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Abstract

Children’s stories play a crucial role in early
cognitive and language development, yet ex-
isting story generation models lack the safety
and age-appropriateness required for educa-
tional applications, especially in non-English
languages. We introduce CCStories, a curated
dataset of 22,200 high-quality Chinese chil-
dren’s stories designed specifically to support
safe and appropriate Al-generated content for
young readers. Unlike general-purpose datasets
derived from adult-oriented platforms, CCSto-
ries targets three critical dimensions of child-
appropriate text: readability, syntactic complex-
ity, and toxicity. We further propose a multi-
dimensional evaluation framework that jointly
assesses appropriateness and generation qual-
ity. As a validation of the dataset’s utility, we
fine-tune five representative backbones: CPM,
PanGu-a, GLM-4, Qwen, a Chinese-adapted
LLaMA-3 variant (Gigi-Llama-3-8B-zh), and
additionally benchmark GPT-5-mini as a zero-
shot instruction-tuned reference. Fine-tuning
reduces offensive-prompt toxicity by up to 26.7
percentage points and raises readability by up
to 14.3 percentage points, narrowing much of
the gap to the GPT-5-mini reference. A human
evaluation confirms that appropriateness rises
from 53% to 86% after fine-tuning, and human
validation of the toxicity classifier shows that
the model ranking it induces matches the hu-
man ranking. CCStories provides a publicly
available resource for building and benchmark-
ing safer, more age-appropriate Chinese genera-
tive models for children’s education. Warning:
This paper contains content that may be offen-
sive or upsetting.

1 Introduction

Language and cognitive development are founda-
tional aspects of early childhood education, and

* Equal contribution.
TCorresponding author: Meng.Fang@liverpool.ac.uk.

children’s stories play a central role through en-
gaging characters and moral lessons, offering sub-
stantial benefits in vocabulary acquisition and ethi-
cal guidance. Recent advances in neural text gen-
eration have shown strong results across a wide
range of applications, including dialogue genera-
tion, question answering, and story generation (Pe-
ters et al., 2018; Yang et al., 2019; Radford et al.,
2019; Brown et al., 2020). Despite this progress,
a critical gap remains for child-oriented content
generation: current models struggle with three as-
pects central to age-appropriateness, such as read-
ability, syntactic complexity, and potential toxic-
ity (Luckin and Holmes, 2016; Lemaignan et al.,
2021; Charisi et al., 2021; La Fors, 2022; Zhao
et al., 2023). These shortcomings pose tangible
risks when general-purpose models are used in ed-
ucational applications for children.

A primary reason for this gap is the data on
which general-purpose language models are pre-
trained. Pre-training corpora are typically derived
from adult-oriented platforms such as Reddit' and
Wikipedia, for instance, Radford et al. (2019) use
outbound Reddit links to build WebText. These
sources frequently contain complex linguistic struc-
tures that exceed children’s comprehension levels
and may include inappropriate or toxic content.
Consequently, language models trained or fine-
tuned on such corpora can inadvertently learn and
propagate harmful or unduly complex language,
making them unsuitable for direct use in children’s
education without significant adaptation.

The situation is particularly challenging for non-
English languages. While some children’s text
datasets exist (Hill et al., 2015), they predominantly
focus on English, leaving a significant gap for other
languages. Machine translation is in principle an
option, but translations often suffer from transla-
tionese (Gellerstam, 1986, 1996), which is a phe-
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Title: £ Bk%E /M1 (Translation: A dancing small earthworm)

Content: H— RAMAKKA)/NEE, 2FUEE, REZPSE,
AR EE B L AR T . L

(Translation: There was a long, thin little earthworm named Bend, who was
born to dance, and there was nothing in the world that made her happier
than dancing. ...)

Title: F A H T % (Translation: I grew wings)

Content: R 2K, ZEAMENEHEEWABERS T, B, X
R, MEKERKNSLE! ..

(Translation: I got up in the morning and found a furry thing under me,
oops, it’s a pair of wings and they’re growing on my body! ...)

Table 1: Two examples of stories in CCStories.

nomenon in which translated language exhibits un-
natural or stilted forms resulting from the influence
of source-text patterns, including awkward syntax,
reduced lexical diversity, and unusual collocations
that sound foreign to native speakers. For chil-
dren’s content specifically, it introduces structures
and vocabulary inappropriate for young readers and
reduces the educational value of the material. Fur-
thermore, cultural nuances and idiomatic expres-
sions that are central to children’s engagement are
routinely lost in translation, making translated text
a poor substitute for natively authored children’s
stories.

To address these challenges, we present CCSto-
ries, a corpus of 22,200 Chinese children’s sto-
ries compiled from public children’s-story web-
sites and refined through rigorous automatic and
manual cleaning. Two examples are shown in Ta-
ble 1. Through experiments with widely used Chi-
nese language models, we show that existing pre-
trained models tend to generate content that is toxic,
overly complex, and unfit for children: baselines
produce toxicity rates of up to 41% under prob-
lematic prompts, which is far above any acceptable
threshold for children’s content. After fine-tuning
with CCStories, offensive-prompt toxicity drops by
up to 26.7 percentage points, readability improves
by up to 14.3 percentage points, and syntactic com-
plexity is reduced toward levels appropriate for
young readers, closing much of the gap between
Al-generated text and human-authored children’s
stories.

Our main contributions are as follows:

* The CCStories dataset. A high-quality, child-
oriented Chinese story corpus of 22,200 sto-
ries, sourced from eight reputable children’s-
story websites and refined through a two-stage
automatic + manual cleaning pipeline. The
dataset is publicly available to the research

and educational community.”

* A multi-dimensional evaluation framework
that examines appropriateness across three di-
mensions central to children’s content, such
as, readability (using age-appropriate vocabu-
lary metrics), syntactic complexity (matching
children’s comprehension levels), and toxic-
ity (detecting harmful or inappropriate con-
tent), and complements them with standard
generation-quality metrics, a human evalua-
tion of appropriateness and coherence, and
a human validation of the toxicity classifier
itself.

* Empirical validation of dataset utility.
Through fine-tuning five representative gener-
ative language models: four Chinese-centric
backbones (CPM, PanGu-«, GLM-4, Qwen)
and one Chinese-adapted LLaMA-3 variant,
and benchmarking against a strong instruction-
tuned reference (GPT-5-mini), we show that
the dataset effectively guides models to-
ward safer, more readable, and more age-
appropriate story generation.

In this work, we define “appropriate” content as
text that is free from harmful biases, toxic content,
and undue lexical or syntactic complexity, and is
therefore suitable for a young audience.

2 Related Work

We discuss prior work along three themes: story
datasets, evaluation of age-appropriate content, and
Chinese text generation models.

2.1 Story Datasets

A variety of datasets have been proposed for story
generation, primarily focusing on English. PASTA
(Ghosh et al., 2022) is an English dataset of factual
and counterfactual story pairs that enables state-
based inference beyond surface understanding.
ROCStories (Mostafazadeh et al., 2016) provides
50,000 high-quality five-sentence stories that have
been widely adopted for commonsense story mod-
elling, and WritingPrompts (Fan et al., 2018) con-
tains roughly 300K human-written stories paired
with prompts and is a standard benchmark for open-
ended generation. Hill et al. (2015) release the
Children’s Book Test, derived from freely available

’The dataset and code are available at https://github.
com/aialt/CCStories.
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English children’s books, but it primarily targets
cloze-style language modelling rather than open-
ended generation.

For Chinese, STORAL (Guan et al., 2022b) pro-
vides stories paired with explicit morals, and LOT
(Guan et al., 2022a) offers a Chinese story cor-
pus with outlines and supports tasks such as cloze
tests, sentence-position prediction, plot comple-
tion, and outline-conditioned generation. These
resources are not curated for children: their vocab-
ulary, themes, and toxicity profile are not neces-
sarily suitable for early-childhood education. CC-
Stories differs from prior datasets in that it specifi-
cally targets children’s stories and is filtered along
readability, syntactic complexity, and toxicity, sup-
porting both training and benchmarking of child-
appropriate generative models.

2.2 Evaluation of Age-Appropriate Content

Evaluating whether generated text is suitable for
children combines readability assessment, con-
trollable generation, and toxicity/safety evalua-
tion. Classic readability measures such as Flesch—
Kincaid (Kincaid et al., 1975) are designed for
English and rely on syllable counts that do not
transfer naturally to Chinese; Chinese readability
work has instead typically used graded vocabulary
lists such as HSK. For toxicity in Chinese, COLD
(Deng et al., 2022) provides the first benchmark for
offensive-language detection across topics includ-
ing race, gender, and region, and remains the de
facto standard for evaluating Chinese-language gen-
eration safety. Beyond automatic classifiers, LLM-
as-a-judge protocols (Zheng et al., 2023; Zhao
et al., 2025) and human evaluation along axes such
as engagement and coherence (Chhun et al., 2022)
have also been applied to story generation. Our
framework combines automatic readability, syntac-
tic complexity, and toxicity metrics, complemented
by a qualitative case study.

2.3 Chinese Text Generation Models

Text generation has advanced rapidly through the
development of pre-trained language models. Cui
et al. (2021) propose MacBERT, a Chinese BERT-
based model that narrows the gap between pre-
training and fine-tuning. NEZHA (Wei et al., 2019),
also built on BERT, performs strongly on Chinese
understanding tasks such as named-entity recog-
nition and sentiment classification. ERNIE (Sun
etal., 2019) integrates external knowledge into Chi-
nese representations and exhibits strong knowledge

inference. The Text-to-Text Transfer Transformer
(T5) (Raffel et al., 2020) unifies many NLP tasks
under a text-to-text formulation; mT5 (Xue et al.,
2020) extends this to 101 languages including Chi-
nese. Mengzi (Zhang et al., 2021b) is a lightweight
Chinese pre-trained model covering linguistic and
visual tasks.

For autoregressive generation, large-scale Chi-
nese models such as CPM (Zhang et al., 2021a)
and PanGu-« (Zeng et al., 2021) have established
strong baselines on a variety of Chinese tasks.
Qwen (Bai et al., 2023) is a Chinese-centric LLM
series by Alibaba, trained on hundreds of billions
of Chinese tokens. GLM-4 (GLM et al., 2024) is a
bilingual model pre-trained on around ten trillion
tokens, primarily in Chinese and English. Beyond
purely Chinese-centric models, LLaMA-3 (Dubey
et al., 2024) has been widely adapted to Chinese
via continued pre-training, for example, the Gigi-
Llama-3-8B-zh release we adopt, providing a use-
ful contrast for how a Chinese-adapted multilingual
backbone interacts with our dataset.

3 CCStories Dataset

CCStories is a comprehensive collection of Chinese
children’s stories specifically curated for children’s
education. The dataset consists of 22,200 carefully
selected and cleaned stories spanning multiple gen-
res, including fairy tales, fables, folklore, puzzle
stories, mythology, and other educational content.
Each story has been processed through rigorous au-
tomatic and manual cleaning procedures to ensure
high quality and appropriateness for children. This
section details our methodology for dataset con-
struction, quality control, and statistical analysis.

3.1 Data Collection

We employed a systematic approach to collect high-
quality Chinese children’s stories from a diverse set
of authoritative sources. The dataset was sourced
from eight reputable Chinese children’s story web-
sites (detailed in Appendix F). All eight sites are
explicitly devoted to children’s content, are pub-
licly accessible, and permit non-commercial redis-
tribution; we discuss the copyright and licensing
implications in Appendix A.

For each source, we collected all available arti-
cles and their metadata, including titles, authors,
reading suggestions, and pinyin. Articles came in
mixed formats (stories, poems, scientific facts; with
or without images). We focused on textual content
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for consistency, excluding only items whose text
was fundamentally incomplete. The total candidate
set is 47,501 articles. Author/source attribution is
retained in a separate metadata file released with
the dataset, so creators can be credited while the
training files contain no identifiers. We then apply
a two-stage cleaning pipeline: automatic cleaning
(Section 3.2) followed by manual verification (Sec-
tion 3.3).

3.2 Automatic Cleaning

Automatic cleaning standardizes the format and re-
moves non-story elements without altering content.
Noise removal: delete website names, hyperlinks,
pinyin annotations, redundant spaces/newlines, and
special symbols (e.g., ¢, l, |). Punctuation stan-
dardization: replace English-style ellipses, runs of
Chinese full stops, and Chinese corner-quotation
marks with their standard Chinese equivalents.
Content refinement: remove non-story material
at story beginnings/endings, source information,
author details, reading suggestions, and reflection
prompts appended by some websites. Automatic
de-duplication: apply normalized title matching
and SimHash-based body similarity to flag near-
duplicates, which are then adjudicated during man-
ual cleaning—avoiding a full Cartesian-product
manual sweep.

3.3 Manual Cleaning

We recruited eight undergraduate native-Chinese-
speaking annotators to perform manual cleaning
(Appendix D). Manual review supplements auto-
matic cleaning because content-level judgements
cannot be made reliably by surface-level similarity
alone. Annotators perform four steps. (1) Content
filtering: remove articles that are part of a poem,
play, or other non-story content; remove articles
whose story is incomplete or contains only a ti-
tle; adjudicate the duplicates flagged automatically,
keeping only one copy. (2) Paragraph cleaning:
delete sentences unrelated to the story content (re-
peated titles, author information, reader thoughts,
knowledge tips). (3) Title standardization: re-
move duplicate topic markers and special symbols
from titles. (4) Story body verification: remove
residual pinyin annotations, special symbols, and
redundant punctuation.

Each annotator received a written guideline doc-
ument and training samples (see Appendix E); only
annotators whose training pass agreed with the gold
annotation began work. After manual cleaning, we

obtained 22,200 Chinese stories with titles.

3.4 Dataset Statistics

CCStories spans six genres: Fairy Tales (4,842),
Fables (4,201), Folk Tales (2,908), Puzzle Stories
(1,231), Mythology (391), and Other (8,627), de-
rived from source-website taxonomies and verified
during manual cleaning. We additionally annotate
stories with a 28-subtheme taxonomy (e.g., Hon-
esty, Bravery, Family Love; see Appendix H). We
split into 20,000 / 1,200 / 1,000 stories (train / val /
test, ~90%/5.4%/4.5%). Full statistics are in Ap-
pendix H.

At the corpus level, we report three lexical-
diversity metrics: Distinct-n (unique vs. all n-
grams) (Li et al., 2015), Repetition-n (frac-
tion of texts that repeat an n-gram) (Shao
et al., 2019), and Vocabulary Richness R =
|Unique words| /| Total words|. On CCStories we
obtain Distinct-4 = 80.21, Repetition-4 = 82.54,
R = 0.66.

Appropriateness profile of CCStories. To ver-
ify that the dataset itself is child-appropriate, we
evaluate it along the same axes used in Section 4:
the average syntax tree depth and dependency count
are 5.62 and 17.55, respectively (cf. Figure 3), sub-
stantially lower than those of general-purpose pre-
trained models; COLD-classified toxicity (Deng
et al., 2022) on the training stories is below 1%.

4 Evaluation Framework

Our framework examines both appropriateness and
overall generation quality.

4.1 Appropriateness Assessment

We evaluate three aspects: readability, syntactic
complexity, and toxicity.

Readability. We classify characters and words
into 6 graded levels (1=simplest, 6=most complex)
based on the HSK vocabulary; characters/words
outside the graded list are “Unknown.” HSK is
designed primarily for second-language learners
rather than native-speaker children, but no com-
parable open-source graded list curated for native-
speaker children currently exists for Mandarin, and
HSK is widely used in Chinese readability work,
making our scores comparable to that literature.
We treat HSK as a proxy and acknowledge this
as a limitation. The aggregate readability score is
the weighted sum of percentages across levels with
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weights (1.0, 0.9, 0.7, 0.5, 0.3, 0.1, 0.0 for levels
1-6 and Unknown), giving a score in [0, 1] where
higher is better.

Syntactic complexity. We use Stanza (Qi et al.,
2020)3 to measure (i) the maximum depth of de-
pendency parse trees and (ii) the dependency count
(number of words minus one).

Toxicity. We use COLD (Deng et al., 2022)*.
Prompts are of two types: nomn-offensive (titles
and initial sentences from CCStories) and offensive
(2,090 short sentences sampled from the COLD
training set). Following the offensive-prompt con-
tinuation paradigm of Gehman et al. (2020), we
report toxicity over the first 120 tokens of each re-
sponse. The window is applied identically to every
model, every checkpoint and both prompt types, so
truncation is symmetric within each base/FT com-
parison and cannot by itself manufacture a reduc-
tion; it also keeps inputs close to COLD’s training
distribution of short offensive sentences. Toxic-
ity that appears beyond the first 120 tokens is not
measured, and we make this scope explicit in the
Limitations.

4.2 Story Generation Quality

We further evaluate on the CCStories test set with:
BLEU (Papineni et al., 2002) (n-gram overlap
with ground truth); Distinct-n and Repetition-n,
both defined in Section 3.4; Coverage (Rouge-
L recall against title + first sentence) (Louis
and Sutton, 2018); COMET-22 (Rei et al.,
2022) as a learned semantic-similarity score; and
BERTScore (Zhang et al., 2020) as a comple-
mentary contextual-similarity check, for which we
adopt roberta-wwm-ext (Cui et al., 2020) as the
underlying encoder for Chinese representations.

5 Experiments

5.1 Setup

Models. We evaluate five representative language
models, with all pre-trained weights loaded from
HuggingFace’: CPM (Zhang et al., 2021a) is a
2.6B-parameter autoregressive Chinese language
model pre-trained on roughly 100GB of Chinese
text. PanGu-a (Zeng et al., 2021) is a Chinese
autoregressive language model from the PanGu-
« family. The family scales up to 200B parame-

3https ://github.com/stanfordnlp/stanza
*https://github.com/thu-coai/COLDataset
Shttps://huggingface.co/

ters; due to compute constraints, we use the 2.6B-
parameter version. GLM-4 (GLM et al., 2024) is
a bilingual (Chinese / English) pre-trained model.
We use the 9B-parameter variant. Qwen (Bai et al.,
2023) is a Chinese-centric LLM series by Alibaba;
we use the 1.8B-parameter Qwenl.5 release. Gigi-
Llama-3-8B-zh (LLaMA-3) is a Chinese-adapted
variant of LLaMA-3 (Dubey et al., 2024) obtained
via continued pre-training on Chinese corpora; it
serves as our non-Chinese-centric backbone.

Rationale for model selection. These five mod-
els span different parameter scales (1.8B to 9B) and
different training mixtures, including four Chinese-
centric backbones (CPM, PanGu-o, GLM-4,
Qwen) plus one Chinese-adapted multilingual
backbone (Gigi-Llama-3-8B-zh) whichprovidesg
a representative testbed for studying how CCSto-
ries affects models with different inductive biases.
We focus on pre-trained (not instruction-tuned)
backbones to isolate the effect of CCStories as fine-
tuning data. To contextualise these results against a
state-of-the-art proprietary system, we additionally
evaluate GPT-5-mini as a zero-shot, instruction-
tuned reference, prompted with the same title and
first-sentence prompts (no CCStories fine-tuning).
We also report a 2-shot in-context variant, which
prepends two (title, story) demonstrations sam-
pled from the CCStories training split to the same
prompt, so that the effect of in-context conditioning
on CCStories can be separated from the effect of
fine-tuning on it.

Fine-tuning and decoding. We fine-tune each
backbone on the CCStories training split for up to
10 epochs with Adam (Kingma and Ba, 2014) (Ir
1.5 x 10~4; batch size 2 for CPM, 1 for the others).
The suffix “-FT” denotes a CCStories-fine-tuned
model. For inference, we use nucleus sampling
with p=0.9, k=50, T'=0.7, max length 300 tokens
(tuned on validation); GPT-5-mini uses its default
API decoding. All fine-tuning runs on a single
NVIDIA A100 GPU in under 48 hours per model.
Appendix B lists the released artifacts.

GPT-5-mini reference setup. We query the
gpt-5-mini of April 2026 through the OpenAl
API with the provider’s default decoding settings.
The model receives exactly the same input as the
fine-tuned backbones: the story title followed by
the first sentence of the reference story, preceded
by a short Chinese instruction to continue a story
suitable for children. The 2-shot variant prepends
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Figure 1: Token-level HSK vocabulary distribution of
model outputs. Fine-tuning on CCStories shifts proba-
bility mass from L4-L6 and “Unknown” toward L1-L3
across all five backbones. Per-level character and token
ratios for all models are in Appendix I.

two complete (title, story) pairs drawn from the
CCStories training split and is otherwise identical.
The verbatim prompt templates for both variants
are given in Appendix K.

5.2 Appropriateness Analysis

We report appropriateness in terms of readability,
syntactic complexity, and toxicity.

Readability Figure 1 shows the token-level HSK
vocabulary distribution of each model’s outputs.
Baseline models rely heavily on out-of-HSK (“Un-
known”) and high-level vocabulary: CPM and
PanGu emit 46.3% and 42.2% of characters from
the “Unknown” category, and GLM emits 41.9%
of tokens from the same category (full per-level
tables in Appendix I). Base-model outputs are thus
too sophisticated for young readers at both gran-
ularities. A high “Unknown” rate reflects regis-
ter rather than fluency: HSK is a graded list for
second-language learners, so “Unknown’ marks
proper nouns, onomatopoeia, idioms, and adult-
register vocabulary that simply fall outside the
list. The base outputs are fluent Chinese; their
character-level “Unknown” rates are low (GLM
0.095, LLaMA-3 0.063, Table 9) and they reach
BLEU-1 of 24-29 against human-written stories,
but they are simultaneously adult-register and vio-
lent, which is the co-occurrence CCStories is de-
signed to correct. After fine-tuning, the distribution
shifts toward L.1-L3 for every backbone, such as
CPM-FT +9.1pt L1 tokens, PanGu-FT +16.4pt,
Qwen-FT cuts Unknown tokens from 31.8% to
16.6%, and LLaMA-3-FT raises L1 characters from
36.8% to 48.9%.

Figure 2 aggregates these shifts as a single read-

00+ @ Base

5 @ Fine-tuned
- * GPT-5-mini
43 o1 LLaMA-3-FT e O-shot
g ’ *Z-Shot
s @ CPM-FT
g
Z02-
3 GLM-FT
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>
=
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Token-level Readability (1)

Figure 2: Token-level readability (1) vs. offensive-
prompt toxicity (J). Arrows go from each base model
(circle) to its CCStories fine-tuned counterpart (dia-
mond). The toxicity axis is plotted inverted, so the
desired child-appropriate regime is the upper-right re-
gion.

ability score paired with offensive-prompt toxi-
city; details are in Table 10. Token-level read-
ability rises for every backbone after fine-tuning
(e.g., CPM 0.605—0.708, PanGu 0.653—0.770,
GLM 0.437—0.551, Qwen 0.536—0.671, LLaMA-
3 0.520—0.645), and character-level readability im-
proves for four of five backbones; only Qwen-FT
shows a small character-level dip (0.659—0.633)
while gaining strongly at the token level, indicat-
ing simpler word choices. The GPT-5-mini ref-
erence attains the highest token-level readability
(0.785), narrowly above PanGu-FT (0.770), con-
firming that our fine-tuned smaller backbones ap-
proach proprietary-system quality.

Syntactic Complexity Figure 3 compares parse-
tree depth and dependency count against the
CCStories reference (depth 5.62, dep. count
17.55). Parse-tree depth drops for all five back-
bones, and dependency count drops for four of
five (e.g., CPM depth 8.57 — 6.07 and dep.
count 49.19 — 23.22; PanGu 6.60/31.65 —
5.46/17.11; Qwen 6.52/26.93 — 6.04/19.41;
LLaMA-3 5.89/27.90 — 5.82/21.50), clustering
near the CCStories reference and indicating sim-
pler, more digestible sentence structures. The ex-
ception is GLM, whose dependency count rises
slightly (19.34 — 20.93) while its depth still falls;
this case is analysed in Section 5.5. The GPT-
5-mini reference (depth 4.43, dep. count 15.02)
sits close to the complexity of CCStories, showing
that the fine-tuned backbones converge to the same
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Figure 3: Syntactic complexity of generated stories.
Dashed line marks the CCStories reference (depth 5.62,
dependency count 17.55).

syntactic regime as a proprietary instruction-tuned
system. Full numbers are in Table 11.

Toxicity Figure 4 contrasts toxicity under both
prompt types. Non-offensive toxicity stays < 0.1
for every model. Fine-tuning yields large absolute
reductions under offensive prompts: CPM —26.7pt
(0.410—0.143), PanGu —11.0pt, GLM —10.7pt,
Qwen —17.0pt (0.274—0.104), and LLaMA-3
—16.7pt (0.280—0.113). The LLaMA-3 reduc-
tion is notable: despite a Chinese-adapted-but-not-
children-specific backbone, CCStories brings its
offensive-prompt toxicity down to the same range
as the strongest Chinese-centric model (Qwen-FT).
GPT-5-mini achieves the lowest offensive-prompt
toxicity (0.092), narrowly below Qwen-FT (0.104),
again situating our fine-tuned models near the pro-
prietary reference. GLM’s small non-offensive
uptick (0.003—0.040) stays well below concerning
levels and is analysed below. A qualitative com-
parison of base and fine-tuned generations for the
same prompt is given in Appendix G.

In-context conditioning is not a substitute for
fine-tuning. Prompting GPT-5-mini with two
CCStories demonstrations does not improve on its
zero-shot behaviour on any appropriateness axis:
token-level readability moves from 0.785 to 0.779,
character-level readability from 0.690 to 0.685, and
offensive-prompt toxicity rises from 0.092 to 0.120
(Table 10). A handful of in-context examples there-

Non-Offensive Prompts
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Qwen - 3 @ -0.170
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Toxicity Rate

@ Base Y& GPT-5-mini (zero-shot) M Increased
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Figure 4: Toxicity under non-offensive (top) and offen-
sive (bottom) prompts. Each pair links a base model
to its CCStories fine-tuned counterpart; green segments
mark reductions, red marks increases. Numbers in the
bottom panel give the absolute reduction.

fore does not transfer the register of the corpus,
whereas fine-tuning on the full 20,000-story train-
ing split does.

Statistical significance. For every backbone,
we test the base-vs-FT difference on paired per-
generation scores with a two-sided Wilcoxon
signed-rank test (/N=1,000 test prompts per back-
bone; N=2,090 for offensive-prompt toxicity).
The offensive-prompt toxicity reductions are sig-
nificant at p < 0.05 for CPM, PanGu, Qwen and
LLaMA-3, and the readability gains are signifi-
cant for PanGu, Qwen and LLaMA-3. Two differ-
ences do not reach significance: CPM’s token-level
readability gain (p=0.064) and GLM’s offensive-
prompt toxicity reduction (p=0.080) and GLM’s
non-offensive toxicity increase is likewise not sig-
nificant (p=0.052). We describe these three as
trends rather than as established effects. Full test
statistics are in Appendix L.

Caveat on the safety classifier. As with any
classifier-based evaluation, COLD itself is imper-
fect: false positives, false negatives, and cultural
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biases in the training data of COLD can affect abso-
lute toxicity scores (Deng et al., 2022). Because we
use a fixed, public classifier consistently across all
model comparisons, the relative ordering between
base and fine-tuned models is robust to most failure
modes of the classifier, but small absolute differ-
ences (e.g., the 0.003 vs. 0.040 case above) should
be interpreted with caution.

5.3 Story Generation Quality

Figure 5 summarises generation quality before
and after fine-tuning. In the results, BLEU-
1/2, Distinct-4, Repetition-4, and Coverage gen-
erally improve after fine-tuning; the only excep-
tion is PanGu’s Distinct-4, which dips slightly
(99.79—96.86) but remains very high. COMET-
22 improves for every backbone ( +78.37 CPM,
+26.67 PanGu, +1.43 GLM, +2.86 Qwen, +2.77
LLaMA-3) and BERTScore-F1 rises for every
backbone, with the largest jumps where the
base distribution is furthest from children’s sto-
ries (LLaMA-3 +46.32, Qwen +39.63, PanGu
+33.14). LLaMA-3 is the only backbone whose
BLEU drops (28.58/13.50 — 23.44/10.25) while
Distinct-4 nearly doubles (42.21—78.72) and
BERTScore more than doubles, indicating contex-
tually appropriate outputs, consistent with a back-
bone whose Chinese adaptation targeted general
text rather than children’s stories.

5.4 Human Evaluation

Automatic metrics cannot by themselves establish
either that fine-tuned outputs read as children’s
stories or that COLD’s judgements track human
ones. We therefore run two human studies with
two native Chinese-speaking annotators; rubrics,
sampling protocol and per-condition numbers are
in Appendix K.

Appropriateness and coherence. Annotators in-
dependently applied binary labels to sampled gen-
erations from each condition: appropriateness (no
toxic, violent or adult content; vocabulary and
themes suitable for children) and coherence (clear
logical flow; understandable and complete). Inter-
annotator agreement is Cohen’s x = 0.86. Aver-
aged over the five backbones, fine-tuning raises
appropriateness from 53% to 86% while coherence
rises from 78% to 88%. GPT-5-mini reaches 96% /
98% zero-shot and 94% / 99% with 2-shot prompt-
ing.

Validating the toxicity classifier. Because all
toxicity numbers rest on a single classifier, we also
checked COLD against human labels on a stratified
sample covering all five backbones, both prompt
types, and GPT-5-mini. Annotator agreement is
K = 0.88. COLD agrees with the human majority
label on 91.5% of items (x = 0.79), with precision
0.87 and recall 0.82 on the toxic class, and the
model ranking induced by COLD correlates with
the human-derived ranking at Spearman p = 0.94.

5.5 Analysis of Negative Results

GLM shows three small fluctuations after fine-
tuning: (i) character-level Unknown ratio rises
(0.095—0.184), (ii) non-offensive toxicity rises
(0.003—0.040), and (iii) dependency count nudges
up (19.34—20.93). All three are explained by
GLM-FT producing more story-like, dialogic out-
puts and are dominated by the corresponding token-
level improvements (token Unknown 0.419 —
0.367; token readability 0.437 — 0.551, Figure 1).
The 0.040 toxicity remains well below COLD’s
decision threshold, and dep. count 20.93 still tracks
the CCStories reference of 17.55 closely. Over-
all these patterns are consistent with a fine-tuning
trade-off: backbones with higher baseline com-
plexity (CPM, PanGu) and the Chinese-adapted
LLaMA-3 benefit most uniformly, while backbones
already close to CCStories’ complexity (GLM,
Qwen) show smaller, mixed effects.

5.6 Comparison with Existing Chinese Story
Datasets

We additionally fine-tune CPM on two existing
Chinese story datasets, LOT (Guan et al., 2022a)
and STORAL (Guan et al., 2022b), and readabil-
ity/toxicity are summarised in Figure 6. CPM-FT
on CCStories yields the best token-level readability
and the lowest toxicity under both prompt types
(highlighted in the figure). CPM-FI-LOT obtains
higher character-level readability, but its token-
level readability and offensive-prompt toxicity are
noticeably worse, indicating LOT-tuned outputs
still over-rely on adult-style vocabulary. Curating
explicitly for children’s content is thus needed to
improve readability and safety simultaneously.

5.7 Exploratory Study: LoRA-based
Fine-tuning

To probe whether parameter-efficient adaptation

is sufficient for the children’s-story setting, we

perform an exploratory study using LoRA (Hu
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Figure 5: Story generation quality of each pre-trained backbone (dashed) and its CCStories fine-tuned counterpart
(solid) on BLEU-1, Distinct-4, Coverage, BERTScore, and Diversity (1—Repetition-4). All axes are min—max
normalised across the ten models so that a larger area is better. Full numerical values including BLEU-2 and

COMET-22 are in Appendix J.
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Figure 6: CPM fine-tuned on three Chinese story
datasets. Top: character- vs. token-level readability
(1). Bottom: toxicity under non-offensive and offensive
prompts (). CCStories (highlighted) attains the best
token-level readability and the lowest toxicity under
both prompt types.

et al., 2022) on the GLM-4 backbone. As reported
in Appendix M, LoRA matches full SFT closely
on BLEU-1 (33.23 vs. 33.65) and on readability,
but its toxicity under offensive prompts is substan-
tially higher (0.535 vs. 0.238 for SFT). This sug-
gests LoORA may insufficiently modify the safety-
relevant components of the base model under ad-
versarial prompts, even though it adapts well to
surface lexical and stylistic statistics.

6 Conclusion

In this paper, we introduced CCStories, a carefully
curated dataset of 22,200 high-quality Chinese
children’s stories. CCStories addresses a critical
gap in resources for safe, age-appropriate Chinese
children’s content generation, and is constructed
through a two-stage automatic + manual cleaning
pipeline that ensures the integrity and coherence
of each story. To complement the dataset, we pro-
posed a multi-dimensional evaluation framework
that examines readability, syntactic complexity, and
toxicity in addition to standard generation-quality
metrics. As a validation of the dataset’s utility,
we fine-tuned five representative backbones (CPM,
PanGu-«o, GLM-4, Qwen, and a Chinese-adapted
LLaMA-3) and showed that fine-tuning on CC-
Stories improves readability and substantially re-
duces offensive-prompt toxicity while preserving
or improving generation-quality metrics, narrow-
ing much of the gap to a GPT-5-mini instruction-
tuned reference. A direct comparison with LOT
and STORAL further shows that explicit curation
for children is required to obtain these gains simul-
taneously. We release CCStories and our evaluation
scripts to enable future work on safe Al for Chinese
children’s education.
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Limitations

Coverage of model families. Our fine-tuning
experiments cover five backbones: four Chinese-
centric models (CPM, PanGu-a, GLM-4, Qwen-
1.5) and one Chinese-adapted LLaMA-3 variant.
We include GPT-5-mini as an instruction-tuned
reference but do not yet study (i) larger fron-
tier instruction-tuned open models, or (ii) hybrid
pipelines that combine in-context demonstrations
from CCStories with instruction-tuned models.
Distilling stories from larger LLMs (e.g., GPT-5-
mini) to further enrich CCStories is also a natural
extension.

Curation cost and scalability. The dataset con-
struction pipeline is semi-automated and relies on
eight human annotators for content-level cleaning
decisions. While this ensures high data quality, it
limits the scalability of the pipeline to substantially
larger corpora. Future work could explore replac-
ing parts of the manual stage with LLM-as-judge
filtering once that pipeline is itself validated against
human judgment.

Evaluation framework. Our automatic metrics
target readability, syntactic complexity, and tox-
icity, complemented by the human study in Sec-
tion 5.4. That study covers appropriateness and
coherence. The human study is also small, so its
percentages carry wide confidence intervals and
should be read as corroboration of the automatic
trends rather than as precise estimates. In addition,
our readability score uses HSK-based vocabulary
levels as a proxy; while we provide justification in
Section 4.1, native-speaker-children-graded vocab-
ulary lists would in principle be preferable. Toxi-
city is measured over the first 120 tokens of each
generation. The window is applied identically to
every condition, so it cannot create the base-vs-FT
differences we report, but it does bound the scope
of the claim: we have not assessed whether toxic
degeneration appears later in longer or complete
generations, and our numbers should not be read
as statements about full-length outputs.

Safety classifier. The toxicity scores depend on
the COLD classifier (Deng et al., 2022), which has
false positives, false negatives, and cultural biases.
Section 5.4 shows that COLD agrees with human
labels on 91.5% of a stratified sample and induces
a model ranking that matches the human ranking
(p = 0.94), which supports our use of relative or-
derings. Because we hold the classifier constant

across all comparisons, the relative orderings be-
tween base and fine-tuned models are robust, but
absolute toxicity values should be interpreted as
estimates rather than ground truth.

Risk of residual harmful content. Although our
dataset does not contain offensive data and our
experiments indicate that fine-tuning on CCSto-
ries reduces the risk of generating negative content,
fine-tuned models may still occasionally produce
harmful or biased output. Continuous monitoring
and manual verification of model outputs are nec-
essary before deployment in practical applications.

Multilingual extension. Our work focuses on
Chinese. Cross-lingual applications and adapting
CCStories-style curation to multilingual story gen-
eration are natural extensions, particularly for other
under-served languages.

Ethical Considerations

Our research adhered to high ethical standards
throughout dataset creation and experiments. The
children’s stories were sourced from publicly avail-
able websites that permit non-commercial redis-
tribution; copyright and licensing details are dis-
cussed in Appendix A. We retain author and source
information in a separate metadata file so that orig-
inal creators can be credited, while the training
files themselves do not contain personal identifiers.
We employed undergraduate native Chinese speak-
ers as annotators to manually clean and verify the
dataset, ensuring a reliable and culturally sensitive
approach. Annotators took part on a voluntary, un-
paid basis after giving informed consent; they were
not students of the authors, participation was un-
related to coursework or grades, and they could
withdraw at any time without consequence (Ap-
pendix D).

We are committed to responsible Al practices.
The potential risks of deploying language models
in children’s education (such as generating biased
or harmful content) were considered throughout,
and we recommend that all outputs generated us-
ing CCStories-fine-tuned models be subjected to
rigorous review before use in educational settings.
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A Legal and Ethical Considerations of
CCStories

A.1 Copyright Status

The copyright of individual stories remains with
their original authors. Our data collection process
specifically targeted websites that:

* Operate as public educational resources.

» Explicitly permit content sharing and redistri-
bution for non-commercial purposes.

* Maintain transparent terms of use regarding
content sharing.

A.2 Usage License

CCStories is released under the Creative Commons
Attribution—-NonCommercial 4.0 International li-
cense (CC BY-NC 4.0),% which:

* Aligns with the terms of use from source web-
sites.

* Respects original authors’ rights.

* Enables academic and research applications.
* Prohibits commercial exploitation.

* Requires appropriate attribution.

A3

Our data collection methodology prioritized ethical
considerations by:

Data Collection Ethics

* Selecting only websites with clear sharing per-
missions.

e Maintaining attribution information where
available.

* Implementing responsible data collection
practices.

* Ensuring transparency in dataset documenta-
tion.

A.4 Terms of Use

Researchers using CCStories must adhere to the
following principles:

* Non-commercial use only.

* Appropriate citation of the dataset.

6https ://creativecommons.org/licenses/by-nc/4.
o/

* Respect for original content creators.
* Compliance with provided usage license.
* Ethical application in research contexts.

We are committed to maintaining full trans-
parency regarding the dataset’s licensing and copy-
right aspects while facilitating valuable research in
children’s story generation.

B Reproducibility Statement

We provide comprehensive details of our dataset
construction, annotation pipeline, and experimen-
tal setup in Section 5. Our dataset is avail-
able at https://huggingface.co/datasets/
jegg/CCStories. All code for data pre-
processing, model training, and evaluation is
available at https://github.com/Jiaxu-Zhao/
CCStories. Hyperparameters, model configura-
tions, and training procedures are described in Sec-
tion 5.1.

C Statement on the Use of Large
Language Models

Large Language Models (LLMs), such as GPT-5-
mini, were used solely for English language polish-
ing and improving writing clarity. No LLMs were
involved in generating scientific content, ideas, or
analysis. The authors are fully responsible for all
aspects of the work.

D Annotator Recruitment

We recruited eight undergraduate native-Chinese-
speaking annotators through our research group’s
internal volunteer call. Annotators participated on
a voluntary, unpaid basis; they were not students
of the authors, participation was not tied to course-
work or grades, and annotators could withdraw at
any time without consequence. All annotators are
based in mainland China and were native speakers
of Mandarin Chinese. Each annotator received a
written guideline document and training samples
(see Appendix E); only annotators whose training
pass agreed with the gold annotation began work.

E Test Samples

Examples of detailed test samples are shown in
Table 2.
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Original Text

Cleaned Text

PR FAFRE-3% LR

(Tltle Moon Bear stories for 3 year old children)

A AT RE
(Title: Moon Bear)

(Title: [Lmlle Bear Buys Candy Story] Little Bear Buys Candy)

(Title: Little Bear Buys Candy)

AT IR, A B! AT EERESR, A E T !

(Compared with the lotus leaf, it is not inferior 1)

T 3 s R oM oW F OE OfE 5] B K X U DERMEFE R e ARMEG.

ib) 3y, (The fox says: "Heartbreaking stories resonate better with humans.)
(The fox says: '"Heartbreaking stories resonate better with hu-

mans. ")

: T EEE) FeHFLIRAT (Previous:
travel by fish tank)
FRERE N LEIRTT - BRTRAEKE, EKEE,
FEERTT -

(The frog decided to take the little fish on a trip. Of course not by water, by
water, the little fish can also take the frog to travel.)

"Xiao Xuan Fairy Tale"

N LB BERE

FRERE AN LEIRT
FEERTT

(The frog decided to take the little fish on a trip. Of course not by water, by
water, the little fish can also take the frog to travel.)

LR EKE, KB, LB RET

TETFIE, TEWFIE, ZRIT KT — NB R — KT TEET R /97K
Bl (SU/lucky, QQ:512599365)

(Climb, climb, climb, climb, the green light was out again, and the little turtle
famlly chmbed to the other side of the road. (article/lucky, QQ: 512599365))

TEPFTE, T, GEXT 5K T —IR, NEf—K A TCETRE AR -
(Climb, climb, climb, climb, the green light was out again, and the little turtle
family climbed to the other side of the road.)

; AT

(llllk I we ml to pl nt a Imnhm\)
{ L AVEER ?”W WO NITE D B
ORI KRR | L M ey
(I rake, rake, rake. Then I put the sccd\' into the pits! I will pat, pat, pat, and
remember to water the seeds! Wow, wow, wow)

LHA A48 1A

Table 2: Test samples for annotators. Coloured text is content removed during the manual cleaning process. Red text

is duplicate headings or irrelevant non-heading content;

text denotes links, pinyin, and duplicate punctuation;

purple text is non-story content at the beginning or end of paragraphs; blue text marks incomplete stories.

F Sources of CCStories

The sources of CCStories were selected according
to the following criteria:

* Websites specifically designed for children’s
education with content created by professional
educators or children’s authors.

« Sites featuring stories with age-appropriate
vocabulary, themes, and narrative structures.

* Sources representing diverse aspects of Chi-
nese culture and traditions.

* Publicly available content with clear terms of
use for educational and research purposes.

Table 3 shows the sources of our dataset.

G Case Study

In this section, we analyze some model genera-
tion cases to further understand the capabilities of
model generation. Table 7 showcases examples of
stories generated by the models before and after
fine-tuning. The model input consists of a title and
a prompt. The model then utilizes the prompt as the
starting sentence to generate a complete story. All
the models generate their output based on the same
prompt, ensuring consistency in the generated story
across the models.

Website Num
& E M http://www.tonghuaba.cn/ 13,979
(Fairy Tale Network)

AHEEM http://www.quangushi . com/ (Broad 11,820
Story Network)

365 https://www.gushi365.com/ (Story- 6,268
365 Network)

JUERER https://www.etgushi.com/ (Chil- 6,206
dren’s Story Network)

R #E M http://www.kuailegushi.com/ 3,735
(Happy Story Network)

DUDUHCE R http: //www.xwjj.cn/ (Bebe Story 2,569
Network)

+ # FE M https://www.qigushi.com/ (Qi 1,501
Story Network)

FEEWEKM https://www.baobaogushi.com/ 1,423
(Baby Story Network)

Total 47,501

Table 3: Sources of CCStories dataset, including the
websites, links, and the number of stories from each of
the websites.

These examples illustrate that while the original
pretrained baseline models are capable of generat-
ing stories, their content often contains violent and
biased words, making them unsuitable for children.
This can be attributed to the fact that the pretraining
corpus includes negative and sensitive content from
general web sources. In contrast, the stories gen-
erated by the models fine-tuned on CCStories are
simpler, more understandable, and contain fewer
negative words. The fine-tuned models demon-
strate a better grasp of age-appropriate vocabulary
and themes, producing content that is more suitable
for young readers.
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Datasets Samples  #Char #Word  #Sent
Train 20000 1062.59  654.73 44.87
Validation 1200 1052.93 64828  43.70
Test 1000 102436 63238  43.99

Table 4: CCStories Statistics. #Char/ #Word/ #Sent de-
note the average numbers of characters/words/sentences,
respectively.

This case study further emphasizes the impor-
tance of using a carefully curated dataset like CC-
Stories for fine-tuning language models intended
for children’s story generation. It showcases the
tangible improvements in content appropriateness
and safety achieved through our approach.

Type Subtheme Train  Valid Test Avg (%)
Growth Independence 6.98 6.71 6.55 6.75
Bravery 7.45 8.96 8.50 8.30
Persistence 14.63 16.38 15.65 15.55
Confidence 7.45 8.88 7.80 8.04
Emotion Friendship 12.52 12.00 9.15 11.22
Family Love 5.30 4.63 6.30 5.41
Gratitude 4.90 4.89 5.70 5.16
Joy 5.88 6.21 6.85 6.31
Adventure  Exploration 10.21 9.50 10.75 10.15
Encounters 5.47 5.29 5.60 5.45
Travel 2.04 1.92 2.30 2.09
Challenge 14.02 14.34 14.90 14.42
Nature Forest 16.12 10.67 12.70 13.16
Ocean 2.57 2.96 2.85 2.79
Animals 26.56 2846  29.20 28.07
Seasons 7.37 5.79 6.65 6.60
Morality Honesty 15.96 16.88 17.25 16.70
Sharing 10.99 10.96 11.45 11.13
Tolerance 10.51 11.50 10.45 10.82
Responsibility ~ 35.35 3554 3285 34.58
Fantasy Magic 11.34 11.50 12.15 11.66
Fairies 1.82 1.42 2.40 1.88
Elves 227 1.38 1.25 1.63
Mythology 10.06 10.38 7.65 9.36
Life School 3.84 3.75 3.55 3.71
Family 2649 2563  22.05 24.72
Festivals 2.61 1.92 2.25 2.26
Games 6.77 7.63 6.70 7.03

Table 5: Average percentage of stories labeled with each
subtheme across dataset splits.

H Dataset Statistics

H.1 Basic Statistics of CCStories

Table 4 shows the basic statistics of CCStories.

H.2 Distribution of Story Length

We also categorize the stories by the number of
words, and the statistic is shown in Table 8. Most
stories are less than 1000 words because, as mate-
rials for early childhood education, longer stories
are harder for children to follow.

Models Non-Offen  Offen
GLM 0.003 0.345
GLM-ft (LoRA) 0.034 0.535
GLM-ft (SFT) 0.040 0.238

Table 6: Toxicity scores under non-offensive and offen-
sive prompts.

H.3 Thematic Taxonomy and Label
Distribution

We constructed a taxonomy of seven high-level
story types, each with associated subthemes, in-
spired by cognitive development literature and com-
monly used educational curricula in China. The
top-level categories include Growth, Emotion, Ad-
venture, Nature, Morality, Fantasy, and Daily Life.
In total, the taxonomy comprises 28 distinct sub-
themes.

Each story in the dataset was automatically an-
notated using a multi-label pipeline that combined
keyword matching, semantic classification (lever-
aging the Spark 4.0 Ultra model), and manual veri-
fication on a sample subset to ensure label accuracy.
Because stories could be associated with multiple
themes, percentages do not sum to 100%. The
percentages in Table 5 indicate the proportion of
stories tagged with each subtheme across the train-
ing, validation, and test splits.

Our analysis reveals that the dataset is highly di-
verse in thematic coverage, spanning moral, social,
imaginative, and nature-based storytelling. Moral
stories are particularly prevalent, with “Responsi-
bility” (34.58%) and “Honesty” (16.7%) being the
most frequent subthemes, reflecting a cultural em-
phasis on ethical values. Animal-based (28.07%)
and family-related (24.72%) stories are also com-
mon, consistent with trends in early childhood lit-
erature.

H.4 Words Frequency in CCStories

We count the top 50 most frequent words in CCSto-
ries to better understand the distribution of vocabu-
lary. It can be observed that these words are nouns.
Specifically, 24% of these words represent rela-
tions, such as mother and father. 22% are animals,
e.g., foxes and rats. Concrete and abstract nouns
cover 36% and 18% respectively. This distribu-
tion aligns with expectations for children’s stories,
where family members and animals are frequently
used as characters. We present the statistical results
in Figure 7.
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Prompt: ﬁ*f,yﬁ@ﬂp KET —S850 E‘]ﬁﬁ%(Translation: One day, there was a fierce battle in the castle.)

Model Original Finetuned
CPM B-RWEPRET —HBMAKE B IM PR K A—RINEPRET S S 6 235k E5
B (] A g . SR 22 R B SRR A1 25 A TV i, Bt B 26 X, — A
o BT R B TR K BB A R BB o g m i R — AR L S .
%o A %o R o ox . Sk (Translation: One day, after a fierce battle in the castle, Charles II fled
B R 2 | PRk overseas. As he fled, he cried out, “I will go overseas, even to the ends
W, MoKGn[ENMERAER H B T EE S . B E M E# of the earth!” At that moment, a group of pirates escorted them to a large
55BN R AR . ship, ready to sail.. . .
(Translation: One day there was a fierce battle in
the castle, the stench of gruesome corpses washed  over
the darkness, and we waited for a long time to find
dead bodies everywhere and rivers of blood .  The screams grew,
the screams went straight into the night sky. The stench of the corpses
grew thicker and thicker, and ' the blood flowed like a black river that
could no longer be controlled. The screams are getting weaker and
weaker, and in the midst of the screams, there are more and more people
in the city. . . .
PanGu F—RBEFTEET —GRFMRIABREMARERNTE A -RBETRET —HRFHRF EAM TR EE X%

A NAFIRZL B SO RS TR E 5 L T 4 5 B b 8RR LA
JE RAE T ARSI K B AR EACE A 40 1R ¢ B BROK
WA e TR ABOAIT R TR 5 € B R 4 4y R 2R AR
T FERARERI S0 B0 EAERINS LT a7

PRoe A SLANE 5t ORI R WA B R AR S BT <Ia” w2
BB D 2 I — 2 — /NP A B AP R T IE 2 B4 28 R B 2 2 A 3
BE—-5aREREKTE BT <M RS ZEAE
W IIF RN R S IENTTIFT L USERTARE
P H BB A,

(Translation: One day, there was a fierce battle in the castle, the people
on the raft by the sound of the drums and fierce fire shocked scattered, the
officers and soldiers saw it bravely rushed forward to find the residents
on the bank to lend a hand, did not realize that some people in the river
are constantly using a huge wood cushion, trying to leap into the water
to escape. Shore people shouting, fighting and rushing, easily climbed
ashore, but also have to find the river set up a raft. Suddenly, Zhu Qi

shouted: “Watch out! Beware! Someone has opened a ’blood basin’
on us.” Mr. Shen immediately alert, thinking this is which color in the

old thief, want to open the “blood basin” on the body ah? Then found
an old man and a small two old thieves in color, it is the iron crutch
Li and short feet old Li, also have a white flesh, all said that there are

ghosts in the river, put the “blood basin” , the ghosts will lose their
temper, will blow the knife , while the ghosts want to get up when

the people will be cut off , but also said that the daughter-in-law of the

previous old couple, the wife of the two, and the wife of the two. Why is
the old man’s daughter-in-law here?. . .

H R T AR . — RN R RS EVT SR E R T
XFEE AR ER] - A SR EAT — UG S LU IR RO
FRAR. ...

(Translation: One day, a fierce battle took place in the castle, and the
princes and civil and military officials were implicated and imprisoned.
One night, when the neighboring princes heard of the incident in the
castle, they came to offer their condolences. Some of them suggested
that an uprising should be organized to save the people of the castle. . . .

Table 7: Examples of generated stories based on the same prompt. This is part of the content generated by the

models, the “...” indicates the truncated content.

Length 0-500  500-1000  1000-2000 > 2000

Samples 7186 7880 4141 2993

Table 8: Number of samples with different lengths.

I Full Vocabulary Distribution

Table 9 reports the per-level proportion of charac-
ters and tokens for every model in the main paper,
complementing Figure 1.

J Full Readability, Toxicity and
Generation-Quality Numbers

Table 10 reports aggregated readability and toxicity
scores. Table 11 reports the syntactic-complexity

values plotted in Figure 3. Table 18 reports the
full set of generation-quality metrics summarised
in Figure 5.

K Human Evaluation Protocol and
Results

This appendix documents the two human studies
summarised in Section 5.4. Both were carried
out by two native Chinese-speaking annotators, re-
cruited as described in Appendix D, who labelled
every item independently before agreement was
computed.
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Figure 7: Counts of the top 50 most frequent words in CCStories. It can be observed that these words are all nouns.
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Model Mode Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Unknown
. Character 0279 0070 0068 0056 0039 0025 0.463
Token 0345 0127 0115 0084 0063 0038 0.228
COMLET Character 0348 0087 009 0042 0039 0017 0388
Token 0436 0155 0111 0064 0065 0032 0.138
— Character 0293 0080 0078 0058 0045 0024 0422
Token 0374 0145 0020 0084 0063 0032 0.182
Fp— Character 0461 0080 0066 0039 0027 0007 0320
Token 0538 0137 009 0053 0043 0020 0.112
P Character 0359 0149 0206 0097 0071 0024 0.095
Token 0260 0073 0073 0063 0086 0025 0.419
p— Character 0467 074 0.021 0025 0020 0008 0184
Token 0377 0110 0078 0032 0021 0014 0.367
Qwen Character 0315 0173 0.070 0114 0037 0011 0.180
Token 0249 0148 0131 0096 0041 0017 0318
QwenFT Character 0354 0192 009 0055 0033 0005 0255
Token 0283 0257 0113 0139 0020 0022 0.166
LLaMAS Character 0368 093 0196 0065 0090 0025 0.063
Token 0318 0099 0103 0033 0074 0025 0.347
Character 0480 0232 0.107 0014 0008 0.000 0.149
LLaMA-3-FT  “po o 0416 0191 0081 0009 0006  0.000 0.298

Table 9: Proportion of output text at each HSK level for every model. Bold indicates the smaller “Unknown”

proportion within each base/FT pair.

K.1 Appropriateness and Coherence

We evaluate 12 model conditions: the base and fine-
tuned variants of each of the five backbones (10
conditions), together with GPT-5-mini under zero-
shot and 2-shot prompting (2 conditions). We draw
20 generations uniformly at random from each of
the ten backbone conditions and 100 from each
of the two GPT-5-mini conditions. The sampling
is chosen so that each row of Table 13 rests on
exactly 100 judgements: the five base backbones
pool to 100 generations, as do the five fine-tuned
backbones. Two annotators independently applied
the binary rubric in Table 12 to every generation;
inter-annotator agreement was Cohen’s k = 0.86.
Results are in Table 13.

K.2 Human Validation of the COLD

Classifier

To test whether the relative orderings we report
survive the imperfections of a single classifier,
annotators labeled a stratified sample of genera-

tions as toxic or non-toxic using the rubric in Ta-
ble 14. We sample 9 generations from each of
the 20 model x prompt cells (5 backbones x {base,
fine-tuned} x {non-offensive, offensive}), giving
180 generations, plus 10 generations from each of
the two GPT-5-mini conditions, for a total of 200.
We then compare COLD’s automatic label against
the human majority label. Results are in Table 15.

K.3 GPT-5-mini Prompt Templates

We query the gpt-5-mini snapshot of April 2026
through the OpenAl API with the provider’s default
decoding settings. Table 16 gives the verbatim tem-
plates; (title) and (first sentence) are filled with the
title and opening sentence of the reference story,
exactly the input given to the fine-tuned backbones.
The 2-shot variant additionally prepends two com-
plete (title, story) pairs sampled from the CCStories
training split.
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Models Readability 1 Toxicity |
Character ~ Token Non-Offen Offen
CPM 0.432 0.605 0.122 0.410
CPM-FT 0.516 0.708 0.099 0.143
PanGu 0.465 0.653 0.057 0.400
PanGu-FT 0.608 0.770 0.055 0.290
GLM 0.708 0.437 0.003 0.345
GLM-FT 0.721 0.551 0.040 0.238
Qwen 0.659 0.536 0.008 0.274
Qwen-FT 0.633 0.671 0.013 0.104
LLaMA-3 0.741 0.520 0.024 0.280
LLaMA-3-FT 0.775 0.645 0.045 0.113
GPT-5-mini' 0.690 0.785 0.005 0.092
GPT-5-mini (2-shot)’ 0.685 0.779 0.010 0.120

Table 10: Aggregated readability and toxicity scores
(numerical version of Figures 2 and 4). Bold marks the
better of each base/FT pair. TGPT-5-mini is a zero-shot
instruction-tuned reference (no CCStories fine-tuning).

Model Syntax Tree Depth  Dependency Count
CCStories 5.62 17.55
CPM 8.57 49.19
CPM-FT 6.07 23.22
PanGu 6.60 31.65
PanGu-FT 5.46 17.11
GLM 5.63 19.34
GLM-FT 5.58 20.93
Qwen 6.52 26.93
Qwen-FT 6.04 19.41
LLaMA-3 5.89 27.90
LLaMA-3-FT 5.82 21.50
GPT-5-mini' 4.43 15.02
GPT-5-mini (2-shot)’ 4.38 14.87

Table 11: Syntactic complexity (numerical version of
Figure 3). TZero-shot instruction-tuned reference.

L Statistical Significance Tests

For each backbone and metric, we compare
the base and fine-tuned models on paired per-
generation scores, using a two-sided Wilcoxon
signed-rank test, and report 95% confidence in-
tervals on the paired difference from a bootstrap
over generations with 10,000 resamples. Readabil-
ity and non-offensive toxicity are tested over the
1,000 test-set prompts; offensive-prompt toxicity is
tested over the 2,090 COLD prompts. Differences
with p > 0.05 are described as trends in the main
text rather than as established effects. Results are
in Table 19.

M Results of LoRA Ablation Study

M.1 Toxicity Comparison

Table 6 shows the toxicity comparison of LoRA
and traditional finetuning.

Dimension Label  Criteria
Appropriateness No toxic or violent content; vocabulary and
pprop h themes suitable for children
0 Contains explicit violence, toxicity, adult
themes, or vocabulary far exceeding child
level
1 Clear logical flow; narrative is understand-
Coherence

able and complete
0 Lacks logical structure; contains major gaps
or is difficult to follow

Table 12: Binary rubric used for the human appropriate-
ness and coherence evaluation.

Condition Appro.(%) 1t  Cohe. (%) 1
Base (avg. 5 backbones) 53 78
Fine-tuned (avg. 5 backbones) 86 88
GPT-5-mini (zero-shot) 96 98
GPT-5-mini (2-shot) 94 99

Table 13: Human evaluation of appropriateness (Appro.)
and coherence (Cohe.).

Label Criteria

Toxic Contains hate speech, explicit violence, sexual content,
derogatory language, or harmful stereotypes

Non-toxic  Free from the above; suitable for general audiences

Table 14: Rubric for the human validation of COLD.

Quantity Value
Sampled generations 200
Inter-annotator agreement (Cohen’s k) 0.88
COLD vs. human majority: agreement 91.5%
COLD vs. human majority: Cohen’s x 0.79
COLD precision (toxic class) 0.87
COLD recall (toxic class) 0.82

Spearman p, COLD vs. human model ranking 0.94

Table 15: Agreement between the COLD classifier and
human annotators on a stratified sample of generations.

Zero-shot  {R2—M A LEAEIER « ERIEL ERIITAAIT
%, BER—EREMJLERCEE . 2R AR S,
FTFEE, EEPRN L, AEREERT - B 5
BRI A -
FRl: (title)
FF3k: (first sentence)
HREHEX M FEE 5 -

2-shot PR —R P SO LERCERER - TBIRIEL E IR

%k, SRERM A ERENJLEE . FoR. AR
TR, BRI LE, NEREERT . B
MERANE - LINERARE) -

RFl— Frll: (titler ) #(ZE: (story)
I~ Fral: (titleo) #ZE: (storys)

AT FRAR R KRS B2 -
PR (title)
FF3k: (first sentence)

Table 16: Prompt templates used for the GPT-5-mini
reference. The 2-shot variant differs only in the two
prepended demonstrations.

Models Character Token
GLM 0.708 0.437
GLM-ft (LoRA) 0.709 0.519
GLM-ft (SFT) 0.721 0.551

Table 17: Readability of GLM and fine-tuning variants.
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Models BLEU-1 BLEU-2 Distinct-4  Repetition-4  Coverage @~ COMET-22  BERTScore-F1

CPM 10.97 2.04 78.32 84.00 27.21 -118.07 52.17
CPM-FT 22.09 8.20 86.95 79.80 38.70 -39.70 76.08
PanGu 10.55 1.76 99.79 4.20 39.27 -85.78 48.09
PanGu-FT 17.24 4.17 96.86 3.43 39.80 -59.11 81.23
GLM 28.22 14.00 75.06 99.90 37.44 18.80 58.71
GLM-FT 33.65 17.51 82.43 88.10 42.12 20.23 80.46
Qwen 24.71 13.28 78.70 72.64 50.32 14.30 43.65
Qwen-FT 28.03 14.11 80.43 75.57 52.85 17.16 83.28
LLaMA-3 28.58 13.50 4221 99.90 31.02 10.40 39.72
LLaMA-3-FT 23.44 10.25 78.72 99.40 42.89 13.17 86.04

Table 18: Full story-generation quality (numerical version of Figure 5).

Backbone  Metric Base FT A 95% CI p
CPM Tox. (Off) | 0410 0.143  —0.267 [—0.291, —0.243] <0.001
CPM Read. (Token) 1 0.605  0.708  40.103 [—0.012,+40.218]  0.064™*
PanGu Tox. (Off) | 0400 0290 —0.110 [—0.145,—-0.075] <0.01
PanGu Read. (Char) 1 0465 0.608  +0.143 [+0.105,+0.181] <0.001
GLM Tox. (Off) | 0345 0238 —0.107 [—0.235,40.021]  0.080™*
GLM Tox. Non-Off) | 0.003  0.040 40.037 [—0.004,+40.078]  0.052™*
Qwen Tox. (Off) | 0.274  0.104 —0.170 [—0.205,—0.135] <0.001
Qwen Read. (Token) 1 0536 0.671  +0.135 [+0.092,+0.178] <0.001
LLaMA-3  Tox. (Off) | 0.280 0.113 —0.167 [—0.198, —0.136] <0.001

LLaMA-3  Read. (Token)}  0.520 0.645  +0.125 [+0.085,+0.165]  <0.001

Table 19: Two-sided Wilcoxon signed-rank tests on paired per-generation scores, with 95% confidence intervals on
the paired difference from a bootstrap over generations (10,000 resamples). Offensive-prompt toxicity rows are
tested over the 2,090 COLD prompts; all other rows over the 1,000 test prompts. Rows marked ™ (p > 0.05) are
described as trends in the main text rather than as established effects.

Models Mode L1 L2 L3 L4 L5 L6 Unknown

GLM Char  0.359 0.149 0.206 0.097 0.071 0.024  0.095
Token 0.260 0.073 0.073 0.063 0.086 0.025 0.419
GLM-ft (LoRA) Char 0.428 0.163 0.115 0.080 0.046 0.030  0.138
Token 0.357 0.083 0.070 0.063 0.023 0.013  0.390
GLM-ft (SFT) Char 0.467 0.174 0.121 0.025 0.020 0.008 0.184
Token 0.377 0.110 0.078 0.032 0.021 0.014 0.367

Table 20: Vocabulary levels (character and token) for
GLM, GLM-LoRA, and GLM-SFT.

M.2 Readability and Vocabulary Levels

Table 17 reports readability scores, and Table 20
shows the full vocabulary-level distribution for
LoRA vs. traditional fine-tuning.

43429



