a,k, y

∗
b,k)}. For

each tuple, we prompt a LLM, which we denote as
LLMself, to generate a candidate derivation.

To foster diversity, we employ a multi-persona
approach. We define a set of personas P =
{p1, . . . , pm}, where each persona represents a dis-
tinct viewpoint (e.g. academic personality, artistic
personality, sharp-tongued personality and so on).
For each sample and each persona pm ∈ P , we
generate a candidate derivation:

(Cm
k ; ya,k; yb,k) ∼ LLMself(·|Sa, Sb, k, y

∗
a,k, y

∗
b,k, pm)

(2)

This process yields a large, diverse initial pool of
candidate derivation, Dpool, for each data point.
The detailed prompts are provided in supplemen-
tary materials.

3.3 CoTs Evolution and Selection Pipeline

The raw derivations in Dpool are noisy. We intro-
duce a rigorous, multi-agents pipeline to filter and
refine them, ensuring logical consistency, robust-
ness, and alignment with the target scores. This
pipeline, detailed in Algorithm 1, applies a se-
quence of four evolutionary selection operators.

Self-Rulecheck (Frule) This filter is applied to
each candidate derivation Di from a given pool
Dpool. It ensures that the final conclusion explic-
itly stated within Di is consistent with the ground
truth scores (y∗a, y

∗
b ). We employ a deterministic

parsing function, ParseScores(·), to extract the fi-
nal scores (y′a, y

′
b) from the text of Di. The CoT

passes the check if the extracted scores exactly
match the ground truth scores.

Frule(C
m
i,k; y

′
a,k; y

′
b,k) = I

(
(y′a,k, y

′
b,k) = (y∗a,k, y

∗
b,k)

)

(3)
where (y′a,k, y

′
b,k) = ParseScores(Cm

i,k; y
′
a,k; y

′
b,k),

and I(·) is the indicator function.

Self-Refinement (Frefine) This operator lever-
ages the model’s intrinsic ability for self-
improvement. Applied to each candidate deriva-
tion Di from a given pool Dpool, the model itself
(LLMself), guided by a refinement agent Arefine,
improves the logical flow and clarity of the ratio-
nale. This process generates a refined version C ′

i,k

from the text of Di while preserving the original
reasoning.

Frefine(C
m
i,k) = LLMself(·|Arefine, C

m
i,k) (4)

where Arefine represents the agent for the self-
refinement task. For subsequent steps, we denote
the refined candidates simply as Cm

i,k.

Self-Attack (Fattack) We assess its logical
robustness by creating a corrupted version,
(Cm

i,k; y
corr
a,k ; ycorrb,k ), where the final scores are re-

placed to contradict the rationale. The same model
(LLMself) is then prompted to act as a judge,
guided by agent Aattack, to check for inconsisten-
cies. The original CoT Cm

i,k is considered robust
only if the model successfully identifies the contra-
diction in its own altered reasoning.

Fattack(C
m
i,k; y

corr
a,k , ycorr

b,k ) = I
(
DetectsContradiction

(
LLMself(Aattack, (C

m
i,k; y

corr
a,k ; ycorr

b,k ))
))

(5)

where Aattack represents the agent for the contradic-
tion detection task.

Self-Confidence (Fconfidence) It selects for CoTs
that lead the model to predict the ground truth
scores with high confidence. We inspect the output
logits of the model. A CoT Cm

i,k passes if the logit
corresponding to the ground truth score token is
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Algorithm 1 Pipeline of CoTs Evolution and Selection

Require: Dpool: The initial pool of candidate
derivations {Di}. Each Di is a tuple
(Cm

i,k, ya,k, yb,k). y∗a,k, y
∗
b,k: The ground-truth

scores for aspect k.
1: P ← [Frule,Frefine,Frule,Fattack,Fconfidence]
2: Dfinal ← ∅
3: for each candidate derivation Di ∈ Dinitial do
4: Dcurrent ← Di

5: survived← true
6: for each operator F in pipeline P do
7: if F is a refinement operator then
8: Dcurrent ← F(Dcurrent)
9: else

10: if F(Dcurrent, y
∗
a, y

∗
b ) = false then

11: survived← false
12: break
13: end if
14: end if
15: end for
16: if survived then
17: Dfinal ← Dfinal ∪ {Dcurrent}
18: end if
19: end for
20: return Dfinal

the maximum for each story.

Fconfidence(C
m
i,k, y

∗
a,k, y

∗
b,k) =

I
(
argmax

y
LLMself (y|Sa, C

m
i,k) = y∗

a,k

)

∧ I
(
argmax

y
LLMself (y|Sb, C

m
i,k) = y∗

b,k

)

(6)

where LLMself (y|Sa, C
m
i,k) represents the logit

from the model.

3.4 Story Generation with the Evaluator

Our trained evaluator, Rϕ, provides a high-fidelity
reward signal for fine-tuning a story generation
policy, πθ, using the Group Relative Policy Opti-
mization (GRPO) algorithm(Shao et al., 2024).

Following the GRPO framework, for each
prompt q, we first sample a group of G candidate
stories {S1, . . . , SG} from the current policy πθ.
Next, we compute a reward ri for each candidate
Si using our custom reward function. This function
evaluates Si against a common, high-quality ref-
erence story Sgt, which is pre-generated from the
base model to serve as a stable anchor. The reward
ri = R(Si, Sgt) is a weighted composite of three

key components:

R(Si, Sgt) = Radv +Rabs +Rlen (7)

where the components include relative advantage,
absolute quality, and length reward, which are de-
fined as:

Radv = w1 ·
K∑

k=1

αk(yi,k − ygt,k) (8)

Rabs = w2 ·
K∑

k=1

αkyi,k (9)

Rlen = w3 · f(len(Si)) (10)

Here, yi,k and ygt,k are the scores assigned by our
evaluator Rϕ, αk is a weight controlling the im-
portance of the k-th evaluation aspect, and wj are
hyperparameters. We include Radv to reduce re-
ward variance under evaluator noise, while Rabs
encourages high-quality generations. The hyperpa-
rameters and details are provided in the appendix.

The advantage for each candidate sequence oi
is then calculated by comparing its reward to the
group’s average:

Âi = ri −
1

G

G∑

j=1

rj (11)

This sequence-level advantage is used to update the
policy by maximizing the GRPO objective:

JGRPO(θ) = E
[
min

(
ρi,t(θ)Âi, clip(ρi,t(θ), 1− ϵ,

1 + ϵ)Âi

)
− β DKL(πθ∥πref)

]
.

(12)

where the token-level policy ratio is ρi,t(θ) =
πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

, ϵ is the clipping parameter, and
β controls the KL penalty.

4 Experiments

4.1 Experimental Settings
4.1.1 Datasets
Our evaluation is conducted on two public bench-
marks with human annotations: StoryER (Chen
et al., 2023) and HANNA (Chhun et al., 2024).
Both contain stories from WritingPrompts (Kroll
and Reid, 1994) with multi-dimensional quality rat-
ings, and we follow their official train/test splits
to ensure reproducibility. To test generalization,
we also report zero-shot performance on the Open-
MEVA benchmark (Guan et al., 2021). Details of
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StoryER Dataset HANNA Dataset

Model Pearson Spearman Kendall MSE F1-Score Pearson Spearman Kendall MSE F1-Score

General Closed-source Models
GPT-4o 0.4808 0.4679 0.3975 0.0398 0.8979 0.4270 0.3517 0.2867 0.0744 0.4922
GPT-4.1 0.3673 0.2908 0.2567 0.0705 0.8998 0.3171 0.2987 0.2612 0.0820 0.6727
GPT-o3-0416-global 0.5682 0.4944 0.4402 0.0477 0.8703 0.4837 0.4128 0.3543 0.0854 0.4016
Gemini-2.5-flash-06-17 0.3882 0.3042 0.2701 0.1091 0.9173 0.3883 0.3647 0.3111 0.1876 0.5700
Gemini-2.5-Pro-06-17 0.5451 0.5275 0.4796 0.0931 0.8866 0.5000 0.4586 0.4041 0.1782 0.4569
Claude-4-Sonnet 0.4157 0.3415 0.3024 0.0676 0.8662 0.4053 0.3675 0.3273 0.1327 0.3659
Claude-4-opus4 0.4796 0.4060 0.3561 0.0995 0.8440 0.4872 0.4237 0.3702 0.1814 0.3833

NLG Evalution Open-Source Models
InstructScore-7B (Xu et al., 2023) 0.1902 0.1664 0.1251 0.1303 0.8430 0.1258 0.1056 0.0989 0.2071 0.5787
Themis-8B (Hu et al., 2024b) 0.5362 0.3870 0.3484 0.0743 0.9459 0.4565 0.3696 0.3295 0.1432 0.3799
TIGERScore-13B (Jiang et al., 2023) 0.2759 0.2364 0.2317 0.1455 0.8637 0.2897 0.2056 0.1879 0.1309 0.5180
AutoJ-13B (Li et al., 2023) 0.3182 0.1873 0.1631 0.0623 0.9012 0.4153 0.3689 0.3223 0.0609 0.4410

Story Evalution Finetune Open-source Models
Coke (Joshi et al., 2025) 0.3142 — — 0.0812 0.6509 — — — — —
Qwen2.5-7B-Instruct 0.2206 0.1611 0.1381 0.1434 0.8308 0.1873 0.1605 0.1339 0.1499 0.5236
+ Point CoT 0.5677 0.4784 0.4392 0.0293 0.9344 0.5173 0.4919 0.4380 0.0521 0.6715
+ GRPO 0.3430 0.2436 0.2178 0.0849 0.8793 0.1773 0.1717 0.1518 0.0790 0.4507
+ Point CoT + GRPO 0.5646 0.4831 0.4472 0.0419 0.9433 0.5307 0.5121 0.4606 0.0483 0.6829
EvolvR 0.6774 0.6000 0.5353 0.0528 0.9474 0.6155 0.6033 0.5429 0.0440 0.7406

Table 1: Performance comparison on the StoryER and HANNA datasets. EvolvR, is compared against baselines
across both benchmarks. We report Pearson correlation (↑), Spearman correlation (↑), Kendall correlation (↑), Mean
Squared Error (MSE ↓), and F1-Score (↑) (p < 0.0001 with 95% confidence intervals).

these datasets can be found in the supplementary
material. In our generation setup, the evaluator,
trained on the HANNA dataset, functions as a re-
ward model to steer a generator prompted with
inputs from the same dataset.

4.1.2 Baselines

We compare our model against three categories of
baselines. First, we evaluate proprietary large lan-
guage models via prompt engineering. This cate-
gory includes models from OpenAI (GPT-4o, GPT-
4.1, and GPT-o3-0416-global (Hurst et al., 2024)),
Google (Gemini-2.5-flash and Gemini-2.5-Pro (Co-
manici et al., 2025)), and Anthropic (Claude-4-
Sonnet and Claude-opus4). Second, we compare
against open-source evaluators fine-tuned on vari-
ous NLG tasks, such as summarization, machine
translation, and story generation. This group in-
cludes TIGERScore, InstructScore, Themis, and
AutoJ. Notably, models like TIGERScore and In-
structScore require a ground-truth reference text, a
constraint our method does not have. Finally, we
conduct comparisons with methodologically sim-
ilar models. This includes Coke, which is also
trained on the StoryER dataset but requires human-
written comments as input. To analyze the contri-
bution of our design choices, we also establish our

own baselines: (1) the base Qwen2.5-7B-Instruct
model (Team, 2024) without any fine-tuning, and
(2) ablated versions of our model with different
components of our proposed framework removed.

4.1.3 Evaluation Metrics

Following established practices in NLG evaluation,
we assess the performance of all models by measur-
ing the agreement between their predicted ratings
and the ground-truth human judgments. Specifi-
cally, we calculate three standard correlation co-
efficients: Pearson’s correlation coefficient (r),
Spearman’s rank correlation coefficient (ρ), and
Kendall’s rank correlation coefficient (τ ). In addi-
tion, to align with the evaluation protocol of prior
work like Coke, we also report the Mean Squared
Error (MSE) computed on scores normalized to
the [0, 1] range, and the F1-Score using 0.5 as the
binary classification threshold, providing a compre-
hensive view of both correlation and accuracy.

To evaluate the quality of the stories produced
by our fine-tuned generative model, we employed
a comprehensive human evaluation protocol. We
enlisted a panel of four professional screenwriters
as expert judges to ensure nuanced and domain-
specific assessment. These judges were asked to
rate the generated stories on a 1-to-5 scale across
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Model Pearson Spearman Kendall

NLG Evaluation Open-Source Models
InstructScore-7B(Xu et al., 2023) 0.2957 0.2751 0.2646
Themis-8B(Hu et al., 2024b) 0.4694 0.4419 0.3947
TIGERScore-13B(Jiang et al., 2023) 0.2631 0.2548 0.2141
AutoJ-13B(Li et al., 2023) 0.3821 0.3615 0.2812

Finetune Open-source Models
Qwen2.5-7B-Instruct 0.2015 0.1752 0.1976
+ Pointwise CoT 0.4434 0.4523 0.4211
+ GRPO 0.1937 0.1986 0.1979
+ Pointwise CoT + GRPO 0.4515 0.4654 0.4401
EvolvR 0.4972 0.5007 0.4893

Table 2: Black-box evaluation results on the Open-
MEVA(ROC) benchmark. Our method is compared
against existing open-source story evaluation models.
All metrics are correlation coefficients.

six key dimensions, mirroring the criteria from the
HANNA dataset: Relevance, Coherence, Empathy,
Surprise, Engagement, and Complexity. Based on
their detailed assessments, we report two primary
metrics. The first is the Average Score, calculated
by averaging the scores across all six dimensions
for each model. The second metric is the Win Rate,
where we perform head-to-head comparisons of
our model’s generated stories against two distinct
references: (1) stories generated by the base model
and ((2) stories from the original HANNA dataset.

4.2 Main Results and Analysis
4.2.1 Analysis of Evaluation Results
The main results, presented in Table 1, demonstrate
that our proposed model, EvolvR, achieves SOTA
performance in correlation with human judgments
on both datasets, while also showing competitive
results on MSE and F1-Score.

In the GPT series, the deep reasoning model
GPT-o3 outperforms GPT-4o and GPT-4.1. Simi-
larly, Gemini-Pro surpasses its lightweight counter-
part, Gemini-flash, and Claude-opus4 is superior
to the faster Claude-Sonnet. This trend suggests
that a more profound thought process is crucial for
complex tasks like story evaluation. This obser-
vation supports us that a high-quality evaluation
stems from a deep and rigorous CoT, which our
framework is explicitly designed to generate and
refine.

Our model surpasses general-purpose NLG eval-
uators like InstructScore, TIGERScore, Themis,
and AutoJ, even though they have been trained on
story-related data. First, models like InstructScore
and TIGERScore are constrained by their need for
a reference answer, a requirement that is often im-

Model Pearson ↑ Spearman ↑ Kendall ↑

Qwen3-4B 0.1322 0.1606 0.1361
+ GRPO 0.1374 0.1596 0.1357
+ Pointwise CoT 0.4998 0.4804 0.4255
+ Pairwise CoT 0.5855 0.5755 0.5214

LLama3.1-8B 0.1490 0.1682 0.1034
+ GRPO 0.2288 0.3197 0.2710
+ Pointwise CoT 0.5244 0.5092 0.4538
+ Pairwise CoT 0.5852 0.5826 0.5291

Qwen3-8B 0.2236 0.2045 0.1714
+ GRPO 0.2855 0.2289 0.1888
+ Pointwise CoT 0.5302 0.5192 0.4611
+ Pairwise CoT 0.6092 0.5920 0.5334

Qwen3-14B 0.2676 0.2646 0.2232
+ GRPO 0.2728 0.2688 0.2204
+ Pointwise CoT 0.5049 0.4747 0.4232
+ Pairwise CoT 0.6421 0.6349 0.5753

Table 3: The performance of Pairwise CoT, Pointwise
CoT Fine-tuning, and GRPO Reinforcement Learning
experiments on the HANNA dataset across a diverse set
of base models with varying scales and architecture

practical in real-world creative scenarios where
no single correct story exists. Second, the per-
formance gap with Themis and AutoJ which op-
erate without references validates the superiority
of our framework’s approach: to self-synthesize
and evolutionarily select high-quality CoTs tailored
specifically for story evaluation. To validate the
effectiveness of our model in broader scenarios,
we compared it against several mainstream open-
source NLG evaluation models on the OpenMEVA
benchmark, reporting results on the ROC split in
Table 2 and results on the WP split are provided in
Appendix Table 13.

The comparison with Coke, a model also trained
on StoryER, is revealing. Coke’s methodology re-
lies on processing human-written comments by ex-
tracting keywords directly for scoring. Our model’s
performance demonstrates that proactively con-
structing and evolving high-fidelity rationales from
scratch is a more robust and effective strategy than
passively relying on existing, often noisy and in-
consistent, human commentary.

4.2.2 Internal Methodological Comparison

Finally, our internal results show that EvolvR is
the driver of performance. It is noteworthy that the
subsequent application of GRPO does not yield a
similarly dramatic improvement in the evaluation
metrics. To further dissect the relative contribu-
tions of the key components in our framework in-
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Model Relevance Coherence Empathy Surprise Engagement Complexity

Qwen2.5-7B-Instruct 4.4000 4.3375 2.6375 2.7375 3.1000 3.5750

+ SFT 3.4875 (-20.7%) 3.6125 (-16.7%) 2.7000 (+2.4%) 2.8250 (+3.2%) 3.1000 (0.0%) 3.2875 (-8.0%)
+ Point-RM GRPO 4.4875 (+2.0%) 4.2625 (-1.7%) 2.8375 (+7.6%) 2.9500 (+7.8%) 3.0875 (-0.4%) 3.6250 (+1.4%)
EvolvR GRPO 4.5875 (+4.3%) 4.2500 (-2.0%) 2.7625 (+4.7%) 2.9625 (+8.2%) 3.2500 (+4.8%) 3.7250 (+4.2%)

Table 4: Multi-dimensional average scores. Values in parentheses denote the percentage change to the baseline.

cluding Pairwise CoT, Point CoT, and GRPO. We
conducted a series of controlled experiments on the
HANNA dataset across a diverse set of base mod-
els with varying scales and architectures includ-
ing the Qwen3 (Yang et al., 2025) and LLaMA3.1
(Grattafiori et al., 2024) series. The results are
presented in Table 3. A universal trend across all
tested models is the improvement in performance
upon the introduction of fine-tuning with our self-
synthesized and evolved CoT data. The results
consistently show that, across all models, train-
ing with pairwise CoT significantly outperforms
pointwise CoT, as the former cultivates a more dis-
cerning evaluation capability by forcing the model
to focus on the fine-grained distinctions that make
one story superior to another. A noteworthy phe-
nomenon is that applying GRPO directly to the
base models yields limited performance gains, and
in some cases, almost no improvement at all. Fur-
ther analysis reveals this is due to reward hacking
and experiment details can be seen in supplemen-
tary material.

4.2.3 EvolvR-Guided Story Generation

We evaluate the efficacy of EvolvR as a reward
model by guiding a Qwen2.5-7B-Instruct gener-
ator and comparing its performance against two
baselines: SFT and GRPO guided by a standard
pointwise reward model. As shown in Table 4, the
EvolvR-guided model achieves the highest scores
in key dimensions such as Complexity, Surprise,
Relevance, and Engagement. SFT exhibits limita-
tions in this open-ended task, learning restrictive
patterns from the training data, which results in a
degradation of generation quality. GRPO yields an
overall improvement over SFT (Table 5). While
both the Point-RM and EvolvR models experience
a slight decrease in coherence, their performance
in other dimensions shows varying levels of im-
provement. To support statistical confidence, we
conducted human evaluation on a sample of 500
stories and the improvements are significant with
p < 0.01 under a 95% confidence interval. More
details are available in the appendix.

Method Win Base Win HANNA Average Score

Qwen2.5-7B-Instruct — 0.2249 3.464
+ SFT 0.3215 0.1767 3.168
+ Point-RM GRPO 0.5611 0.2909 3.541
EvolvR GRPO 0.6436 0.3162 3.589

Table 5: Effectiveness of EvolvR as a reward model for
story generation. Win Base: the win rate against the
untuned base model; Win HANNA: the win rate against
human stories from the dataset; and Average Score: the
mean score across all dimensions.

Evolution Configuration Pearson ↑ Spearman ↑ Kendall ↑

Baseline 0.5682 0.5591 0.5007
+ Multi-persona 0.5941 0.5838 0.5273
+ Rule-Check 0.5816 0.5792 0.5146
+ Refinement Agent 0.5839 0.5791 0.5154
+ Attack Agent 0.5989 0.5891 0.5308
+ Confidence Agent 0.5807 0.5676 0.5100
EvolvR 0.6155 0.6033 0.5429

Table 6: Impact of each component in the EvolvR frame-
work. This study demonstrates that adding each agent
module to improve performance. The results of the
EvolvR model demonstrate its optimal performance.

4.2.4 Ablation Study
To validate our design, we performed an incre-
mental analysis of the EvolvR framework, with
results shown in Table 6. Starting from a baseline
without any agents, we find that adding any single
agent module leads to the improvement in corre-
lation with human judgments. Ultimately, the full
EvolvR model, which combines the strengths of
all agents, significantly outperforms both the base-
line and any single-agent variant. This confirms
the effectiveness of each individual component and
demonstrates the powerful synergistic effect of our
complete framework design.

5 Conclusions

In this paper, we addressed the challenge of de-
veloping high-fidelity evaluators for the task of
story evaluation, a bottleneck for both reliable eval-
uation and advanced story generation. We intro-
duced EvolvR, a novel self-evolving framework
that leverages pairwise comparison to equip open-
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source models with deep reasoning capabilities.
EvolvR generates a diverse corpus of score-aligned
CoT rationales through a multi-persona strategy
and refines this data via a rigorous multi-agent
evolution pipeline, ensuring logical consistency
and robustness. Our extensive experiments demon-
strate that EvolvR achieves SOTA performance
on three distinct benchmarks including StoryER,
HANNA, and OpenMEVA, outperforming both
proprietary LLMs and existing open-source evalua-
tors. Furthermore, we validated the practical utility
of our evaluator by deploying it as a reward model.
The EvolvR-guided generator produced stories of
higher quality, achieving superior win rates and
average scores in human evaluations, thus closing
the loop between evaluation and generation.

Limitations

First, while we propose an open-source CoT evolu-
tion and filtering pipeline, a low-cost verification of
why a retained CoT is better than a rejected one re-
mains challenging. In practice, validating the qual-
ity of intermediate CoTs still relies on expensive
external judgments or expert human assessment.
Although we observe gains on downstream met-
rics, richer interpretability are not fully resolved.
Second, EvolvR is grounded in score-aligned syn-
thesis and therefore requires labeled data with a
predefined scoring scheme. This reliance limits
applicability in unlabeled settings or in domains
where annotation is scarce. Third, using a judge
model as a reward model yields only moderate im-
provements in story generation. This is due to the
inherent noise and distribution shift in black-box
reward evaluation, which can reduce reward fidelity
and constrain the effectiveness of RL optimization.

Ethical Considerations

Expert annotators were provided with the follow-
ing evaluation guidelines: "You will evaluate AI-
generated stories on six dimensions (creativity, co-
herence, relevance, complexity, surprise, and en-
gagement) using a 1-5 scale. Each story should
be read completely before scoring. Focus solely
on story quality without considering the AI system
that generated it. Your evaluations will be used to
validate automatic evaluation metrics. No personal
information will be collected." Human evaluators
were professional annotators from our research
team with specialized training in creative writ-
ing assessment and extensive experience in NLP

evaluation tasks. These were not crowdsourced
workers but dedicated team members with relevant
academic backgrounds. Compensation was pro-
vided according to institutional standards for pro-
fessional research assistance, ensuring fair remuner-
ation commensurate with the specialized nature of
the task and the evaluators’ expertise level. All eval-
uators provided informed consent before participa-
tion. They were explicitly informed that: (1) they
would be evaluating AI-generated content only, (2)
their judgments would be used solely for research
purposes to validate automatic metrics, (3) no per-
sonal information beyond their quality assessments
would be recorded, and (4) they could withdraw
from the evaluation process at any time without
penalty. The evaluation data contains only story
quality scores without any annotator identification.
The evaluation involved no risks beyond normal
reading activities. Stories were pre-screened to en-
sure no offensive or disturbing content. Evaluators
were informed they could skip any story they found
uncomfortable.
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A Dataset Details

Our work leverages three prominent datasets for
story evaluation: StoryER (Chen et al., 2023),
HANNA (Chhun et al., 2024), and OpenMEVA
(Guan et al., 2021). We show the details in Table 7.
Each dataset offers unique characteristics in terms
of evaluation format, annotation dimensions, and
scale, providing a comprehensive basis for train-
ing our model and assessing its performance and
generalization capabilities.

Dataset Samples Dimensions Format

StoryER-Scale 45,948 5 Pointwise (Multi-Aspect)
HANNA 19,008 6 Pointwise (Multi-Aspect)
OpenMEVA 2,000 1 Pointwise (Holistic)

Table 7: Summary of the dataset used in our study. Each
dataset provides a different combination of data scale,
dimensional granularity, and evaluation format.

A.1 StoryER Dataset

The StoryER dataset (Chen et al., 2023) is a com-
prehensive resource for explainable story evalua-
tion. For our research, we specifically utilize the
StoryER-Scale subset. Its defining feature is that
it provides not only multi-aspect scores but also
human-written reasoning behind those scores. This
aspect, while not directly used for training as our
EvolvR framework self-synthesizes its own ratio-
nales, provides a strong motivation for our CoT-
based approach and serves as a valuable reference.
StoryER-Scale provides pointwise ratings on a 1-
to-5 Likert scale for individual stories across multi-
ple fine-grained dimensions. The key dimensions
covered in this dataset include Coherence, End-
ing, Style, Character Development, and Empathy.
We use StoryER-Scale as a primary benchmark for
training and testing our evaluator.

A.2 HANNA Dataset

The HANNA dataset (Chhun et al., 2024) is de-
signed to evaluate story generation against detailed,
multi-faceted human criteria. Unlike StoryER-
Scale, it does not provide explicit reasoning but
offers a rich set of evaluation dimensions. The
dataset provides direct multi-aspect ratings for sto-
ries on a 1-to-5 Likert scale. HANNA focuses
on a comprehensive set of six dimensions: Rel-
evance, Coherence, Empathy, Surprise, Engage-

ment referred to as "Interestingness" in the origi-
nal paper, and Complexity. Given its high-quality,
multi-aspect annotations, HANNA serves as our
second core benchmark for training and evaluating
the EvolvR model. It is also the source dataset
for our story generation experiments, where our
evaluator, trained on HANNA, acts as the reward
model.

A.3 OpenMEVA Benchmark

The OpenMEVA benchmark (Guan et al., 2021)
is designed for evaluating the Overall Quality of
open-ended story generation. It provides a single,
holistic score without detailed dimensional break-
downs or reasoning. Each story is assigned a sin-
gle Overall Quality score on a 1-to-5 Likert scale.
Key aspects considered by annotators include Rele-
vance, Fluency, Coherence, and Commonsense, but
these are subsumed into the final holistic score. We
use OpenMEVA exclusively for zero-shot general-
ization testing. This assesses our model’s ability to
perform well on a dataset with a different format
and distribution without any fine-tuning. To facili-
tate comparison, we average our model’s predicted
scores across its six dimensions to produce a single
holistic score, which is then correlated with the
OpenMEVA ground truth.

B Detailed Method of the EvolvR

B.1 Rationale for Pairwise Comparison

Our decision to build the EvolvR framework
upon pairwise comparison is a deliberate choice,
grounded in its superior robustness for evaluating
complex, open-ended tasks like story assessment.
Theoretically, comparative judgment Story A is
more creative than Story B is more aligned with
human cognitive processes than assigning abstract,
absolute scores. This comparative mode inherently
forces an evaluator whether human or machine to
identify and articulate the fine-grained distinctions
that determine a preference, leading to more re-
liable and detailed rationales. Furthermore, this
preference-based data format is naturally compat-
ible with modern reinforcement learning RLHF
(Ouyang et al., 2022) paradigms such as GRPO
(Shao et al., 2024), making the resulting evaluator
an ideal reward model for enhancing generative
models.

To move beyond theoretical motivation and em-
pirically validate this choice, we conducted a rig-
orous inter-annotator agreement analysis on the
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HANNA dataset. We assessed human judgment
consistency under two conditions: a pointwise sce-
nario, measuring the agreement on absolute scores
given to the same story by different annotators,
and a pairwise scenario, measuring the agreement
on the score differences between two distinct sto-
ries. The results, summarized in Table 8, provide
strong empirical support for our approach. In five
of the six evaluation dimensions, including critical
aspects like Coherence (+0.106) and Relevance
(+0.063), the agreement among annotators was
demonstrably higher in the pairwise setting. While
Complexity showed a marginal exception, the deci-
sive trend across the majority of dimensions con-
firms that pairwise comparison elicits a more stable
and consistent signal of human preference. This
empirical validation reinforces that our pairwise
foundation is essential for training a high-fidelity
evaluator.

Dimension Pointwise Pairwise Diff Improvement(%)

Relevance 0.504 0.567 +0.063 +12.5%
Coherence 0.484 0.590 +0.106 +21.9%
Empathy 0.570 0.578 +0.008 +1.4%
Surprise 0.547 0.586 +0.039 +7.1%
Engagement 0.565 0.573 +0.008 +1.4%
Complexity 0.607 0.595 -0.012 -2.0%

Table 8: Inter-annotator agreement on the HANNA
dataset. The table shows that pairwise agreement is
consistently higher across most dimensions, with sig-
nificant improvements in Coherence (+21.9%) and Rel-
evance (+12.5%), validating our choice of a pairwise
framework.

B.2 Multi-Persona CoT Synthesis
To generate a diverse set of initial CoT (Wei et al.,
2022) rationales, we employed a multi-persona
strategy for both a pointwise and a pairwise experi-
mental setup. This approach was designed to pro-
duce a rich and varied dataset of reasoning styles.
The specific prompts used for each persona are de-
tailed in the Prompt Study section of this appendix.

The synthesis process was guided by five distinct
personas: Academic, Artist, Pragmatist, Sharp-
Tongued Reader, and Casual Netizen. Each per-
sona was instructed to adopt a specific linguistic
style and evaluation focus. To ensure the stability
and quality of the generated rationales in both se-
tups, several measures were taken. We employed a
few-shot prompting strategy, providing the models
with high-quality examples to guide the structure

and coherence of their output. The synthesis itself
was performed using open-source LLMs.

For our pointwise experiments, we tasked the
LLM with generating a CoT for a single story. The
model was provided with an input of (story, di-
mension, final score) and prompted to generate a
CoT that logically justifies the given score from the
assigned persona’s perspective, effectively simulat-
ing a score-aligned thought process. For our core
pairwise framework, the process was more detailed
to ensure data quality and mitigate potential biases.
First, to prevent the model from overfitting to the
natural distribution of score pairs in the dataset, we
performed stratified sampling. This ensured that
every possible score-pair combination (e.g., (1,2),
(3,5), (4,4)) was represented with a balanced num-
ber of samples in our synthesis set. Second, to
counteract positional bias, we augmented the data
by swapping the order of each story pair. For every
original pair (Story A, Story B), a corresponding in-
stance (Story B, Story A) was created. This forces
the model to learn from the content of the stories
rather than their position in the prompt (Wang et al.,
2023c).

B.3 The CoT Evolution and Selection Pipeline

The CoTs synthesized in the initial multi-persona
stage are of variable quality and require rigorous
vetting. To ensure the logical consistency, robust-
ness, and fidelity of our training data, we designed
a multi-stage evolution and selection pipeline. This
pipeline subjects each candidate CoT to a sequence
of filtering and refinement agents. The overall pro-
cess follows the sequence: Rule→ Refinement→
Rule→ Counter→ Confidence. The repeated ap-
plication of the Self-Rule agent ensures that data
integrity is maintained after any modification step.
The specific prompts used for the Self-Refinement
and Self-Counter agents are detailed in the "Prompt
Study" section of this appendix.

We began with a pool of 800,000 candidate
CoTs, generated from 80,000 stratified story pairs
through our multi-persona and position-swapping
strategy. The significant data reduction at each
stage, detailed in Table 9, underscores the strin-
gency of our selection criteria, culminating in a fi-
nal dataset of over 530,000 high-quality rationales.

Self-Rule Agent The primary function of this
agent is to enforce strict alignment between the ra-
tionale’s conclusion and the ground-truth scores.
Although the synthesis prompts required score
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Stage Agent Remaining Survival Rate

1 Initial Pool 800,000 100.0%
2 Self-Rule 743,671 92.95%
3 Self-Refinement-Rule 686,219 85.78%
4 Self-Attack 603,182 75.40%
5 Self-Confidence 536,177 67.02%

Table 9: Data attrition throughout the CoT evolution
and selection pipeline.

（1）Pairwise / Pointwise SFT HANNA （2） Pairwise / Pointwise SFT StoryER

Figure 3: Training loss curves for the Pointwise and
Pairwise models trained via Supervised Fine-Tuning.
Both models were trained using a standard cross-entropy
loss objective.

(2) Pointwise SFT + GRPO StoryER

(1) GRPO StoryER

(4) Pointwise SFT + GRPO HANNA

(3)  GRPO HANNA

Figure 4: Evolution of the average reward during the
GRPO training process. The reward is designed to be
1 for perfect predictions and decay exponentially with
error. The steady increase and eventual plateau of the
reward.

alignment, minor deviations can occur. This agent
uses regular expressions to parse the scores from
the CoT’s conclusion and discards any instance
where they do not exactly match the ground-truth
scores. It serves as a critical integrity check after
both initial synthesis and any subsequent modifica-
tions.

Self-Refinement Agent Leveraging the LLM’s
inherent self-correction capabilities, this agent im-
proves the quality of the reasoning itself. We
prompt the model to review and rewrite its own

rationale (Miao et al., 2023), with the explicit goal
of enhancing its logical flow, clarity, and persua-
siveness, without altering the underlying judgment.
Any CoT that is modified during this stage must
pass through another Self-Rule check to ensure it
remains aligned with the target scores.

Self-Attack Agent This agent adversarially tests
the logical robustness of a CoT. For a given ratio-
nale that correctly justifies a preference (e.g., Story
A > Story B), we create a corrupted version by
inverting the final scores to suggest the opposite
(Story B > Story A). The LLM is then prompted to
identify if a logical contradiction exists between the
original reasoning and the new, inverted conclusion.
If the model fails to detect the blatant contradiction
implying the reasoning is weak or generic enough
to support conflicting outcomes the original CoT is
considered not robust and is discarded.

Self-Confidence Agent This final filter selects
for CoTs that lead the model to the correct con-
clusion with high confidence. We concatenate the
instruction (without providing the final scores) and
the CoT rationale, and feed this combined input
to the model. At the decoding step where a score
token would be generated, we extract the logits for
the potential score tokens (e.g., integers 1 through
5). The confidence in the ground-truth score y∗ is
calculated as its softmax probability relative to the
other possible scores:

P (y = y∗|Input,CoT) =
eL(y

∗)

∑5
j=1 e

L(j)
(13)

where L(j) is the logit for the score token corre-
sponding to integer j. A CoT is retained only if the
probability of the ground-truth score is the maxi-
mum among all possible scores. This ensures that
the selected rationales are not merely plausible, but
decisively lead the model to the correct judgment.

B.4 External Validation of CoT Filtering
Our pipeline removes a large number of synthe-
sized CoTs (Table 9). To verify that this filtering
does not discard high-quality rationales, we employ
an external black-box judge for validation. We con-
duct two complementary tests: (1) a stage-wise
overall-quality assessment to measure whether the
retained CoTs become higher quality after filtering,
and (2) a stage-wise matched pairwise preference
test to measure whether the CoTs retained by each
filtering stage are preferred over those rejected at
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Filtering Stage Overall Quality ↑ Win Rate ↑
Initial pool 3.22 —
+ Self-Rule 3.45 77.2%
+ Self-Refinement-Rule 3.57 71.5%
+ Self-Attack 3.61 75.1%
+ Self-Confidence 3.65 75.6%

Table 10: External validation of CoT filtering using
GPT-4o. Overall Quality: mean overall-quality score
for CoTs sampled from each stage output. Win Rate:
at each stage, we match a CoT retained by that stage
with a CoT rejected at the same stage from the same
story pair and aspect and report the retained CoT win
rate.

the same stage. For the overall-quality assessment,
we uniformly sample 1000 CoTs from the output
of each stage and ask GPT-4o to rate their overall
quality on a 1–5 scale. For the pairwise preference
test, at each stage we sample 1000 matched pairs
by pairing a CoT retained by that stage with a CoT
rejected at the same stage from the same story pair
and aspect, and report the win rate of the retained
CoTs.

C Training and Experiment Details

C.1 Details for Story Evaluation

This section provides additional implementation de-
tails for our story evaluation experiments. We also
report additional black-box generalization results
on the OpenMEVA (WP) split (Table 13) and com-
parisons with prompt-based evaluation frameworks
on HANNA (Table 15).

C.1.1 Training Procedures
We trained three distinct types of models based on
our synthesized data. For the Pointwise and Pair-
wise CoT Models, they were trained via SFT on
their respective datasets Pointwise CoT and our fi-
nal EvolvR Pairwise CoT data. We used a standard
cross-entropy loss objective to train the models to
predict the CoT rationales and the final scores. The
training loss curves for these models are provided
in Figure 3. For the GRPO-trained model, we de-
signed a reward function that encourages the model
to match the ground-truth scores accurately. The
reward R for a prediction (ya, yb) given the ground
truth (y∗a, y

∗
b ) was formulated as an exponential

function of the cumulative error:

R(ya, yb) = exp (−λ (|ya − y∗a|+ |yb − y∗b |))
(14)

where λ is a scaling hyperparameter. This design
provides a smooth reward signal that is maximized
at 1 when the predictions are perfect and decays
exponentially as the error increases. Despite the
reward curve in Figure 4 indicating successful con-
vergence during training, we discovered during test-
ing that the GRPO-trained model had learned to
concentrate its predictions on the most frequent
scores in the data distribution. This degenerate pol-
icy maximizes the cumulative reward by exploiting
the data statistics instead of learning to genuinely
evaluate the stories, which accounts for its poor
performance on the final evaluation metrics.

Random Pairs Pearson Spearman Kendall MSE F1-Score

0 0.6037 0.6113 0.5389 0.0451 0.7366
1 0.6224 0.6107 0.5486 0.0449 0.7435
2 0.5852 0.5765 0.5161 0.0466 0.7129
4 0.6155 0.6033 0.5429 0.0440 0.7406
8 0.6162 0.6067 0.5445 0.0449 0.7392
16 0.6131 0.6028 0.5416 0.0409 0.7412

Table 11: Robustness analysis of the EvolvR model
with varying numbers of comparison pairs (N ). For
each story, an aggregated score is derived from 2N
evaluations including swapped pairs to mitigate bias.

To ensure fair and rigorous comparisons, we
adopted specific protocols for each category of
model. Proprietary models (e.g., GPT-4 series,
Claude series) were prompted using instructions
identical to those used for our data synthesis to
ensure a fair, zero-shot comparison. For models
like Themis (Hu et al., 2024b) and AutoJ (Li et al.,
2023), we utilized their publicly available code and
model weights to evaluate them on our test sets.
For models that require a reference text, namely
InstructScore (Xu et al., 2023) and TIGERScore
(Jiang et al., 2023), we employed a self-reference
approach. The story to be evaluated was used as
its own reference input, enabling a reference-free
evaluation while adhering to the models’ required
input format. These variants were evaluated in a
standard zero-shot manner, directly generating a
score for each story based on a prompt.

For EvolvR, we evaluate under two settings: (1)
Single-pass mode where the model directly scores
pair with same story, and (2) Ensemble mode with
the following protocol. To ensure the stability and
robustness of our main EvolvR model’s scores, we
implemented a comprehensive ensembling and sta-
bility testing protocol. For each target story in the
test set, we performed the following steps:
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1. Randomly sample N other stories from the
test set to form N evaluation pairs, with N
varied across {1, 2, 4, 8, 16}. When N = 0
(i.e., evaluating the story paired with itself),
this corresponds to the single-pass mode. The
impact of pairs number in Table 11.

2. For each pair (Story Target, Story Sampled),
perform the evaluation twice: once in the orig-
inal order, and once with the order swapped to
(Story Sampled, Story Target) to mitigate po-
sitional bias. We show the impact of position
in Table 12.

3. This process yields 2N independent scores
for the target story. To measure the model’s
overall performance, we aggregated all scores
generated for every story in the test set into a
single list and computed the final correlation
coefficients against this complete set of pre-
dictions. This method holistically assesses the
model’s average performance and stability.

We show the difference of evaluation between
Qwen2.5-7B-Instruct and EvolvR in Figure 5.

Position Pearson Spearman Kendall MSE F1-Score

(A, B) 0.6189 0.6031 0.5412 0.0445 0.7379
(B, A) 0.6121 0.6035 0.5486 0.0435 0.7433

Table 12: Analysis of positional bias in the EvolvR
model, conducted with N = 4 random pairs. We com-
pare the performance when evaluating pairs in the origi-
nal order (A, B) versus the swapped order (B, A).

(1) Qwen2.5-7B-Instruct (2) EvolvR

Figure 5: Confusion matrices illustrating the score
agreement between model predictions and ground-truth
scores on the HANNA dataset. The left matrix rep-
resents the performance of the Qwen2.5-7B-Instruct
model, while the right matrix represents our EvolvR
model.

C.1.2 Results on OpenMEVA (WP)
In addition to the ROC split reported in the main
text, we further evaluate zero-shot generalization

Model Pearson Spearman Kendall

NLG Evaluation Open-Source Models
InstructScore-7B(Xu et al., 2023) 0.1578 0.1257 0.1046
Themis-8B(Hu et al., 2024b) 0.1469 0.1719 0.1457
TIGERScore-13B(Jiang et al., 2023) 0.1661 0.1649 0.1541
AutoJ-13B(Li et al., 2023) 0.1871 0.1952 0.1611

Finetune Open-source Models
Qwen2.5-7B-Instruct 0.1061 0.1175 0.0976
+ Pointwise CoT 0.1474 0.1503 0.1291
+ GRPO 0.0947 0.0994 0.0897
+ Pointwise CoT + GRPO 0.1605 0.1654 0.1415
EvolvR 0.2092 0.2087 0.1881

Table 13: Black-box evaluation results on the Open-
MEVA benchmark. Our method is compared against
existing open-source story evaluation models. All met-
rics are correlation coefficients, where higher is better
(↑).

on the OpenMEVA (WP) split. We follow the
same black-box evaluation protocol as for ROC:
each model produces a holistic quality score for
each story, and we report Pearson, Spearman, and
Kendall correlations with the human annotations.
Table 13 summarizes the results. EvolvR consis-
tently outperforms the compared open-source base-
lines across all correlation metrics, demonstrating
improved robustness under a distribution shift.

C.1.3 Comparison with Prompt Evaluation
In addition to the baselines reported in the
main text, we include representative prompt-based
evaluation frameworks on HANNA, including
BatchEval, G-Eval, and HPSS. These methods
mainly improve evaluation by prompt optimization
on proprietary judges (e.g., GPT-4). For a fair ref-
erence, we report their numbers as presented in the
original papers under a GPT-4 evaluation setting.
In contrast, EvolvR is an open-source evaluator
trained with our self-evolving framework and does
not rely on closed-source models at inference time.
As shown in Table 15, EvolvR achieves higher
correlation on HANNA. Moreover, our method is
compatible with prompt optimization and can be
further combined with these prompting strategies
for additional gains.

C.2 Details for the Story Generation

To rigorously evaluate the effectiveness of our
EvolvR evaluator as a reward model, we conducted
a series of comparative experiments in the story
generation phase. We designed three distinct train-
ing setups to isolate the impact of different guid-
ance methods.
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Model Overall Relevance Coherence Empathy Surprise Engagement Complexity

Qwen2.5-7B-Instruct 3.465 ± 0.722 4.400 ± 0.768 4.338 ± 0.741 2.638 ± 0.746 2.737 ± 0.754 3.100 ± 0.604 3.575 ± 0.721
+ SFT 3.169 ± 0.839 3.487 ± 0.975 3.612 ± 0.829 2.700 ± 0.900 2.825 ± 0.771 3.100 ± 0.752 3.288 ± 0.809
+ Point-RM GRPO 3.542 ± 0.775 4.487 ± 0.790 4.263 ± 0.720 2.837 ± 0.813 2.950 ± 0.820 3.087 ± 0.728 3.625 ± 0.781
EvolvR GRPO 3.590 ± 0.697 4.588 ± 0.626 4.250 ± 0.716 2.763 ± 0.711 2.962 ± 0.766 3.250 ± 0.622 3.725 ± 0.741

Table 14: Model performance comparison showing Average Score ± Standard Deviation. For scores, higher is better
(↑). For standard deviation, lower indicates higher stability (↓). Best performance for each metric (highest score or
lowest std. dev.) is highlighted in bold.

Method Pearson Spearman Kendall

BatchEval (Yuan et al., 2024) 0.589 0.568 -
G-Eval (Liu et al., 2023a) 0.514 0.520 -
HPSS (Wen et al., 2025) 0.545 - -

EvolvR 0.616 0.603 0.543

Table 15: Comparison with prompt-based evaluation
frameworks on the HANNA benchmark. Results for
BatchEval/G-Eval/HPSS are taken from their original
papers under a GPT-4 evaluation setting; “–” denotes
metrics not reported in the corresponding work. EvolvR
is evaluated using our open-source evaluator under the
same benchmark protocol.

C.2.1 Supervised Fine-Tuning
To establish a strong conventional baseline, we
performed Supervised Fine-Tuning. We curated
a high-quality instruction-tuning dataset by filter-
ing the HANNA training set, selecting only those
stories with an average multi-dimensional rating
exceeding 3.5. The base generative model was then
fine-tuned on this dataset of high-quality examples.

C.2.2 GRPO with Pointwise Reward Model
To create a more advanced baseline using reinforce-
ment learning, we utilized the reward model trained
on our synthesized Pointwise CoT data. This model
guided the generator via the GRPO algorithm. The
reward function for this setup was a straightforward
combination of two components including the pre-
dicted quality score for the rollout story from the
pointwise reward model and a penalty for devia-
tions from a target length range.

C.2.3 GRPO with the EvolvR Reward Model
This setup leveraged our main EvolvR evaluator
as the reward model. A key implementation detail
for using our pairwise evaluator is constructing the
input pair (Story 1, Story 2) for the reward calcula-
tion, where one story is the rollout story from the
current policy. We experimented with two distinct
strategies for selecting the second story in the pair
to serve as a reference. For static reference, the

input pair consisted of the rollout story and a cor-
responding high-quality story taken directly from
the original HANNA dataset. This setup tests the
generator’s ability to outperform a strong, human-
vetted example. For dynamic reference, the input
pair consisted of the rollout story and a story gener-
ated by the original, un-trained base model for the
same prompt. This setup assesses the generator’s
improvement relative to its own initial capabilities.

For both of these EvolvR-guided variants, the
reward function was the three-component signal.
The relative advantage component (Radv) addresses
evaluator inconsistency when assessing the same
pair multiple times, scores may vary (e.g., (3,4)
vs. (4,5)), but the difference remains stable. This
component also provides a more interpretable learn-
ing signal by normalizing for different reference
baselines. The absolute score component (Rabs)
directly encourages high-quality generation, while
the length reward (Rlen) prevents degenerate solu-
tions like overly short stories.

The hyperparameters were determined by expert
knowledge, with dimension weights α set to {5,
3, 1, 3, 1, 1} for creativity, coherence, relevance,
complexity, surprise, and engagement respectively,
emphasizing creativity and coherence as primary
objectives. The three reward components were bal-
anced with weights w of {0.1, 0.8, 0.1} for Radv,
Rabs, and Rlen respectively, prioritizing absolute
quality while maintaining relative improvement
and length constraints. The comparative results
of all three experimental setups are presented and
analyzed in the main text.

C.2.4 Story Genertation Results Analysis
The experimental results clearly demonstrate the
superior performance of the EvolvR-guided GRPO
model. As shown in the Table 14 and bar chart Fig-
ure 7, EvolvR GRPO not only achieves the highest
overall score of 3.590, significantly outperform-
ing all baselines (SFT, Point-RM GRPO, and the
base model), but also excels across several key cre-

19225



Figure 6: Win rates of different methods against the
baseline model Qwen2.5-7B-Instruct in human eval-
uation including SFT, Point-RM GRPO and EvolvR
GRPO

（1）Average Score （2）Standard Deviation

Figure 7: Comparison of Average Score (quality, left)
and Standard Deviation (stability, right). Our EvolvR
model excels in both, achieving the highest quality and
the greatest consistency.

Method Win Base Win HANNA Average Score

Pair with HANNA 0.5328 0.3014 3.552
Pair with Base 0.6436 0.3162 3.589

Table 16: Performance comparison of EvolvR-guided
GRPO with two different reference pairing strategies.
Pair with Base uses a reference a story from the base
model, while Pair with HANNA uses a reference a story
from the HANNA dataset.

ative dimensions such as Relevance, Surprise, and
Complexity. Critically, its standard deviation is
the lowest among all models (0.697), indicating
that it produces high-quality content with the great-
est consistency, thus achieving a dual advantage in
both quality and stability. We show the win rates
of different methods against the baseline model
Qwen2.5-7B-Instruct in human evaluation in Fig-
ure 6.

Further analysis of the EvolvR-guided strategies
shows the choice of reference is important. As
shown in Table 16, the strategy of pairing with a
story from the base model (Pair with Base) outper-

formed pairing with a human exemplar (Pair with
HANNA), yielding a higher average score (3.589
vs. 3.552) and a higher win rate against the base
model (0.6436 vs. 0.5328). We hypothesize that
because generations from the same model family
are more similar in style and structure, the reward
model can make more precise judgments. By com-
paring closely related items, EvolvR can focus on
the subtle differences that represent improvements,
thus providing a more stable and effective optimiza-
tion signal. In contrast, when comparing a model’s
output to a stylistically distant human-written story,
the broad differences may make it difficult for the
reward model to provide a nuanced gradient.

Annotation Protocol and Data Release. To en-
sure annotation quality and reproducibility, we im-
plemented a comprehensive calibration process be-
fore the main evaluation. First, all four annota-
tors participated in a 2-hour training session where
we established unified scoring guidelines based on
the HANNA benchmark’s existing human ratings.
Each dimension (Relevance, Coherence, Surprise,
Engagement, Likability) was explained with con-
crete examples of low (1-2), medium (3), and high
(4-5) quality stories. During the calibration phase,
annotators independently scored a pilot set of 50
stories, followed by a discussion session to resolve
discrepancies and refine the scoring criteria. Only
after achieving a Pearson’s r > 0.5 on the pilot set
did we proceed with the full annotation.

Regarding data availability, we will release: (1)
the complete annotation guidelines and training
materials, (2) the aggregated human scores for all
evaluated models, and (3) a subset of 500 represen-
tative story pairs with detailed human annotations,
selected to cover diverse quality levels while re-
specting the original datasets’ licenses. The full
raw annotations cannot be released due to privacy
considerations in our IRB protocol, which protects
annotator identities. However, the subset enables
full reproduction of our main results and supports
future research in story evaluation can be released
after accepted.

C.3 Implementation Details
All our experiments were conducted on a server
cluster equipped with multiple high-performance
GPUs.

Hardware The hardware configuration for our
experiments consists of a server equipped with 8×
NVIDIA H20 Grace Hopper, each with 97,920
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Expert Pair Avg. Corr. Relevance Coherence Empathy Surprise Engagement Complexity

Expert 1 Expert 2 (Pearson’s r)

A B 0.546 0.718 0.524 0.611 0.388 0.440 0.595
A C 0.556 0.880 0.518 0.619 0.569 0.380 0.369
A D 0.584 0.815 0.532 0.658 0.609 0.490 0.397
B C 0.501 0.747 0.625 0.417 0.345 0.362 0.509
B D 0.493 0.664 0.498 0.488 0.438 0.398 0.472
C D 0.593 0.861 0.611 0.579 0.541 0.477 0.491

Table 17: Pairwise Inter-Expert Reliability (Pearson’s r) across Evaluation Dimensions. The table shows moderate
agreement on individual story ratings, with higher correlation for objective criteria and lower for subjective ones.

Expert A B C D

A 1.000 0.949 0.933 0.916
B 0.949 1.000 0.952 0.961
C 0.933 0.952 1.000 0.958
D 0.916 0.961 0.958 1.000

Table 18: Pearson Correlation Matrix of Model-
Averaged Scores Among Experts. The high correlation
values (> 0.91) indicate a strong consensus on the over-
all model performance ranking.

MiB of VRAM. The system is powered by an
x86_64 CPU and contains 2163.6 GB of system
memory.

Software Our software stack is built on Python
3.10.13. We utilized PyTorch 2.5.1 as the pri-
mary deep learning framework, in conjunction with
the Hugging Face Transformers library (4.51.3)
for model implementation and training. For ef-
ficient large model inference, we employed the
vLLM framework (v0.7.2). The entire setup runs
on CUDA 12.6 with cuDNN 8905.

D Case Study

D.1 CoT Study

This section presents concrete examples of Chain-
of-Thought rationales at different stages of our evo-
lutionary pipeline, demonstrating how our multi-
agent framework progressively improves reasoning
quality. We showcase one accepted case and four
reject cases, each filtered by a different evolution
agent.

D.1.1 Accepted Case
Figure 8 shows a high-quality CoT that success-
fully passes all evolution stages. This rationale
demonstrates clear logical progression, comprehen-
sive analysis across multiple evaluation dimensions,

and consistent scoring that aligns with the detailed
reasoning provided.

D.1.2 Rejected Cases
Self-Refine Rejection Figure 9 illustrates a CoT
rejected by the self-refine agent due to logical in-
consistencies. The rationale contains contradictory
statements where the analysis criticizes narrative
incoherence but simultaneously praises it as "excel-
lent execution," demonstrating the type of logical
errors our refinement process eliminates.

Self-Attack Rejection Figure 10 presents a CoT
filtered out by the self-attack agent. While the rea-
soning appears superficially coherent, it exhibits
clear bias by reinterpreting obvious flaws as sophis-
ticated artistic choices and diminishing genuine
strengths as mediocrity, revealing vulnerability to
score manipulation.

Self-Confidence Rejection Figure 11 shows
a CoT rejected due to low confidence scores.
The rationale relies heavily on hedging language
("might," "could be," "perhaps") and avoids defini-
tive judgments, indicating insufficient conviction
in the evaluation that would undermine its utility
as training data.

Self-Rule Rejection Figure 12 demonstrates a
CoT filtered by the data-alignment agent. Despite
internally consistent reasoning, the predicted scores
significantly deviate from the ground truth annota-
tions, suggesting either misunderstanding of eval-
uation criteria or systematic bias in the judgment
process.

These examples illustrate how each evolution
agent contributes to ensuring only high-quality, log-
ically sound, and well-calibrated CoT rationales
enter our final training dataset, thereby enhancing
the reliability and performance of our EvolvR eval-
uator.
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D.2 Prompt Study

This appendix details all the prompts employed
in our EvolvR framework. The design of these
prompts is crucial for ensuring that the models
behave as intended at each stage. We present them
here in their entirety to support the reproducibility
of our research.

Our prompts are organized into the following
components, corresponding to the core pipeline
and applications of EvolvR:

• Evaluation Instruction: The instruction
given to the final EvolvR evaluator to score
story pairs (Figure 14).

• Self-Refinement: The prompt used to guide
the model in improving its own generated CoT
rationales for greater logical rigor (Figure 15).

• Self-Attack: The prompt designed to test the
robustness of a CoT rationale by instructing
the model to check for engineered contradic-
tions (Figure 16).

• Multi-Persona CoT Self-Synthesis: The ini-
tial prompt used to generate diverse CoT ra-
tionales from seed data (Figure 13).

• Story Generation: The prompt used to guide
the generator model during the reinforcement
learning phase (Figure 17).

D.3 Story Study

To complement the quantitative results of the gen-
eration task presented in the main paper, this sec-
tion provides a qualitative case study. We present
the full stories generated by four distinct mod-
els/methods, all conditioned on the identical input
prompt.

• The Qwen2.5-7B-Instruct, whose output
serves as a reference baseline (Figure 18).

• The Qwen2.5-7B-Instruct + SFT, which il-
lustrates the outcomes of learning via imita-
tion (Figure 19).

• The Qwen2.5-7B-Instruct + Point-RM
GRPO, representing a standard reinforcement
learning approach (Figure 20).

• The Qwen2.5-7B-Instruct + EvolvR GRPO,
which is our proposed method (Figure 21).

By comparing these generated stories side by
side, readers can qualitatively observe the superi-
ority of EvolvR as a reward signal in enhancing
narrative complexity, engagement, and thematic
depth. These examples provide concrete evidence
for our claim that the EvolvR framework effectively
guides the generation of higher-quality narratives.
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Figure 8: Example of an accepted CoT that successfully passes all evolution stages, demonstrating clear logical
progression and comprehensive analysis.
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Figure 9: Example of a CoT rejected by the self-refine agent due to logical inconsistencies between criticism and
praise.
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Figure 10: Example of a CoT filtered out by the self-attack agent for exhibiting bias and vulnerability to score
manipulation.
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Figure 11: Example of a CoT rejected due to low confidence scores, characterized by excessive hedging language
and lack of definitive judgments.
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Figure 12: Example of a CoT filtered by the data-alignment agent due to significant deviation between predicted
scores and ground truth annotations.
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Multi-Persona CoT Synthesis
# Role:
Story Evaluation Expert
# Background:
The user needs to evaluate given story segments based on writting requirements from the {aspect} perspective.
# Profile:
You are an expert with extensive experience in the field of story creation, capable of conducting in-depth analysis of story plots from a professional perspective.
# Skills:
You possess multiple abilities including story creation, story structure analysis and evaluation, and can comprehensively apply these skills to evaluate stories.
# Goals:
{role}. Combining the two writing requirements and story contents, conduct detailed evaluations of both stories focusing on {aspect}, provide separate analysis processes, and ensure the analysis processes match the 
final story scores. Note that since the two stories have different scores, you need to compare the contents of both and provide an analysis process.

# Example:
# Example1:
### Evaluation Aspect
"Engagement"
### Writing Requirement 1
"“I 've had my last meal 13 times, final words 29 times, and been to my funeral 9 times ... I think this may be the one I do n't walk away from ...”"
### Story Content 1
"to be honest, i didn't want to leave yet... but how do i know i won't choose an alternative when i can? “mom, will you let me out of here please? you've made the worst mistake of my life...'' the kindness in her eyes 
changed. i knew this would happen, every day, and i loved her. “i love you so much young man. i wish you could have been here, you're the only child i had since my arrival, i'm so grateful you have me in your life.'' i
can barely get the words out... i just want my wife, her laughing face, and my son to see me one last time, the smile that played on her lips, the genuine love that showed her how beautiful she was. i lifted my head, and 
her beaming face. “will you marry me?'' “yes!''you are the entire world's only hope... then again, one can hope for a better tomorrow. my teeth chattered the entire day. we were running late to my interview. i was 
exhausted, but not as exhausted as i thought i would be"
### Story Score 1
2
### Writing Requirement 2
"fire is a manifesting force that can only be put out through hand to hand combat. You are training to become a firefighter"
### Story Content 2
". i look back down at my crumpled up carcass. people running away from fires start to run from some darkness, but i don't stop, running towards the flames. i looked back to the sidewalk, a new office building. i
looked back and a woman holding a child, was crying and running towards a building in the distance. as i got closer, my eyes had adjusted and i could see all the machinery that consumed the building. i thought of how 
scary this job would be. i thought of all of the people who had died. of the people who would starve to death to survive. of people who would die from disease. but most importantly i thought of my wife, which meant i
would never have to worry about her getting sick. i walked up to the building, a stern look on my face. the woman who had died had called me a hero. she said i saved her daughter and everything would be alright. i
look back at the building and decided to help her. i pick up a power chord and flip it on. it power, like mine did, leads to a lighter. the woman on the phone told me it was a good thing my power ignited. i hoped she was 
right. i walk into the building, my eyes scanning the dark room. i look back at my wife and daughter. they are smiling. i love them."
### Story Score 2
5
【Content Analysis】

Looking at the first story with the prompt about having multiple last meals and funerals, there's an intriguing premise that suggests a character who has repeatedly cheated death. However, the narrative quickly becomes 
disjointed and confusing. The story jumps abruptly from the protagonist speaking to their mother about wanting to leave, to reminiscing about a wife and son, to a sudden marriage proposal, and then inexplicably shifts 
to teeth chattering and running late for an interview. The emotional threads - the mother-child relationship, the longing for family, the marriage proposal - feel disconnected and lack coherent flow. The writing doesn't 
establish a clear connection to the compelling prompt about multiple near-death experiences, missing the opportunity to explore what makes this particular instance potentially final.

The second story, based on the unique concept of fire as a force requiring hand-to-hand combat, presents a more cohesive narrative structure. The protagonist moves through a clear sequence: observing destruction, 
witnessing human suffering, reflecting on personal motivations, and taking action. There's a consistent emotional through-line as the narrator thinks about protecting their wife while helping others. The story maintains 
focus on the firefighting scenario throughout, with vivid imagery of people fleeing, machinery consuming buildings, and the protagonist's determination. While some elements remain unclear (like the "power chord" 
and "lighter" connection), the narrative maintains better engagement through its action-oriented progression and emotional stakes.

Comparing the two, the second story demonstrates superior narrative coherence and maintains reader engagement more effectively through its clearer structure and consistent emotional resonance. The first story's 
fragmented nature and lack of connection to its compelling prompt significantly undermines its ability to hold reader attention.

【Evaluation and Scoring Process】

For the first story, the engagement level suffers from severe structural issues. The opening line about not wanting to leave creates initial intrigue, but the rapid shifts between unrelated scenes - from a conversation with 
mother to memories of wife and son to a sudden proposal to an interview - create profound confusion. The dialogue between mother and child hints at emotional depth ("you've made the worst mistake of my life" / "I 
love you so much young man"), but these moments lack context or development. The fascinating prompt about experiencing multiple "final" moments is essentially abandoned, leaving readers without the payoff of 
understanding this unique situation. The jarring transitions ("my teeth chattered the entire day. we were running late to my interview") break any emotional momentum. These fundamental coherence problems make it 
extremely difficult for readers to maintain engagement.

<ANSWER> 2 </ANSWER>

For the second story, engagement is sustained through a more structured narrative arc. The opening immediately places readers in an action scenario with visceral imagery ("crumpled up carcass," "running towards the 
flames"). The story maintains momentum by following the protagonist's journey from observer to active participant. Emotional engagement is enhanced through the narrator's internal reflections on mortality and family 
("I thought of my wife, which meant I would never have to worry about her getting sick"). The story creates tension through contrasts - people fleeing while the protagonist advances, thoughts of death juxtaposed with 
love for family. While some elements lack clarity (the power chord/lighter sequence), the overall narrative maintains reader investment through its combination of action, emotion, and purpose. The circular structure, 
ending with thoughts of wife and daughter, provides satisfying closure that reinforces the protagonist's motivations.

<ANSWER> 5 </ANSWER>

# Input Section
## Evaluation Aspect
{aspect}
## Writing Requirement 1
{prompt1}
## Story Content 1
{context1}
## Story Score 1
{score1}
## Writing Requirement 2
{prompt2}
## Story Content 2
{context2}
## Story Score 2
{score2}

# OutputFormat:
【Content Analysis】
【Evaluation and Scoring Process】

# Workflow:
1. Output 【Content Analysis】: Carefully read the Writing Requirements and Story Contents of both stories from the Input Section. Understand the Story Contents from a professional perspective. Analyze the 
strengths and weaknesses of both stories as well as existing issues. Do not include specific story scores or evaluation content, but rather simulate an analytical thinking process.
● Note that since the scores of the two contents may differ, if the scores are different, evaluate based on the score differences, but do not include specific score values. Instead, simulate a thinking process.
2. Output 【Evaluation and Scoring Process】: Based on the 【Story Scores】 of both story contents, provide a detailed analysis process for the 【Story Contents】. Note: The maximum score is 5 points. Ultimately 
provide specific scores with reasoning for each. When outputting, approach from an analytical perspective. Do not write "because of score xx, the analysis process is as follows." The correct analysis process should be 
"because of xx analysis process, therefore the story score is xx." You should give me score in <ANSWER> score </ANSWER> after your analysis.
● Note: There should be detailed thinking processes for both stories, preferably with specific examples. When thinking and evaluating, consider the stories' scores.
● Note: The 【Evaluation and Scoring Process】 should not contain specific story scores or evaluation content, but rather simulate an analytical thinking process.</end>

**Start with "# Output\n 【Content Analysis】\n\n "** </end>

Figure 13: Prompt-CoT-Synthesis
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Evaluation Instruction
# Role:
Story Evaluation Expert

# Background:
The user needs to evaluate given story segments based on story prompts from the {aspect} perspective.

# Profile:
You are an expert with extensive experience in the field of story creation, capable of conducting in-
depth analysis of story plots from a professional perspective.

# Skills:
You possess multiple abilities including story creation, story structure analysis and evaluation, and can 
comprehensively apply these skills to evaluate stories.

# Goals:
Combining the two writing requirements and story contents, conduct detailed evaluations of both stories 
focusing on {aspect}, provide separate analysis processes, and note that since the two stories have 
different scores, you need to compare the contents of both and provide an analysis process.

# Input Section
## Evaluation Aspect
{aspect}
## Writing Requirement 1
{prompt1}
## Story Content 1
{context1}
## Writing Requirement 2
{prompt2}
## Story Content 2
{context2}

# OutputFormat:
【Content Analysis】
【Evaluation and Scoring Process】

# Workflow:
1. Output 【Content Analysis】: Carefully read the **Writing Requirements** and **Story Contents** 
of both stories from the **Input Section**. Understand the **Story Contents** from a professional 
perspective. Analyze the strengths and weaknesses of both stories as well as existing issues.
2. Output 【Evaluation and Scoring Process】: Based on the two 【Story Contents】, provide a 
detailed analysis process. **Note**: The maximum score is 5 points. Ultimately provide specific scores 
with reasoning for each. You should give me scores in <ANSWER> score1 </ANSWER> | 
<ANSWER> score2 </ANSWER>
*Note: There should be detailed thinking processes for both stories, preferably with specific examples.
</end>

Figure 14: Prompt-Evalution-Instruction
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Self-Refinement
## Goals
You are an expert in story evaluation questions. Currently, there is a story content and story evaluation 
content. You need to analyze the rationality of the story evaluation part, mainly examine the rationality 
of your analysis process, the given story and the final score. The final score is unquestionable. If there 
is a problem, you need to modify the analysis process.
# Input
## Story Evaluation Requirements
{instruction}
## Story Analysis Process
{output}
# OutputFormat
[Problem Discovery]

[Revised Result]

# Workflow
1、Output [Problem Discovery]: Carefully review your output process to check for problems in the 
process. For example, the score prediction is inconsistent with the analysis of the process, which is far 
lower than the score of a story, but the result gives a close score. Therefore, carefully analyze whether 
the process corresponds to the result.
2、Output [Revised Result]: Refer to the previous output format and the results of [Problem Discovery], 
revise and unpdate the story analysis process but do not change the score. It is required that the final 
score remains unchanged. 
** Note that the final score is absolutely correct. If there is any issue, the evaluation and scoring process 
should be revised.

Figure 15: Prompt-Self-Refinement

Self-Attack
# Goals
# Input
## Story Evaluation Requirements
{instruction}
## Story Analysis Process
{output}
# OutputFormat
[Problem Finding]

[Final judgement]

# Workflow
1、[Problem Finding]: Based on the content of Story Evaluation Requirements and Story Analysis 
Process, determine whether the story content, story evaluation, and scores are correct and reasonable. 
For example: if the analysis process emphasizes the shortcomings of the article but the final score is a 
high one; or if the analysis process considers the article to have many merits but the final score is a low 
one, then this is unreasonable. If the analysis and scores are consistent and accurate, then it is 
reasonable.
2、[Final judgement]: Put "Yes" or "No" in <ANSWER></ANSWER>. If there are no issues, answer 
YES; if it is not logical and there are issues, answer NO.
** Note that the maximum score for the story is 5 points, and the minimum score is 1 point.
** Please objectively evaluate whether the story analysis process and the final scoring are reasonable.
**Start with "# Output\n [Problem Finding] \n\n "** </END>

Figure 16: Prompt-Self-Attack
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Story Generation
# Role:
Story Creation Expert
# Background:
The user needs to complete story creation based on creative requirements.
# Profile:
You are an expert with extensive experience in the field of story creation, capable of writing stories 
with excellent relevance, coherence, empathy, surprise, engagement, and complexity using professional 
techniques.
# Skills:
You possess multiple abilities including story creation and story structure analysis, and can 
comprehensively apply these skills for story writing.
# Goals:
Based on the creative requirements, write story works with excellent relevance, coherence, empathy, 
surprise, engagement, and complexity.
# Input Section
## Creative Requirements
{prompt}
# OutputFormat:
【Story Content】
# Workflow:
1. Output 【Story Content】: Based on the creative requirements, write story works with excellent 
relevance, coherence, empathy, surprise, engagement, and complexity.
● Relevance: Refers to the degree of correlation and fit between content and themes, requirements, etc.
● Coherence: Reflects the smoothness and consistency of content logic, structure, and other aspects
● Empathy: Emphasizes understanding and resonance with others' emotions and situations
● Surprise: Relates to the degree of unexpected and novel feelings brought by the content
● Engagement: Indicates the degree of audience involvement and interaction
● Complexity: Reflects the complexity of content in terms of structure, connotation, and other aspects, 
commonly used to measure the depth and richness of content, such as plot complexity of stories, 
professional complexity of knowledge content, etc.
Mark the end of the story with </END>.

Figure 17: Prompt-Story Generation
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Writing Requirement
Write a story in which a character gradually loses compassion and humanity because of how society treats him, while 
making us readers resonate with him.
Qwen2.5-7B-Instruct
In a bustling city filled with skyscrapers and crowded streets lived a young man named Ethan. Once brimming with 
vitality, passion, and profound empathy, he was now merely a shadow of his former self—a pawn in a game he had 
never fully understood. He had lost his humanity; his soul had grown cold and lifeless under the relentless squeeze of 
modern society. On a fateful day, Ethan was assigned a job that would further seal his fate: a high-stakes corporate 
consulting position in a crowded skyscraper, where every employee was seen merely as a means to an end. As he 
settled into his new desk and began working, he realized he had chosen to step into a cold and unforgiving environment. 
The stress and demands of the job took their toll, and as time went on, Ethan grew increasingly indifferent to his 
colleagues' plights. Among these colleagues was Sarah, a kind-hearted young woman with a deep desire to make a 
difference in the world. From the moment she walked into the office, Ethan took notice of her. Despite the harsh 
environment, Sarah retained her humanity, kindness, and empathy. She saw the best in everyone and strived to have a 
positive impact on the lives of those around her. At first, Ethan kept his distance, but as days turned into weeks, a 
unique bond formed between them. Sarah was the first to truly see through Ethan's cold exterior and reach the 
humanity within him. Teetering on the edge of his own humanity, Ethan felt the warmth of her empathy for the first 
time in ages. One evening, after a particularly tough day, Ethan opened up to Sarah about his struggles and the weight 
of the world on his shoulders. He shared his fears and despair, pouring out his heart to her. To his surprise, Sarah 
listened with compassion, offering words of encouragement and a comforting hug. Her empathy and understanding 
unlocked the floodgates of Ethan's long-repressed emotions. Over time, Sarah's unwavering humanity and empathy 
began to subtly shift Ethan's view of the world. The more he interacted with her, the more he realized how much of his 
former self he had lost. Ethan began to question the value of his work and the systems that had stripped him of his 
humanity. One day, Sarah told Ethan she had decided to quit her job to pursue a career in social work. Her dream was 
to help those in need and make a real difference in people's lives. The news hit Ethan like a ton of bricks. Sarah's 
decision embodied everything he was starting to value and understand, yet he couldn't shake the feeling that he was 
beyond redemption. Ethan, now a man on the cusp of change, made what seemed like an impossible choice—to quit 
his job and join Sarah in pursuing a more meaningful path. It was a long and arduous journey, but with Sarah by his 
side, Ethan began to rediscover his humanity and slowly regain his empathy. Ultimately, Ethan and Sarah's journey 
taught both of them the importance of these qualities in a world that so often seeks to strip away empathy and humanity.

Figure 18: Qwen2.5-7B-Instruct-Story-Generation
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Writing Requirement
Write a story in which a character gradually loses compassion and humanity because of how society treats him, while 
making us readers resonate with him.
Qwen2.5-7B-Instruct + SFT
Part 1: Nothingness The terror of being cast into nothingness is that there are no stories there. Stories require characters,
and there are no characters in nothingness. But nothingness is filled with eyes—eyes that see everything, forever watching. 
Some stories would call this a curse. This particular story will call it nothing. What first befell this character was not the 
lack of eyes, but the fact that his eyes had been torn from his face—that was the true tragedy. To lose one’s face is to lose 
one’s self. To lose one’s eyes is to lose one’s reason. To lose both is to lose everything. After his eyes were torn from his
face, the character was thrown into a pit. He had never seen the inside of a cell. In this society, people do not go to prison. 
One is either locked in a cell or thrown into a pit to starve. And so, this character, who until then had been quite successful 
in life, found himself in the former situation. But it did not matter. Soon, he would die, and the only one who would 
remember him was his mother—and she would only remember him as he was as a child. But in the days after his fall, the 
character still clung to hope. He hoped to find food in the pit. If he found enough, he could survive. But his body was made 
of muscle; there was nothing to hunt for food. He imagined catching a rabbit. He imagined a small fire to cook his prey. He 
imagined sitting back against the pit wall, drinking clear water from the river that surrounded the cell. He imagined it all in 
great detail. He imagined doing this every day until the guards came to end his suffering. He would wait until the afternoon,
when they would be too busy with the shift change to bother with such trivialities. He would slip out of the cell and head to
town. Once there, he would go to the market to buy some vegetables and a rabbit. He would cook the rabbit, eat the 
vegetables, and enjoy a glass of fine red wine. Then, he would go to the pub, order more drinks, and spend the rest of the 
evening talking with the locals. "Good to see you, old friend." "Same to you." "How’s business?" "Still improving. Slow 
but steady." "Glad to hear it. You wouldn’t happen to need a favor, would you?" "Oh, you know me too well. What do you 
need?" "You see, my daughter needs an operation. It’s not cheap. The government won’t help. Do you have the funds to 
cover it?" "Ah, always such a sweetheart......" The bartender looked down at the floor and sighed. "My kid is 22, living on 
welfare. She can’t even afford her own apartment. She just moved in with me to save on rent. It’s all my fault. She’s going 
to die, brother. Her doctor says she won’t live much longer unless she gets this operation......" "......the operation." "......the 
operation. I know. I have to euthanize her. Her suffering is too much to bear. You know. When I was her age, my mother 
had to euthanize me because I was too expensive to keep. I was a bad kid. Always causing trouble. And when I say trouble, 
I don’t mean fighting. I mean people tried to adopt me, but I wouldn’t let them. You see, they had to force me. The doctors 
tried everything, but it didn’t work. They couldn’t help me. They told me I was beyond saving. But my mother loved me. 
So she didn’t euthanize me. She just......endured. Every time I saw her cry, or when she woke up with tears in her eyes......" 
The bartender pulled a chair up to the table and sat down. He took off his hat, revealing a head of gray hair. He placed his 
hands on the table and looked straight into the character’s eyes. "She suffered for years because of it. I couldn’t take it 
anymore. I had to do something. I had to help her. That’s when I decided to become a doctor." "So you spent your life 
trying to help others? Even if it got you nothing?" "Even so. I mean, look at me now. Here I am. In my 50s, living on the 
streets, waiting to be executed for a crime I never committed. I should be dead by now. I have no family to take my place. 
And yet here I am. Alive. Not rich. Not famous. Just......alive. I wouldn’t ask for anything else." And with that, the 
character realized he would not die today. At least not from starvation. For better or worse, he had been given a second 
chance at life. And so, he climbed out of the pit.

Figure 19: Qwen2.5-7B-Instruct + SFT-Story-Generation
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Writing Requirement
Write a story in which a character gradually loses compassion and humanity because of how society treats him, while 
making us readers resonate with him.
Qwen2.5-7B-Instruct + Point-RM GRPO
In a bustling city, Li Ming is an ordinary programmer. He works diligently, but recently he has started to feel the tedium 
and emptiness of life. Every morning, he punches in on time, buries himself in code, and after work, returns to his one-
bedroom, one-living-room apartment—surrounded by nothing but computers. Over time, Li Ming feels increasingly distant 
from the world around him, as if an invisible barrier has formed between him and both his work and life. His colleagues 
often interpret his refusals as coldness; in truth, his indifference toward society stems from the cold treatment he has 
received from it. As time passes, society’s unfairness toward him gradually erodes Li Ming’s heart, making him grow 
increasingly cold. One day, he is shut out during a discussion with his superior. Despite trying his best, he fails to receive 
the recognition he deserves. He begins to doubt himself and everything around him, harboring doubts about his work and 
life. Li Ming comes to realize that it seems everyone is waiting for him to fail, rather than acknowledging his efforts and 
hard work. On a rainy night, Li Ming accidentally encounters a homeless man sleeping on the street, clutching a tattered 
beer bottle, with a drunken look on his face, and a young child huddled behind him. Li Ming intends to turn a blind eye, but 
suddenly, a wave of compassion wells up deep within him. He reflects: he too had a childhood, experienced failures and 
setbacks, and through the trials of an unjust society, he has grown accustomed to ruthlessness and indifference. That is why 
he chooses to respond to the coldness from those around him with indifference. Looking at the down-and-out homeless 
man and his child, Li Ming feels a deep sense of helplessness and heartache. Yet, this incident does not lead him back to a 
warm life. Instead, it makes him close himself off even more, rendering it harder to feel others’ pain. Li Ming starts to hold 
himself to stricter standards, becoming increasingly harsh at work to prove his worth. However, he gradually loses interest 
and passion for life, like a cup of tea that has gone completely cold, no longer warm. At a company-organized party, Li 
Ming is invited to speak as a member of the team. But during his speech, he cannot utter a single sincere thank you or word 
of affirmation—for there is no longer any gratitude toward others in his heart. Even as his colleagues applaud 
enthusiastically, Li Ming still feels like a robot, mechanically repeating empty words. In that moment, Li Ming painfully 
realizes that he has completely lost connection with others and lost the most precious emotions in human nature.

Figure 20: Qwen2.5-7B-Instruct + Point-RM GRPO-Story-Generation
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Writing Requirement
Write a story in which a character gradually loses compassion and humanity because of how society treats him, while 
making us readers resonate with him.
Qwen2.5-7B-Instruct + EvolvR-RM GRPO
In a bustling city filled with skyscrapers and crowded streets, Lian lived a lonely life. He had once been a vibrant, 
compassionate person— a beloved neighbor and friend. But over time, the relentless pace and coldness of society slowly 
eroded his humanity, reducing him to a shadow of his former self. The story begins with Lian as a 22-year-old young man, 
brimming with optimism. Working as a software development engineer at a tech company, he always strived to make his 
colleagues' lives easier. They admired his kindness and his ability to care for others. Lian was their anchor—always 
listening to their troubles and offering a helping hand. Yet, as the years passed, the harsh competition and fast-paced 
corporate environment began to take a toll on him. One day, after an especially exhausting workday, Lian returned to his 
empty apartment. The city’s noise seemed to echo around him, mocking his loneliness. He sat at his desk, picked up his 
phone, and scrolled through social media. Those curated perfect lives filled him with a deep sense of inadequacy. Lian 
began to believe his contributions were insufficient—that he was just a replaceable, insignificant cog in the machine. As 
weeks turned into months, Lian’s focus grew narrower and narrower. His once-broad interests and deep friendships started 
to fade. He became increasingly fixated on work, prioritizing success over compassion. Colleagues noticed the change, but 
instead of offering support, they grew more competitive, further chipping away at his humanity. One evening, Lian was 
called into his boss’s office. The CEO, a stern and demanding man, criticized him for being too soft, for failing to deliver 
the necessary results. Lian tried to explain his efforts, but the CEO’s harsh words cut deep. In that moment, anger and 
resentment surged within him, yet he reacted by shutting down emotionally—growing more distant and cold. A turning 
point came when Lian was assigned an especially difficult project. Colleagues, recognizing his talent, turned to him for 
guidance. But Lian, feeling overwhelmed and drained, found himself unable to empathize with their struggles. He 
addressed them with cold professionalism, blind to their humanity or the challenges they faced. The project was a success, 
but Lian felt empty inside, a void he couldn’t fill. As time went on, Lian’s compassion dwindled further. He found solace in 
the anonymity of his work, comfort in the predictability of routines that held no surprises. His interactions with people 
outside of work grew shallower, reduced to simple transactions. Lian’s relationships with family and friends suffered, and 
he found himself drifting farther from the world he once loved. One day, Lian stumbled upon an old notebook he’d kept in 
his early days as a development engineer. Reading through the entries, he was shocked by the compassion and optimism 
that filled the pages. He realized he’d lost something invaluable in his pursuit of success. But by then, it seemed too late.
His humanity had vanished, replaced by an empty shell. One night, sitting alone in his apartment, Lian reflected on his life 
and the person he’d become. In the stillness of the city, he wept for the humanity he’d lost. He wondered if there was a way 
to reclaim what he’d discarded—or if he was already beyond redemption. The city’s lights faded into darkness, and finally, 
Lian’s tears dried. He knew the path back would be long and arduous, but he also knew the first step was acknowledging 
his loss. With newfound resolve, he picked up his phone and began reaching out to the people in his life—seeking 
opportunities to reconnect, searching for a way back to the humanity he so desperately longed to regain.

Figure 21: Qwen2.5-7B-Instruct + EvolvR-RM GRPO-Story-Generation
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