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Multi-Genre Outputs

(Genre Constraints)

High-quality creative writing data for language models remains
dominated by story-centric data, limiting models’ ability to follow
the structural and functional conventions of diverse creative for-
mats. We propose an attribute-guided genre expansion framework
for scaling creative writing data beyond story generation. By sepa-
rating thematic breadth from genre-form control, our framework
leverages human-authored story prompts as diverse creative seeds,
while utilizing manually curated genre attributes to enforce dis-
tinct structural, stylistic, and formatting conventions. We combine
these to prompt strong models for genre-faithful query-response
pairs, which are then quality-filtered. Applying this framework, we
construct the Multi-Genre Collection, a 50K-example corpus span-
ning 13 creative genres, including story, lyrics, game design, and
other creative formats. Experiments demonstrate that models fine-
tuned on our data consistently surpass not only base models and
writing-specialized baselines, but also models trained on existing
writing corpora. Genre-count ablations further indicate that genre
expansion is a key driver of robust creative writing capability.

CCS Concepts

« Computing methodologies — Natural language generation.

Keywords

Creative writing, synthetic data generation, large language models,
multi-genre datasets

ACM Reference Format:

Hwan Chang, Yongil Kim, Heuiyeen Yeen, Yireun Kim, Jinsik Lee, and Hwan-
hee Lee. 2026. Scaling Creative Writing Beyond Story-Centric Data with
Attribute-Guided Genre Expansion. In Proceedings of the 35th ACM Inter-
national Conference on Information and Knowledge Management (CIKM
°26), November 7-11, 2026, Rome, Italy. ACM, New York, NY, USA, 6 pages.
https://doi.org/10.1145/3799682.3839976

“Work done during internship at LG Al Research.
t Corresponding author.

This work is licensed under a Creative Commons Attribution 4.0 International License.
CIKM °26, Rome, Italy.

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2539-5/2026/11

https://doi.org/10.1145/3799682.3839976

1 YR 3) (@ |
/ \ B @ O 8
"|||‘\" Tone Game Movie TVseries | | Podcast
N \ ) Design Script Seript Script
GQ)nizlague \ L )

| -» ﬁ ﬂ(

P 99, steure
Stage Web News Academic  Interactive

\
\
/ Play Novel | Article Abstract
‘@‘> Perspective v

Story Prompt:
Cyberpunk City

Single Theme / Narrative Core:

6% Narration (10] () L¢D =
Style jg '@'

L ) [ & e

r | Dpiary | Technical Comic

Oy Formatting ety || Manual Script
K" Rutes |

Figure 1: Overview of our attribute-guided multi-genre ex-
pansion framework. A thematic seed is transformed into
diverse outputs by injecting curated genre attributes.

1 Introduction

Creative writing is one of the most prominent use cases of large lan-
guage models (LLMs) [1, 15], accounting for a substantial portion of
real-world interactions [2, 4]. Existing public resources, nonetheless,
remain heavily story-centric, largely treating creative writing as
narrative generation [6, 13]. Yet real-world creative writing extends
far beyond stories [20]: users ask models to write rap verses, game
design documents, and other creative formats. These genres differ
not only in topic or style, but also in their structural and functional
conventions—rap demands rhyme scheme and flow, movie scripts
rely on narrative arc and dialogue, game design documents require
mechanics and player interaction. A model trained primarily on
story-centric data may thus learn rich narrative content while fail-
ing to follow the genre-specific structural and functional constraints
expected in practical creative writing tasks.

However, mere scaling of story-centric data fails to address these
structural gaps, as it does not systematically encode the formal
constraints of non-story genres. Existing synthetic instruction-
generation methods offer a natural starting point by bootstrap-
ping seed tasks, evolving instructions, or rewriting problems at
scale [18, 21]. Yet, many successful applications have targeted gen-
eral instruction following or verifiable domains such as code and
mathematics, where difficulty, correctness, or solution validity can
be approximated through seed examples, executable constraints,
final answers, or problem transformations [11, 16, 19, 22]. Cre-
ative writing lacks such compact validity signals. Directly applying
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Figure 2: Attribute-guided genre expansion pipeline. We sample few-shot examples from existing story prompts to maintain
thematic diversity, randomly sample subset genre-specific attributes to inject structural constraints, and generate multi-genre
queries by combining task instructions, few-shot demonstrations, target genre, and sampled attributes.

generic synthesis pipelines risks producing prompts that are topi-
cally diverse but formally under-specified, because genre fidelity
depends on human-recognizable conventions such as lyric flow,
screenplay formatting, and game mechanics. These limitations sug-
gest that creative writing data generation requires human guidance
not merely for quality filtering, but for defining the genre-form
constraints that generation should follow.

To bridge this gap and effectively scale creative writing capa-
bilities, we identify three key requirements. First, systematic genre
coverage is necessary to represent the range of creative formats
users actually request. Second, genre-form fidelity is needed because
each genre imposes distinct structural, stylistic, functional, and
formatting constraints. Third, specification diversity is necessary
because real writing instructions naturally range from open-ended
requests to highly constrained prompts. These requirements call
for a controlled way to expand story-centric creative prompts into
genre-faithful instruction data.

To address this challenge, we propose attribute-guided genre
expansion, a controlled generation framework for scaling creative
writing data beyond story-centric sources. Our framework is related
to synthetic instruction generation, but differs in its axis of con-
trol: rather than evolving prompts primarily by task complexity or
problem variation, we separate thematic variation from genre-form
control. Human-authored story prompts provide diverse creative
seeds, while manually curated attributes specify the conventions
of each target genre. For each genre, we draw seeds from a cu-
rated r/WritingPrompts pool and sample a subset of its attributes,
then combine them with the target genre to generate genre-faithful
writing queries. The queries are paired with responses from strong
LLMs and quality-filtered to yield reliable query-response data.

You are a {genre} query generator.
{task_instruction}
(Guideline: Create distinct scenarios.)
When crafting each query, incorporate these specific dimensions:

{genre_attribution}
(0 ~ len(genre_attribute) genre-specific attributes sampled)

Draw thematic inspiration from the examples below, but reimagine them with
new perspectives suitable for {genre}.

{few_shot}
(Sampled from existing Story Generation Query Pool for thematic variety)

Figure 3: Abstract Structured Meta-Prompt Template.

Applying this framework, we construct the Multi-Genre Collection,
a 50K-instance corpus spanning 13 creative writing genres.

Our experiments show that the resulting data improves creative
writing capability across multiple dimensions. Models fine-tuned
on the Multi-Genre Collection consistently outperform not only
their base models and the writing-specialized LongWriter-glm4-
9B [3] baseline, but also competitor models trained on existing
writing corpora [17] across all popular benchmarks. We further
find that increasing genre coverage improves output novelty: as the
number of training genres increases from story-only to all 13 genres,
novelty metrics [24] improve consistently. Finally, evaluations with
independent LLM judges and humans confirm these gains reflect
genuine quality improvements rather than evaluator bias.

2 Attribute-Guided Genre Expansion

We formulate the construction of the Multi-Genre Collection as
an attribute-guided genre expansion process for scaling creative
writing beyond story-centric data. Rather than directly collecting
prompts for each creative genre, our framework starts from a story-
centric human-authored seed pool and generates genre-faithful
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creative writing query-response pairs through the three-stage pro-
cess illustrated in Figure 2. Instantiating this process yields an
English corpus spanning 13 creative genres.

Formally, let (¢9,y) denote a query-response pair for genre g
(e.g., q"3F = “Write a rap verse about urban loneliness with an AABB
rhyme scheme”). Prior writing datasets are heavily concentrated on
g = story; our goal is to expand coverage beyond story writing
by generating new queries for each target genre through attribute-
guided genre expansion.

LetX = {(qf‘tory ,Yi) }1, denote few-shot examples sampled from
the seed dataset, and let A C A, denote a subset of genre-specific
attributes for genre g. We construct a meta-prompt via a template
7 (Figure 3) and generate queries through an LLM:

Q =LLM(7 (¢, X, A)). (1)

The meta-prompt 7 (g, X, A) unifies thematic seeds from human-
authored data with genre-specific structural constraints. In this
way, the pipeline separates two sources of variation: the seed exam-
ples provide topical and stylistic breadth, while the sampled genre
attributes control the structural conventions of the target genre.

Source Dataset Selection. We choose Reddit’s community fo-
rum r/WritingPrompts as our seed dataset for (¢g%*°"Y, y) pairs, as
it provides human-authored prompts with high topical diversity
and naturally varying specificity. To ensure quality, we apply two
filters using GPT-5-mini [14]: (1) safety filtering, which removes 686
instances containing harmful or inappropriate content, and (2) ir-
relevant content removal, which cleans 861 instances of off-topic
fragments (e.g., meta-commentary or subreddit boilerplate). This
curated seed pool serves as the source of thematic diversity for
subsequent genre transfer.

Step 1: Thematic Seed Sampling. For each template instan-
tiation, we randomly sample n=5 query-response pairs from the
curated seed dataset to serve as thematic seeds. These seeds transfer
the topical and stylistic breadth of human-authored story prompts
to non-story creative formats, supplying the thematic variety that
drives the generated queries.

Step 2: Genre Attribute Sampling. Since different genres are
governed by distinct structural conventions, we define genre at-
tributes as the key dimensions along which queries within a genre
can meaningfully vary—for example, rhyme scheme and flow for
rap, or narrative arc and character development for TV series. To
construct these attributes, we collect authoritative genre definitions
from encyclopedic references (e.g., Wikipedia) and creative writing
manuals, then prompt GPT-5 [14] to extract structured attribute
lists from each definition. The resulting attributes are all manually
reviewed and refined to verify that each reflects a genuine struc-
tural convention of the genre, to merge overlapping attributes, to
remove overly generic ones, and to add any salient dimensions
missed by the automatic extraction—ensuring coverage and genre
fidelity and yielding a curated set A, of 5-15 attributes per genre
g. To reflect natural variation in instruction specificity, we sample
k ~ Uniform(0, |44|) and then randomly select a subset A C A,
with |A| = k. When k = 0, the query remains open-ended; as
k increases, the query becomes progressively more constrained.
Thus, attribute sampling acts as the pipeline’s control mechanism
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for varying instruction specificity while preserving genre-specific
structure.

Step 3: Attribute-Guided Pair Synthesis. Given the few-shot
examples X and sampled attributes A, we prompt GPT-5-mini [14]
as the query generator LLM(-) in Eq. (1) to produce five queries per
template instantiation. To further promote diversity and mitigate
model collapse, we employ verbalized sampling [23]—explicitly in-
structing the model to produce outputs that vary in topic, tone, and
structure. We then generate responses using Qwen3-235B-A22B-
Thinking [15]. To filter low-quality responses, we employ an inde-
pendent LLM-as-a-judge [26] using Qwen3-30B-A3B-Instruct [15]
to evaluate response quality and exclude pairs whose scores fall
below two standard deviations from the mean.
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Speech Script Script
3,389 (6.8%)

3,389 (6.8%) 3,389 (6.8%) 3,389 (6.8%)

Story

6,778 (13.6%)

Figure 4: Genre distribution in the Multi-Genre Collection.
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Figure 5: t-SNE visualization of the Multi-Genre Collection.

Synthesis Outcomes and Diversity Analysis. Instantiating the
above pipeline yields the Multi-Genre Collection, a 50K-instance
creative writing corpus with balanced coverage across the target
genres (Figure 4). The ’Etc. category captures long-tail formats
(e.g., diary entries, comic scripts, interactive fiction) outside our 13
primary genres. To verify semantic distinctiveness, we embed all
queries using Qwen3-Embedding-0.6B [25] and project them into
2D via t-SNE (Figure 5), revealing clear genre-aligned clusters with
minimal overlap. This indicates that the attribute-guided synthesis
pipeline produces genre-distinct instruction distributions rather
than merely paraphrasing story-centric prompts.
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Table 1: Performance across out-of-distribution generaliza-
tion benchmarks, and in-distribution genre coverage.

OOD (Generalization) ID (Coverage)

Models Arena Hard WritingBench  Multi-Genre
LongWriter 2.3 47.2 49.5

Llama 2.9 43.7 44.4

Llama + SFT 33.0 (+30.1) 60.6 (+16.9) 68.4 (+24.0)
EXAONE 10.4 52.7 64.9
EXAONE + SFT 22.9 (+125) 59.4 (+6.7) 66.2 (+1.3)
Qwen3 8.0 56.1 67.7
Qwen3 + SFT 34.2 (+262) 63.6 (7.5 69.3 (+1.6)

Table 2: Comparison with existing writing data using 2K
sampled subsets, with Qwen3-8B fine-tuned on each corpus.

OOD (Generalization) ID (Coverage)

Data Arena Hard WritingBench ~ Multi-Genre
DeepWriting 4.9 55.5 65.9
LongWriter 7.0 56.4 69.6
Multi-Genre 7.5 59.1 71.4

3 Experiments

3.1 Experimental Setup

Models. We evaluate three base models: Llama-3.1-8B-Instruct
(Llama) [8], EXAONE-3.5-7.8B-Instruct (EXAONE) [1], and Qwen3-
8B (Qwen) [15]. All models are fine-tuned via Supervised Fine-
Tuning (SFT) using LlamaFactory [27] with LoRA [9] adapters of
rank 128 applied to all transformer layers, preserving pre-trained
knowledge while ensuring computational efficiency. We train for 2
epochs with a cutoff length of 4096 tokens, learning rate 1.0 X 107>,
warmup ratio 0.1, and global batch size 128. As a writing-specialized
baseline, we additionally include LongWriter-glm4-9B [3].

Benchmarks. We evaluate models across three benchmarks:
(1) Arena Hard (Creative Writing) [10] v2.0, filtered to English sam-
ples, judged by GPT-4.1 against reference answers following the
original evaluation protocol; (2) WritingBench [20], filtered to Eng-
lish samples in the creative writing domains (Advertising & Mar-
keting and Literature & Arts), judged by GPT-5-mini following the
original evaluation protocol; and (3) the held-out test set from our
Multi-Genre Collection (Multi-Genre), spanning all 13 genres with 50
instances per genre (650 total), where Qwen3-235B-A22B-Thinking
outputs serve as references and GPT-4.1 rates each model output
on a 1-10 scale for quality, creativity, and genre adherence.

3.2 Experimental Results

Overall Performance. Table 1 shows that all three base mod-
els improve substantially after SFT on our Multi-Genre Collection,
with consistent gains on out-of-distribution benchmarks (largest
for Qwen3-8B) and balanced in-distribution coverage across all
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Table 3: Effect of genre count on creative output novelty.
More genres yield more varied, non-redundant outputs.

# Genres 0 4 8 12 All

Novelty (1) 3.87 3.93 426 456 4.81

Table 4: WritingBench evaluation under independent judges.

Judge GPT-5-mini DeepSeek v3.2 Gemini 3 Flash
Llama 43.7 36.6 41.7
Llama + SFT 60.6 63.1 70.5
Qwen 56.1 51.5 58.5
Qwen + SFT 63.6 65.9 71.5

Table 5: Human evaluation on WritingBench.

Data Multi-Genre LongWriter DeepWriting

Human Eval 59.3 57.7 56.9

13 genres. Notably, all fine-tuned models outperform the writing-
specialized LongWriter-glm4-9B [3] baseline, confirming that di-
verse, genre-specific data is more effective than narrow writing
specialization.

Comparison with Existing Writing Datasets. Since the Multi-
Genre Collection is considerably larger, we randomly sample 2K
examples from each dataset for SFT to ensure a fair comparison. As
shown in Table 2, Qwen3-8B fine-tuned on Multi-Genre Collection
substantially outperforms models trained on DeepWriting-20k [17]
and LongWriter-6k [3] across all benchmarks, with particularly
large gains on Arena Hard, demonstrating that our attribute-guided
pipeline produces higher-quality, more transferable training data.

Impact of Genre Diversity. To examine whether exposure to
diverse genres generalizes to broader creative ability, we evalu-
ate outputs using the NoveltyBench Distinct metric [24], which
partitions generations into semantically and functionally equiva-
lent clusters to estimate output distinctness. As shown in Table 3,
the novelty score rises monotonically as the number of training
genres increases from 0 to 13, confirming that diverse creative
formats directly enhance the model’s capacity to generate varied,
non-redundant outputs.

Robustness to Judge and Human Evaluation. To address po-
tential self-preference bias from GPT-5-mini serving as both query
generator and judge, we re-evaluate on WritingBench using two
independent judges (Table 4). All fine-tuned variants strictly out-
perform their base models across all three evaluators, confirming
that gains reflect genuine quality improvements rather than eval-
uator artifacts. We further validate via human evaluation on 50
prompts randomly sampled from WritingBench, scored following
its protocol (Table 5), which corroborates these findings.

Qualitative Analysis. Figure 6 further illustrates these gains.
Given a prompt requesting story-driven symphonic metal deathcore
lyrics formatted for Suno, the base Llama follows a conventional
verse—chorus structure but relies on generic imagery and provides
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Prompt: Write detailed, story-driven symphonic metal deathcore lyrics about a young wizard corrupted by growing power, formatted for Suno.

Llama (Base)

Verse 1: In hallowed halls of ancient lore / A young apprentice, I walked before / Masters of the
arcane, guiding my hand...

Chorus: I rise, a phoenix, from the ashes born / As knowledge grows, so does the darkness
sworn. ..

Outro: A legacy of darkness, forever to last / The price of power, a soul forever lost...

Llama + SFT

ASCENDANCE (Suno Format)

Intro [0:00-0:45]: In twilight halls of Aethel, where shadows learn to speak...

Verse 1 [0:46-1:30]: He mastered the Lumen spell... Wove Aero currents... The Verdant
incantation...

Bridge [4:36-5:10]: He sees Elara’s smile... The child he once protected...

Figure 6: Qualitative comparison on an Arena Hard song-lyrics prompt. Dark red highlights SFT-distinctive features: a title,

named world and entities, and Suno-compatible timestamps.

neither a title nor named entities. In contrast, Llama + SFT produces
a titled composition (ASCENDANCE), grounds the narrative in a
named setting (Aethel), introduces a recurring character (Elara) and
specific spells (Lumen, Aero, and Verdant), and supplies section-level
timestamps. These differences indicate that multi-genre training im-
proves format compliance, world-building specificity, and narrative
coherence beyond the aggregate evaluation gains.

4 Related Work

High-quality datasets have been central to advancing creative writ-
ing in language models, though early efforts focused almost ex-
clusively on story generation. WritingPrompts [6] provided di-
verse prompt-story pairs from Reddit, ROCStories [13] offered
five-sentence commonsense stories for narrative understanding,
and LitBench [7] introduced preference labels for evaluating story
quality and writing personalization. Beyond stories, prior work has
targeted individual genres in isolation: SongComposer [5] for lyric—
melody pairs, and Mirowski et al. [12] for screenplay and theatre
co-writing. In contrast, the Multi-Genre Collection addresses the
field’s collective blind spot in a unified framework, spanning 13
diverse creative genres within a single resource.

5 Conclusion

We introduce the Multi-Genre Collection, a 50K-instance, 13-genre
dataset. Using our attribute-guided genre expansion, we transfer
thematic diversity from human-authored prompts while enforc-
ing genre-specific constraints through manually curated attributes.
Our experiments demonstrate three key findings: (1) models fine-
tuned on our dataset substantially outperform both base models and
writing-specialized baselines; (2) our dataset consistently outper-
forms existing writing datasets; and (3) increasing genre diversity
directly enhances output novelty.
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