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Abstract

Reinforcement learning (RL)-based enhance-
ment of large language models (LLMs) often
leads to reduced output diversity, undermin-
ing their utility in open-ended tasks like cre-
ative writing. Current methods lack explicit
mechanisms for guiding diverse exploration
and instead prioritize optimization efficiency
and performance over diversity. This paper pro-
poses an RL framework structured around a
semi-structured long Chain-of-Thought (CoT),
in which the generation process is decom-
posed into explicitly planned intermediate steps.
We introduce a Diverse Planning Branching
method that strategically introduces divergence
at the planning phase based on diversity varia-
tion, alongside a group-aware diversity reward
to encourage distinct trajectories. Experimental
results on creative writing benchmarks demon-
strate that our approach significantly improves
output diversity without compromising genera-
tion quality, consistently outperforming exist-
ing baselines. The code and data are available
at https://github.com/Aman-4-Real/DPWriter.

1 Introduction

Diversity is a fundamental characteristic of the
world and a core manifestation of human creativ-
ity (Fischer, 2005; Edmonds, 2008; Wang et al.,
2026). As large language models (LLMs) continue
to advance in reasoning capabilities (Chen et al.,
2025a), and more recently by reinforcement learn-
ing (RL) (Schulman et al., 2017; Shao et al., 2024;
Lu, 2025; Bhaskar et al., 2025), the diversity exhib-
ited in their generated texts has become particularly
important. However, users may experience a signif-
icant loss of content diversity when collaborating
with LLMs for creative writing (Padmakumar and
He, 2024). This issue is even more pronounced in
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Figure 1: Comparison among three generation
paradigms. Our semi-structured reasoning paradigm
introduces global planning before reasoning, providing
high-level guidance while maintaining higher quality.

models trained with reinforcement learning from
human feedback (RLHF) (O’Mahony et al., 2024).

To alleviate the diversity decline caused by RL
training (Kirk et al., 2024; Padmakumar and He,
2024; Shypula et al., 2025), a growing body of
works are proposed (He et al., 2025; Li et al., 2025a;
Anschel et al., 2025), yet several challenges re-
main in effectively enhancing diversity for LLMs.
First, many approaches focus on modifying reward
functions (Tuyls et al., 2025; He et al., 2025; Li
et al., 2025a). However, these methods largely
leave the rollout process unconstrained, provid-
ing limited control over how diverse trajectories
are explored during RL. Second, some methods
investigate branching or forking strategies to ex-
plore diverse trajectories (Zheng et al., 2025a; Li
et al., 2025¢; Guo et al., 2025), but they primar-
ily focus on improving sample efficiency (Zheng
et al., 2025b; Wen et al., 2025) or overall perfor-
mance (Liu et al., 2025b), rather than explicitly tar-
geting diversity as an intrinsic objective. Moreover,
they typically branch rollouts from high-entropy to-
kens (Wang et al., 2025b), which makes the branch-
ing process less controllable.

In this paper, we propose DPWriter, which uses
a semi-structured long Chain-of-Thought (CoT) as
a scaffold to guide the RL process for improved di-
versity in LLMs. As shown in Figure 1, by decom-
posing the generation process into multiple stages,
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beginning with a global planning phase followed
by long CoT reasoning and final response gener-
ation, our method provides explicit intermediate
stages that facilitate diverse exploration. Specifi-
cally, we introduce a Diverse Planning Branching
(DPB) method that strategically branches diverse
plans at our rollout-time DPB stage based on their
diversity, allowing for more controlled and effec-
tive exploration of diverse trajectories. We also
incorporate a diversity reward that evaluates the
diversity contribution of each response based on
its group, collaborating with our rollout-time DPB
strategy to further encourage diverse generation.
Extensive experiments on various creative writing
benchmarks demonstrate that our approach signif-
icantly enhances the diversity of LLM-generated
texts while maintaining high quality, consistently
outperforming existing baselines. The main contri-
butions of this work are as follows:

o Diversity-guided RL framework. We propose a
novel RL framework that leverages semi-structured
long CoT to guide the generation process. To sup-
port this, we construct a curated dataset comprising
43K writing instructions with semi-structured long
CoT and high-quality responses.

o Planning-level diversity mechanisms. We intro-
duce a Diverse Planning Branching (DPB) method
that strategically branches candidate plans, along
with a diversity reward that evaluates each response
according to its contribution within a group. This
design enables controlled exploration and effec-
tively promotes diverse generation trajectories.

o Experimental validation. Experiments on mul-
tiple creative writing benchmarks demonstrate that
our method significantly improves the diversity of
LLM-generated texts while maintaining high gen-
eration quality, consistently outperforming existing
baselines. Further analysis reveals that the DPB
method and diversity reward work synergistically,
jointly promoting more diverse generation.

2 Related Work

Diversity in Non-RL Training. Previous stud-
ies have shown that supervised fine-tuning (SFT)
or preference optimization may reduce output di-
versity (O’Mahony et al., 2024; Kirk et al., 2024),
motivating another line of work aimed to allevi-
ating this issue during training. Li et al. (2025¢e)
emphasizes the overfitting issue inherent in SFT
and introduces a game-theoretic framework to ad-
dress the limitations of cross-entropy loss. For

preference optimization, some studies (Lanchantin
et al., 2025; Deshpande et al., 2025) propose modi-
fications to DPO (Rafailov et al., 2023) that focus
on improved selection of diversified data samples.
Other methods (Chung et al., 2025; Nath et al.,
2025) promote both output diversity and quality by
employing weighted training objectives that better
capture nuanced preferences.

RL-based Methods for Diversity. More re-
cently, reinforcement learning (RL) has demon-
strated strong effectiveness in improving model
capabilities (Wei et al., 2025; Bhaskar et al., 2025),
leading to increased attention to methods that boost
diversity during RL training. A primary strategy
modifies the reward in policy gradient methods like
GRPO (Shao et al., 2024) by introducing diversity-
aware bonus (Anschel et al., 2025; Tuyls et al.,
2025) or penalty terms (Chen et al., 2025b; He
et al., 2025; Li et al., 2025a) , which are com-
puted using diversity metrics over a group of gen-
erated responses. The common goal is to shape the
policy gradient to favor diverse and high-quality
outputs. In addition, some researchers have ex-
plored alternative approaches to adjust RL objec-
tives, such as incorporating token-level entropy reg-
ularization (Yao et al., 2025), designing semantic
diversity terms (Chen et al., 2025c¢), or decoupling
an entropy component from the KL divergence
term (Slocum et al., 2025).

Although some studies investigate branch-
ing or forking strategies to enhance RL explo-
ration (Zheng et al.,, 2025a; Li et al., 2025c;
Guo et al., 2025), they primarily aim to im-
prove sample efficiency (Zheng et al., 2025b; Wen
et al., 2025) and overall performance (Liu et al.,
2025b) rather than explicitly promoting diversity.
Moreover, these works mainly focus on high-
entropy tokens (Wang et al., 2025b) as branching
points (Zheng et al., 2025a; Liu et al., 2025b) or
set fixed segment lengths for branching (Li et al.,
2025c¢; Guo et al., 2025), which makes the result-
ing rollouts less controllable. Unlike prior work,
our method integrates a semi-structured long CoT
reasoning process with diversity-aware branching
strategies to explicitly encourage the exploration of
multiple, divergent planning pathways, making it
suitable for open-ended creative writing tasks.

3 Preliminaries

Task Formulation. Given an instruction ¢ ~ Q
from an open-ended task like creative writing, the
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goal of a model M is to generate a response y to
the instruction, i.e., y ~ M(-|q). Using long CoT
reasoning to generate a response can be formulated
as first generating a reasoning chain c, followed by
generating the final response, i.e., ¢ ~ M(+|q) and
y ~ M(+|q, ¢). However, existing CoT reasoning
processes are unstructured and implicitly learned,
lacking explicit planning representations.

To allow high-level objectives to directly shape

subsequent reasoning and final responses, we
propose a semi-structured long CoT reasoning
paradigm that introduces an explicit planning stage
before reasoning. Specifically, the model first gen-
erates a global plan p for the response, then pro-
duces a reasoning chain ¢ conditioned on both
the instruction and the plan, and finally gener-
ates the response conditioned on all of them, i.e.,
p ~ M(|g), c ~ M(:|g,p) and y ~ M(:|g,p, c).
In our proposed paradigm, as shown in Figure 1,
the plan p serves as a high-level structural guide for
the subsequent free-form reasoning and response
generation. This strikes a balance between the flex-
ibility of unstructured reasoning chains and the
control provided by explicit planning.
RL for LLMs. In the context of RL for LLMs,
the model M is treated as a policy mg with param-
eters 6, and the generation process is formulated
as a Markov Decision Process (MDP). At time
step t, generating a token a, is treated as taking an
action in state s;, where the state consists of the
instruction and all previously generated tokens i.e.,
st = (q,a1,az9,...,a;—1). In our semi-structured
reasoning paradigm, the generation of a rollout o
can be denoted as the following distribution:

L,
mola)= [] [Ime(a” la7<).

re{p,cy} =1

where T iterates over the plan p, reasoning chain
¢, and response y. L is the length of sequence T,
and al(T) is the [-th token in it. The objective of RL
is to maximize the expected cumulative reward:

J(0) = Eomrg(lq) [7(q,0)], (2)

where 7(g, 0) is the reward function that evaluates
the quality of rollout o given the instruction gq.

Group Relative Policy Optimization (GRPO).
Our method is built upon GRPO (Shao et al., 2024),
arecent RL algorithm that discards the critic model
and estimates advantages within a group of n roll-
outs {0;}?"_; generated by the old policy 7y, as

Instruction: Without describing spring scenery, write a 1,000-word story set in
spring, with detailed and down-to-earth storytelling.

Long CoT with Planning Long CoT

<think>

To respond creatively, | first conduct a
divergent analysis from multiple perspectives
and then think carefully step by step.
ggoal>Goal and audience: Share a real-life
spring story for readers who enjoy rich details,
especially ..., and ordinary people.</goal>
ginfo>Information and perspective: Focus on
an old noodle shop and its owner. ... Use a
third-person perspective ... /infox
gstruct>Structure and logic: Linear narrative.
Start with ..., and end with emotional reson-
ance. Tight structure, rich details. /structy
glang>Language and style: Simple, conversa-
tional language. Emphasize vivid details ...
Concise and direct, with emotion. </lang>
Kpres> Presentation and experience:
Immersive scenes with specific details ...
leaving them feeling hope for life.</pres>

<think>

Alright, | need to think through
this spring story carefully. The
user wants a story set in spring
but without writing about
spring scenery, with details

| believe this story can meet
the user’s requirements:
grounded, detailed, and
emotionally touching.

</think>

Response

# A Spring Encounter

Master Wang's noodle shop
had been open for more than
twenty years without a single
day’s break.

To craft a story set in spring without directly
depicting spring scenery, one must first
consider ... and evoking hope and warmth
from the smallest of details.

</think>

After all, spring is not just a
season—it’s a time when
memories and hopes
intertwine.

Figure 2: An example of the original long CoT data and
the semi-structured long CoT with planning. Texts with
colored  background represent special tokens.

in (Schulman et al., 2017). GRPO optimizes the
policy mp by maximizing the following objective:

Jorro(f) = Bing {0} ~may (1) 3

|oi ]

i 3 [CLIP(pi, A1) — BDKw(mol 7o)
1 t=1

n
1
n

1
M is the importance sam-
0014 (03,¢10,0i, <)
pling ratio at step j of rollout o;. The clip func-
tion CLIP(pZ7t,At) = min(pi,tAt,clip(pi7t, 1 -
€,1+ €)A;) is used to limit the policy update step
size (Schulman et al., 2017), and the Dk, term pe-
nalizes the divergence from a reference policy g,
to further ensure stability, with 5 being the penalty
coefficient. Given rewards {r;}!" ; of a group of
rollouts {o;}!" ;, the advantage A; for each rollout
is computed as A; = Ii=" where 7 and o, are the

or

mean and standard deviation of the rewards.

where p; ; =

4 Constructing Semi-structured CoT
Data with Planning

We present a two-step method for constructing
semi-structured CoT data through multi-aspect
planning and plan-consistent reasoning, enhancing
coherence and controllability.

Multi-aspect Planning Generation. Given an
input instruction ¢, a long CoT reasoning ¢, and
a target response y, the goal is to generate a plan
p that outlines key aspects to guide both the CoT
and response generation. Inspired by rhetorical and
writing theories (Bitzer, 1968; Flower and Hayes,
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Diverse Planning Branching (DPB)

planning segment s,
less distinct, not select <info> Focus ol
Maintain a

<think>

Instruction

Write a story
about three
friends at
four AM
without using
any dialogue.

atmosphere-driven storytelling. </goal

K branches

third-person perspective

Select N most diverse branches by D(-)
Join the chosen ones to candidate set C

planning segment s, Responses
. # Echoes of Four
1 shared predawn sensation branching The world outside still slept
1 intimate point of view....</info L like water in winter sunlight,
i but inside the apartment
CoT occupied by three friends,
something stirred. Their 4
<Jthink AM tradition followed an
unwritten script, each ...
Long # The Silent Dawn
GOl The morning light finds its
@ way through the grimy
windows of the Workshop,
</think> illuminating the cluttered
“three little pigs” setting as an allegory. An - space with a pale glow,
“‘:f \asizes inner lives ... </info> branching Three figures sit among the

chaos—worktables pushed ...

A Group of N rollouts

Figure 3: An overview of our Diverse Planning Branching method. During RL, at each planning segment, we
branch out multiple diverse continuations from each candidate, forming a pool of candidates. We then select the
most diverse ones to proceed to the next segment, ultimately generating diverse final responses.

1981; Cao et al., 2022; Spangher et al., 2025), we
design a multi-aspect planning framework that in-
cludes the following aspects:

e Goal and Audience: To define and identify the
primary objective and target audience.
o Information and Perspective: To highlight the
key information to be included and the perspective
or viewpoint to be adopted.
o Structure and Logic: To outline the logical flow
and structure of the response, including main points
and their organization.
e Language and Style: To specify the desired tone,
vocabulary, and stylistic elements to be used.
e Presentation and Experience: To describe how
the information should be presented to enhance
reader engagement and experience.

We employ GPT-4.1 (OpenAl, 2025) to produce
the plan p based on the instruction g and response
y. Details of the used prompt are in Appendix A.3.

Plan-consistent CoT Generation. However, di-
rectly inserting the generated plan p at the begin-
ning of the long CoT ¢ may introduce inconsistency
between the plan and the reasoning process. To
overcome this, we use the constructed plan p to re-
vise the original CoT c into a plan-consistent CoT
. This is achieved by using GPT-4.1 to revise the
original CoT c based on the plan p, ensuring align-
ment with the planned aspects while preserving the
original information to avoid information drift. The
revision prompt is provided in Appendix A.3.

We introduce special tokens like (goal),
(/goal), (info) and (/info), etc., to enclose in-
dividual aspects of the plan p, making the struc-
ture explicit and easier for the model to recognize
and follow. An example of (g, ¢,y) and the semi-
structured CoT (q, p, ¢, y) is shown in Figure 2.

5 Method

In this section, we present Diverse Planning
Branching method and Rewarding Diversity Con-
tribution strategy, which exploit planning control-
lability in semi-structured CoTs to enhance rollout
diversity and response quality.

5.1 Diverse Planning Branching

Planning Capability Cold Start. The initial
semi-structured long CoT (p, ¢) provides explicit
planning cues and a consistent CoT reasoning pro-
cess, both of which are reflected in the final re-
sponse y. To equip the model with this capability,
we first cold-start the base model through super-
vised fine-tuning (SFT) on the semi-structured CoT
data, allowing it to learn the planning formats and
generate coherent CoT reasoning. As shown in
Section 6.3, SFT using our semi-structured data
yields performance comparable to or exceeding
that obtained with other CoT datasets.

Branching Planning Segments. In the RL stage,
the cold-started model acts as the policy model .
Given an instruction ¢, the model first generates
the planning part before producing the CoT ¢’ and
response y. By explicitly encouraging exploration
over diverse planning strategies at each planning
point, the policy induces diverse reasoning paths
and final outputs. This, in turn, offers the reward
model a broader set of high-quality candidates, im-
proving both generation quality and diversity.

As shown in Figure 3, we identify S planning
segments in the semi-structured CoT format, each
segment s is delimited by start and end tokens
(et tend) (e.g., (goal) and (/goal)). During
generation, for each planning segment s, we ex-
pand every candidate in the current candidate set
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C by sampling K continuations starting from t$"
until reaching the corresponding ending token £,
Here, K denotes the branch factor, which controls
the number of diverse continuations generated for
each candidate. This process yields a candidate
pool of size |C| x K. To select G candidates for the
next segment, where G is the group size, we mea-
sure candidate diversity using a predefined diversity
metric D(-) and select the most diverse candidates.
For the first segment, the G candidates are selected
directly from the entire pool. For subsequent seg-
ments, we select one candidate from each group of
continuations originating from the same previous
candidate, thereby ensuring diversity across differ-
ent branches. After processing all S segments, we
decode each candidate in C completion, yielding
B x G final responses for a batch of B instructions.
Diversity Metrics. To measure candidate diver-
sity during branching, we consider two types of
metrics: (1) N-gram-based Diversity, which cal-
culates distinct n-grams across candidates to en-
courage lexical variety, and (2) semantic Diver-
sity, which measures the average pairwise cosine
distance between candidate embeddings by using
an off-the-shelf embedding model (i.e., Qwen3-
Embedding-0.6B (Zhang et al., 2025a)) to capture
semantic differences. These metrics jointly encour-
age exploration of diverse reasoning paths.

5.2 Rewarding Quality and Diversity

To encourage reasoning paths that yield both high-
quality and diverse responses, we follow previous
works (Chen et al., 2025b; He et al., 2025; Li et al.,
2025a) by jointly incorporating quality and diver-
sity rewards during RL training.

Quality Reward. For the quality reward, we uti-
lize a reward model Ry trained on human pref-
erence data to assess the quality of generated re-
sponses. Given a response y; to an instruction g,
the quality reward is defined as:

(¢, y;) = Ro(q,y:), 4)

This reward encourages the model to generate re-
sponses that align with human preferences.

Diversity Contribution Reward. To further pro-
mote diversity among the generated responses, we
introduce a Diversity Contribution Reward, which
measures how much a response contributes to the
overall diversity of the response group. The core in-
tuition is to reward responses that introduce unique
elements not shared by others, thereby promoting

varied content generation. Formally, given a re-
sponse group Y = {y1, Y2, . .., yn} for an instruc-
tion ¢, the diversity contribution reward for a re-
sponse y; is defined as:

D(yz‘,y\{yi}))’

T?iv(Q7yi7y) :Norm( ‘y‘
i

)
where D(-) counts the unique n-grams in y; that
do not appear in the other responses in ) \ {v;},
and |y;| denotes the number of tokens in y;. The
normalization function Norm(-) ensures the reward
is on a comparable scale across responses.

To balance quality and diversity, we combine the
two rewards as follows:

’ri(q’yiay) = (]. — )\) . T?ua + )\ Tqua . T;liv’ (6)

7
where A € [0, 1] controls the contribution of the
diversity reward. The diversity contribution reward
is activated only when the response quality exceeds
a certain threshold 7 when r?ua > T; otherwise, we
set A = 0. This formulation ensures that responses
are rewarded for diversity only when they satisfy a
minimum quality threshold, favoring high-quality
responses that also contribute meaningful diversity
and guiding the model toward generating responses

that are both high quality and diverse.

6 Experiments

In this section, we evaluate our proposed method
on several benchmark datasets and compare it with
relevant baselines. We further conduct ablation
studies to analyze key components of our approach
and provide discussions of the results.

6.1 Experimental Setup

Training Datasets. We adopt open datasets of
creative writing for training the model, includ-
ing DeepWriting (Wang et al., 2025a), Writing-
Prompts (Fan et al., 2018), CreateSet (Cao et al.,
2025), and COIG-Writer (Li et al., 2025d). Due
to the large size of CreateSet and WritingPrompts,
we randomly sample 13K and 12K examples from
them, respectively. For the data only containing
instructions and responses, we generate long CoTs
using GPT-4.1 (OpenAl, 2025) for them, where
the prompts are provided in Appendix A.3. After
deduplication, the final dataset used to train the
cold-start SFT model contains 43K samples.

For effective RL training, we apply data fil-
tering to keep the samples on which the SFT
model underperforms. Specifically, we use the
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WritingBench Creative Writing v3  ArenaHard v2.0
Methods

Score  Emb EAD ELO Emb EAD WR Emb EAD
Qwen3-4B-Base 374 15.84 594 4388 3321 520 19 3327 6.26
Qwen3-4B (Yang et al., 2025) 6.37 7.55 6.32 457.84 13.61 10.15 9.0 17.33 12.09
GRPO (Shao et al., 2024) 6.32 9.07 8.02 659.83 17.00 15.67 11.0 2227 15.82
GRPO-Unlikeliness (He et al., 2025) 6.28 9.46 833 66046 17.07 15.15 12.1 22.79 1592
Darling (Li et al., 2025a) 6.23 882 7.66 666.10 16.73 1643 10.1 21.67 16.21
GAPO (Anschel et al., 2025) 6.25 9.83 8.11 619.89 17.61 1573 11.8 23.16 16.27
DPWriter (ours) 643 1045 8.81 694.69 17.69 17.02 13.9 23.65 17.68
Llama-3.2-3B-Instruct 354 1127 697 44505 1722 10.16 54 1991 6.32
GRPO (Shao et al., 2024) 525 12.01 942 75408 16.72 1225 21.7 2332 15.18
GRPO-Unlikeliness (He et al., 2025) 4.47 11.34 842 718.31 17.35 10.99 2.5 24.87 6.17
Darling (Li et al., 2025a) 457 931 7.79 759.05 1421 1240 19.5 21.25 15.18
GAPO (Anschel et al., 2025) 457 10.65 8.05 730.24 1597 12.19 20.5 23.57 15.37
DPWriter (ours) 531 12.03 9.60 829.05 17.72 12.50 29.0 22.56 15.45

Table 1: Performance comparison of different methods on WritingBench, Creative Writing v3, and ArenaHard v2.0
(creative writing subset) benchmarks. The best results are bolded. ‘Emb’ and ‘EAD’ denote the embedding-based
and ngram-based diversity metrics, respectively. “‘WR’ denotes the win rate against gemini-2.0-flash.

SFT model to generate responses for all training
samples and score them with the reward model
Skywork-Reward-V2-Llama-3.1-8B (Liu et al.,,
2025a), which is ranked first on RewardBench!.
Samples whose maximum reward scores are lower
than the overall average are retrained, resulting in
10K samples for RL training.

Backbones and Baselines. Our experiments are
conducted on two different backbones, Qwen3-
4B-Base (Yang et al., 2025) and Llama-3.2-3B-
Instruct (Dubey et al., 2024). We compare our
method with several strong baselines, including:
(1) GRPO (Shao et al., 2024): The standard GRPO
described in Section 3;

(2) GRPO-Unlikeliness (He et al., 2025): A revised
version of GRPO that rewards responses inversely
to their likelihood where lower generation proba-
bility yields higher weight.

(3) Darling (Li et al., 2025a): A baseline combines
a learned diversity classifier to calculate diversity
reward from partitions.

(4) GAPO (Anschel et al., 2025): An extension
of GRPO enables models to learn distributional
properties like uniform sampling.

Our code is based on VeRL (Sheng et al., 2025)
framework. During RL training, the batch size
is set to 128 with an update batch size of 32. The
group size n is set to 8. All the baselines are trained

"https://huggingface.co/spaces/allenai/reward-bench

with the same data and settings as our method for
fair comparison.

Evaluation Benchmarks. For evaluating both
the quality and diversity of generated responses, we
conduct experiments on three benchmarks, Writ-
ingBench (Wu et al., 2025), Creative Writing v3
(EQ-Bench) (Paech, 2023), and ArenaHard v2.0
(creative writing subset) (Li et al., 2025b). We
report the average quality score (Score) of Writ-
ingBench, the normalized ELO score (stands for
quality by win rate), and the win rate (WR) with
style control on ArenaHard v2.0. We further as-
sess diversity using NoveltyBench (Zhang et al.,
2025c) and report the Distinct metric, which parti-
tions model outputs into equivalence classes based
on a binary classifier trained to predict functional
equivalence between generated samples. We use
Claude Sonnet 4 (Anthropic, 2025) as the judge
model for WritingBench and Creative Writing v3,
and DeepSeek-V3 (Liu et al., 2024) for Arena-
Hard v2.0. Diversity is measured by generating
16 responses per prompt and computing both the
embedding-based average cosine distance (Emb)
and the n-gram-based distinct. i.e., Expectation-
Adjusted Distinct (EAD) (Liu et al., 2022) scores.
More details are in Appendix A.1.

6.2 Main Results

The main results on the three benchmarks are pre-
sented in Table 1. Our proposed DPWriter con-
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B Qwen Models

WritingBench NB

B Llama Models Methods
£ 560 592 579 567 Score Emb EAD Distinct
464%%%% DPWriter 6.43 10.45 8.81 8.66
ﬂvo;b‘ Oéo@e oﬁ‘\@ B é@ DPWriter-emb 6.39 10.24 8.74 8.38
S ¢ w/o branching 6.41 10.05 8.63 8.59
OQSO w/o diversity reward 6.30 9.19 8.08 7.99
GRPO 6.32 9.07 8.02 7.77

Figure 4: NoveltyBench results comparing DPWriter
with baselines diversity metric Distinct.

Qwen3 Llama3.2
Score Emb EAD Score Emb EAD

Methods P T

DeepWriter v 6.00 10.98 8.84 4.77 12.85 8.89
SFT (ours) v v 6.04 10.99 8.88 4.95 12.76 9.10
SFT (standard) 5.87 10.87 8.19 4.56 12.75 8.04
w/ think v 5.93 11.04 8.58 4.75 12.89 8.67
w/ plan v 597 10.83 8.67 4.84 12.58 8.62

Table 2: Ablation study on the effects of planning and
thinking steps on WritingBench in the SFT stage. ‘P’
and ‘T’ denote planning and thinking steps, respectively.

sistently outperforms all baselines across different
backbones on WritingBench and Creative Writing
v3 in terms of both quality and diversity metrics.
Notably, on WritingBench, DPWriter achieves a
significant improvement of 15% in the embedding-
based diversity metric and 9.9% in the EAD met-
ric compared to the standard GRPO method when
using the Qwen3-4B backbone. Meanwhile, this
does not come at the cost of quality, as DPWriter
also attains the highest overall score of 6.43. Re-
sults on Creative Writing v3 and ArenaHard v2.0
further validate the effectiveness of our method,
with DPWriter achieving the best diversity met-
rics and substantial gains in quality metrics. While
GRPO-Unlikeliness achieves competitive perfor-
mance in embedding-based diversity on ArenaHard
v2.0 with a Llama backbone, it lags significantly
behind in win rate and EAD metrics. This sug-
gests that it may exploit embedding-based diversity
metrics by generating lower-quality content.

We also evaluate the models on NoveltyBench
for diversity assessment, as shown in Figure 4. DP-
Writer outperforms all baselines in terms of the
Distinct metric, demonstrating its superior capabil-
ity in generating diverse content. Consistent results
across multiple benchmarks underscore the effec-
tiveness of our proposed DPWriter in enhancing
both the quality and diversity of creative writing.

Table 3: Ablation study on the effects of different com-
ponents in the RL. ‘NB’ denotes NoveltyBench.

6.3 Ablation Studies

Ablation on different SFT strategies. We first
investigate the effectiveness of our proposed semi-
structured long CoT with planning during cold-start
SFT. We compare our full SFT approach with sev-
eral variants, including (1) DeepWriter (Wang et al.,
2025a) that synthesizes reasoning trajectories by
working “backwards” from good responses to dis-
cover reasoning processes; (2) standard SFT with
long CoT only; (3) SFT with planning only. As
shown in Table 2, we observe that with both plan-
ning and thinking steps, our SFT model achieves
comparable or even better performance than other
variants across all metrics and backbones. This
implies that models can better follow the planning-
and-thinking paradigm to generate high-quality and
diverse content, providing a solid foundation for
subsequent RL training. In addition, our semi-
structured long CoT offers more controllability
compared to no CoT or standard reasoning trajec-
tories, allowing a diverse branching process for
planning generation.

Ablation on different components. We further
analyze the contributions of different components
of our method. The ablation results are summa-
rized in Table 3. We first replace our n-gram-based
branching strategy with an embedding-based one
(DPWriter-emb). The performance drops slightly
but remains better than the GRPO baseline, in-
dicating the effectiveness of our overall frame-
work. Next, we remove the branching strategy
(w/o branching), which leads to a further decrease
in diversity metrics on WritingBench. This demon-
strates that our proposed branching strategy effec-
tively encourages the model to explore diverse con-
tent during generation. Finally, we eliminate the
diversity reward (w/o diversity reward), resulting in
a significant decline in all diversity metrics, which
highlights the importance of explicitly rewarding
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Instruction: Name a Harry Potter Book

© : Harry Potter and the Philosopher's Stone ...

Responses by GRPO

@ In the Harry Potter series of novels, one example of a book is "[iaftylPotieriandithelPhilosophersistone. ..

O # Harry Potter Book Naming\n\nWhen asked to name a Harry Potter book, the obvious answer is: [HaifylPotteriandithelPhilosophersistone ...

@ ¢ Harry Potter Book: "Harry Potter and the Order of the Phoenix"

@ A Magical Recommendation: "Harry Potter and the Chamber of Secrets" ...

Responses by DPWriter

@ # Harry Potter Book Name\n\nl'd be happy to help with that! A notable Harry Potter book is "Harry Potter and the Prisoner of Azkaban." ...

© : Harfy/Potterand thelDeathIyiHallows \n \n *The Deathly Hallows* stands out as most profound and emotionally significant ...

@ # Harry Potter Book Choice\n\nlf | must name a Harry Potter book, | find myself drawn to "Harry Potter and the Half-Blood Prince" ....

@ # A Thoughtful Answer to Naming a Harry Potter Book\n\nConsidering the world of Harry Potter, there are many compelling books to choose
from, but if | must select one, I would choose "Harry Potter and the Order of the Phoenix" ...

Figure 5: Case study comparing DPWriter with GRPO on a sample from NoveltyBench. The same answer is
highlighted in the same colored background. We present five generations from each model for comparison.

9.751
—e— w/ div reward 9.59
9.50 w/o div reward
9.251
9.00 8.98
a 8.81
< g75{ 8:68
w [GRPO w/ div reward: 8.63}
8.50
8.251
8.001 - [standard GRPO: 8.02]
16 32 64 128
K

Figure 6: Branching and reward synergy analysis on
WritingBench with Qwen3-4B backbone. The "w/ div
reward" denotes using diversity reward.

diversity to guide the model learning.

Branching and Reward in Synergy. To further
understand the interplay between our branching
strategy and diversity reward, we conduct addi-
tional experiments to analyze their synergy. We
analyze how diversity metrics vary with different
branching factor K in {16, 32, 64, 128}, with and
without the diversity reward. The results are il-
lustrated in Figure 6. We observe that combining
branching with the diversity reward consistently
yields the highest diversity scores across all values
of K. Moreover, as K increases, the diversity met-
rics also improve, indicating that a larger branching
factor allows the model to explore a wider range
of content. When the diversity reward is applied,
the diversity curves exhibit a steeper with respect
to K than in the absence of the reward. This sug-
gests that the branching strategy is more effective

in enhancing diversity under the guidance of the
diversity reward.

6.4 Case Study

We present a case study in Figure 5 to qualitatively
compare the generations from DPWriter and the
GRPO baseline on a sample from NoveltyBench.
From the case study, we observe that DPWriter
generates five distinct responses that cover a wide
range of Harry Potter books, while GRPO produces
several similar answers, with four out of five gen-
erations being “Harry Potter and the Philosopher’s
Stone.” This demonstrates the superior diversity
of DPWriter facilitated by our proposed branching
strategy and diversity reward. More comparisons
are presented in Appendix A.7.

7 Conclusion

In this work, we address a fundamental limitation
of RL-based enhancement, where improvements
in alignment and performance come at the cost of
persistent diversity collapse, by introducing a novel
semi-structured long chain-of-thought (CoT) rea-
soning framework. Our approach explicitly guides
diversity exploration through a strategic planning-
phase branching mechanism and a group-aware
diversity contribution reward design. Experimen-
tal results across multiple creative writing tasks
demonstrate that our framework effectively pro-
motes output diversity without sacrificing quality.
The combination of diverse planning and targeted
reward signals provides a principled pathway to-
ward more expressive and versatile language gen-
eration in open-ended applications.
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Limitations

While our proposed DPWriter framework effec-
tively enhances output diversity in creative writing
tasks, there are several limitations and areas for
future improvement. First, the reliance on a semi-
structured CoT and the Diverse Planning Branching
method may introduce additional computational
overhead, potentially limiting scalability for ex-
tremely large models or datasets. Second, although
our work improves diversity without compromising
quality, the seesaw between these two aspects may
not be fully resolved, and further research is needed
to explore more that can better balance them. Fi-
nally, besides quality improvement, whether diver-
sity can benefit other aspects like creativity remains
a more open question.
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A Appendix

A.1 Implementation Details

In RL, the model is trained for 5 epochs, while
the max prompt length is set to 1024 and the max
response length is set to 3072. We set the branch-
ing factor K = 32 and use n-gram-based strategy
to evaluate diversity in diverse planning branch-
ing. For reward functions, the diversity weight A
is set to 0.6, and quality threshold is 7 = 10. For
embedding-based similarity calculation, we use
the Qwen3-Embedding-0.6B (Zhang et al., 2025b)
model to extract the embeddings of the generated
plans or responses. During inference, we set the
max generation length to 4096 and use nucleus
sampling with p = 0.8 and temperature 7" = 0.7,
which is aligned with the setting in Writingbench.

A.2 Additional Related Works

Investigations into enhancing LLMs’ diversity to
mitigate mode collapse issues can be broadly
categorized into two main lines: inference-time
methods and training-time methods. Besides the
training-time methods mentioned in the main text,
inference-time diversity methods are also relevant
works that we elaborate on below.

Inference-time Diversity. To enhance diversity
during inference, various methods modify the next-
token selection process, enabling quick and flex-
ible generation without altering model parame-
ters. A widely adopted approach is to increase
the decoding temperature (Zhu et al., 2024; Peep-
erkorn et al., 2024) or to sample from token dis-
tributions after applying different cut-off strate-
gies (Vijayakumar et al., 2016; Holtzman et al.,
2020; Nguyen et al., 2024; Franceschelli and Mu-
solesi, 2025). Some studies focus on prompt engi-
neering to encourage LLMs to draw from broader
intent strategies (Ahmed et al., 2025; Ruan et al.,
2025) or introduce greater randomness into the gen-
eration process (Misaki and Akiba, 2025). It has
been observed that smaller-scale models often ex-
hibit greater output diversity (Padmakumar and He,
2024). Thus, some studies explore collaborative
decoding between large and small models, lever-
aging the diversity of smaller models to enhance
larger ones (Li et al., 2023; Wang et al., 2025¢).

A.3 Prompts

We present the prompts we used for constructing
multi-aspect plans and generating plan-consistent

Methods WritingBench
Score Emb EAD
GRPO 632 9.07 8.02
DPWriter-add 6.23 9.39  8.25
DPWriter-mul 6.43 1045 8.81

Table 4: Ablation study on the effects of different com-
bination methods of quality and diversity rewards.

GRPO DPWriter

Temp. top-p
|Score Emb EAD Score Emb EAD
0.9 6.24 9.88 8.53 6.42 11.01 9.23
1.0 6.35 10.16 8.74 6.40 11.50 9.50
1.1 6.32 10.60 9.00 6.40 11.96 9.84
09 | 630 9.52 8.39 6.42 10.67 9.07
095|623 9.84 856 6.42 10.98 9.30

Table 5: Performance comparison of GRPO and DP-
Writer under varying decoding strategies (temperature
and top-p) on Score, Emb, and EAD metrics. The re-
sults demonstrate that DPWriter consistently outper-
forms GRPO across all settings, and increased diversity
in decoding (higher temperature or top-p) leads to fur-
ther improvements in Emb and EAD without sacrificing
Score too much.

CoT data in this section. Table 6 is the prompt we
use to generate multi-aspect plans and Table 7 is
the prompt we use to generate plan-consistent CoT,
as described in Section 4. For those data that are
only in the form of instruction-response pairs (g, )
without existing CoT, we use the prompt in Table 8
to generate long CoT for them.

A.4 Ablation on Multiplication of Quality and
Diversity Rewards

Regarding Equation 6, we multiply the quality
score and the normalized diversity metric because
our objective is to jointly optimize for both high
quality and high diversity. Using only the diversity
metric would risk sacrificing quality, while using
only quality would not encourage diversity. The
multiplication ensures that only trajectories achiev-
ing both are favored. To validate this, we conducted
comparative experiments on WritingBench. The
results in Table 4 show that the multiplication ap-
proach achieves better overall performance than
the baseline method GRPO and DPWriter-add (just
add the quality score and the normalized diversity
metric). Without multiplication, although diversity
improves, the quality score will drop.
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A.5 Discussion on Decoding Methods

Our primary focus is on addressing the mode col-
lapse issue during RL training phase, while decod-
ing strategies (inference phase) are orthogonal to
our method and can be combined with ours. Thus
we mainly compare against RL-based methods in
Table 1 to ensure a fair comparison. To further
validate this, we have conducted experiments com-
paring different decoding strategies (e.g., changing
temperature or top-p) under our framework, and the
results in Table 5 show consistent improvements in
diversity without sacrificing quality.

A.6 On the Quality-diversity Tradeoff

Diversity and quality are in a seesaw trade-off and
there is no single universally accepted metric that
perfectly balances both quality and diversity. How-
ever, we argue that a model is preferable if it im-
proves diversity without sacrificing quality, or if
it achieves a better Pareto frontier. In our results,
baseline models may achieve high diversity at the
cost of low quality (e.g., Qwen3-4B-Base), which
is not desirable for practical applications. Our

method consistently improves diversity while main-
taining or even improving quality (e.g., higher Elo
and Win Rate), which we believe reflects a more
favorable tradeoff. Developing a unified evaluation
metric that balances quality and diversity is an im-
portant direction, there may be potential solutions
(e.g., quality-adjusted diversity scores, or the area
enclosed by each method’s coordinate point and
the axes in the quality-diversity space, analogous
to a Pareto frontier approximation), which need
further exploration in the future.

A.7 More Case Studies

We provide more case studies in this section to
showcase the effectiveness of our method. An ex-
ample from WritingBench is shown in Figure 7.
We can see that DPWriteris able to generate high-
quality responses by following the multi-aspect
plans and plan-consistent CoT. Another example
from NoveltyBench is shown in Figure 8, which
demonstrates that DPWritercan produce creative
and coherent stories by adhering to the generated
plans and thought processes.
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Prompt for Generating multi-aspect Plans

### Task Description

You are a writer with meticulous logic and divergent thinking. I will give you a pair of instruction
and response, please analyze and summarize the core creativity idea of the response based on the
given content, from the following five aspects:

1. Goal and audience

2. Information and perspective

3. Structure and logic

4. Language and style

5. Presentation and experience

Please note:

1. Your reply must be complete and contain the above five aspects, and be in JSON format, do not
output other content;

2. Your reply must reflect the design of the response based on the instruction (as if the response has
not been written yet) and avoid summaries or comments on the response; do not include referential
phrases such as “this article”, “this”, or “that”, etc.;

3. The structure, writing techniques, etc., should be sufficiently specific and detailed.

The language of your reply must be consistent with the language of the instruction and response.
Format example:

99, ¢ E3] }

“xxxr “xxx”, ...

### Instruction: {{Instruction}}
### Response: {{Response}}
### Your reply:

Table 6: Prompt for Generating multi-aspect Plans.
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Prompt for Generating Plan-consistent CoT

### Task Description
You are a creative writer with logical rigor and divergent thinking. I will provide you with a pair of
Instruction and Response, along with a five-dimensional overview of the Response called Plans.
Please strictly refer to the content of the Response and Plans, maintain the open format of Think,
and modify the content in Think to reflect the five dimensions of Plans, while expanding your
thoughts as required.

Please note:

1. Ensure your response fully includes a thought process in the style of Think, starting directly with
mental activity and without outputting any other content.

2. Ensure your response is based on the expected thought process for the Instruction (as if the
Response has not yet been written), avoiding summaries or comments on the given Response or
Think. Do not include direct referential phrases such as “this piece”, “the”, or “this.” Maintain a
tone of experimentation and reflection, avoiding overly technical language.

3. Do not directly include the names of each dimension. Instead, reflect the information of each
dimension in separate open-form paragraphs.

4. Ensure smooth transitions between paragraphs, guiding the thought process naturally and step by
step toward the Response. Appropriately diverge and expand on each paragraph.

5. During the analysis of each paragraph, identify the key points of the problem and explore
multiple angles around these cores. Propose multiple possible response directions or methods.
After weighing creative ideas, select one, and ensure the chosen creativity aligns with the Plans.
6. If necessary, use “user” for address or directly describe the problem. Avoid terms like “reader.”
7. Ensure the provided response is consistent with the language of the Instruction and Response.

### Instruction: {{Instruction}}

### Response: {{Response}}

### Reference Think: {{Reference Think} }
### Plans: {{Plans}}

### Your reply:

Table 7: Prompt for Generating Plan-consistent CoT.
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Prompt for Generating Long CoT

### Task Description
You are a logical expert with divergent thinking and rich imagination. I will give you an Instruction
and a Response, please refer to their information and give a complete Thought process of Response.

Please note:

1. Think about the instruction in the form of first-person self-talk, presenting a natural and real
psychological process; avoid mechanical listing of points, and use several paragraphs to express;
2. Thought should have a clear structure and coherence, strict logic, and progressive, and use
reasonable conjunctions to make each layer of Thought naturally connected, and gradually lead to
the Response;

3. Identify the key points of the problem during the analysis process, brainstorm around these
core points from multiple aspects, and propose multiple possible response directions or methods;
After giving the optional solutions, the creative ideas need to be verified, and ensure that the ideas
selected in Thought are consistent with the final Response;

4. Thought should reflect the real creative process insightfully and coherently, showing the
uncertainty and trade-offs in exploration, and aim to articulate concise overarching ideas rather
than excessive details;

5. Avoid directly showing all the information in the Response in Thought, and let each element
gradually emerge through natural guidance;

6. Make sure the Thought reflects the expected generation (as if the Response has not been written
yet), avoid summarizing or commenting on the given Response; do not include phrases such as
“thought process”, “according to the above prompts”, “that response”, etc.

7. The Thought given must be consistent with the language of the Instruction and Response.

### Given Instruction: {{Instruction}}
### Given Response: {{Response}}
### Thought:

Table 8: Prompt for Generating Long CoT.
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Instruction:
I need to write a research paper on an Al-based medical imaging-assisted diagnosis system. Please
help me draft a paper outline.

Response of DPWriter:

<think>

To respond creatively, I first conduct a divergent analysis from multiple perspectives and then think
carefully step by step.

<goal>Goal and audience: Design an academic research paper outline targeting medical
professionals, researchers, and clinicians interested in the application of Al in medical imaging.
The goal is to provide a comprehensive framework for understanding, implementing, and
evaluating Al-based diagnostic systems, with emphasis on clinical relevance, technical details, and
future directions.</goal>

<info>Information and perspective: Integrate multidisciplinary information including medical
imaging fundamentals, Al algorithm types, system architecture, data management, clinical
workflow integration, evaluation metrics, regulatory considerations, and future research
opportunities. Present a balanced perspective that combines technical depth, clinical impact,
ethical concerns, and practical implementation challenges. Include both current state-of-the-art
examples and future trends to contextualize the field.</info>

<struct>Structure and logic: Organize content into clear, hierarchical sections: Abstract,
Introduction (background, problem statement, objectives), Literature Review (traditional
methods, Al advancements, comparative analysis), Methodology (system architecture, data
acquisition/processing, algorithm selection/training, integration, validation), Results and
Discussion (performance metrics, clinical impact, limitations), Future Directions (enhanced
algorithms, multimodal fusion, explainability, personalized medicine, deployment strategies),
Conclusion (summary, implications, recommendations), Acknowledgments, References. Ensure
logical progression from context and background to specific technical details, experimental
results, and broader implications. Each section builds upon the previous, supporting a coherent
narrative.</struct>

<lang>Language and style: Use formal, precise academic language suitable for peer-reviewed
publication. Maintain objectivity and clarity, avoiding colloquialisms. Employ discipline-specific
terminology (e.g., convolutional neural networks, transfer learning, precision/recall) and define
key concepts where necessary. The style should facilitate comprehension for readers with varying
levels of technical expertise, while ensuring rigor and professionalism.</lang>
<pres>Presentation and experience: Create an outline that guides the reader through a structured
exploration of the topic, from foundational concepts to advanced applications and future prospects.
Facilitate engagement by providing actionable frameworks, real-world case studies, and critical
evaluation of both strengths and limitations. Enhance the reading experience with well-labeled
sections, bullet points for clarity, and references to standard practices and guidelines. Ensure the
presentation supports both quick scanning for key points and deep dives into technical or clinical
aspects.</pres>

... (continued on the next page)

Figure 7: An example from WritingBench that are generated by DPWriter.
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... (continued)

Thinking about how to approach user’s request for a research paper outline on Al-based medical
imaging-assisted diagnosis systems, it’s important to clarify the intended audience and purpose
first. Medical professionals, researchers, and clinicians are likely seeking both technical rigor and
practical guidance, so the outline should be designed to serve those who need to understand not
just the theoretical underpinnings but also the real-world applicability and limitations of such
systems. The goal becomes one of bridging the gap between cutting-edge Al research and its
translation into clinical practice, making sure the framework is comprehensive enough to inform
decision-making, yet accessible to readers with diverse backgrounds.

To achieve this, the information presented must span multiple domains—medical imaging
fundamentals, Al algorithmic approaches, system design, data management, workflow integration,
performance evaluation, regulatory compliance, and future research trajectories. It would be
valuable to weave together perspectives from computer science, radiology, ethics, and healthcare
policy. Including both current best practices and emerging trends allows the outline to reflect the
dynamic nature of the field. A balanced viewpoint is crucial, weighing technical advances against
issues like bias, interpretability, and privacy, while also highlighting the tangible impacts these
systems have on patient outcomes and healthcare economics.

Structuring the outline demands careful consideration of logical flow. Starting with an abstract
sets expectations and highlights the main contributions. The introduction should establish the
context, articulate the clinical and technical problems, and clearly state the objectives. A thorough
literature review is essential to situate the work within existing knowledge, contrasting traditional
diagnostic methods with contemporary Al solutions and analyzing comparative advantages and
drawbacks. Methodology needs to break down the system architecture, detail data acquisition and
processing, describe algorithm selection and training, explain integration into clinical workflows,
and present validation protocols. Results and discussion should focus on performance metrics,
clinical impact, and honest assessment of limitations. Future directions can explore avenues
for improved algorithms, multimodal imaging, explainability, personalization, and broader
deployment. Finally, the conclusion should synthesize findings, underscore implications, and offer
actionable recommendations. Each section must build logically on the last, maintaining coherence
and driving the reader toward a holistic understanding.

Language choice is another key consideration. Academic formality and precision are paramount,
employing discipline-specific terminology without sacrificing clarity. Definitions should
be provided for complex concepts, and jargon used judiciously to ensure accessibility for
non-specialists while retaining rigor for experts. Objectivity is crucial; claims should be supported
by evidence, and limitations acknowledged transparently. The tone should invite critical thinking,
encouraging the audience to consider both the promise and the pitfalls of Al in medical imaging.

... (continued on the next page)

Figure 7: An example from WritingBench that are generated by DPWriter (continued).
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... (continued)

The presentation itself should be designed for user engagement and navigation. Well-labeled
sections, bullet points for clarity, and references to standard practices enhance readability.
Including real-world case studies or examples can ground the discussion in practical realities,
while action-oriented frameworks guide implementation. Critical evaluation—highlighting both
strengths and weaknesses—is vital to foster trust and informed decision-making. By guiding the
reader from foundational concepts to advanced topics and future possibilities, the outline becomes
not just a summary but a roadmap for both research and clinical adoption, facilitating both rapid
overvie