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Abstract

The proliferation of hate speech on Chinese social media poses urgent societal risks, yet tra-
ditional systems struggle to decode context-dependent rhetorical strategies and evolving slang.
To bridge this gap, we propose a novel three-stage LLM-based framework: Prompt Engineer-
ing, Supervised Fine-tuning, and LLM Merging. First, context-aware prompts are designed
to guide LLMs in extracting implicit hate patterns. Next, task-specific features are integrated
during supervised fine-tuning to enhance domain adaptation. Finally, merging fine-tuned LLMs
improves robustness against out-of-distribution cases. Evaluations on the STATE-ToxiCN bench-
mark validate the framework’s effectiveness, demonstrating superior performance over baseline
methods in detecting fine-grained hate speech.

1 Introduction

The rapid growth of social media platforms has led to a global surge in online hate speech, which not
only inflicts psychological harm on targeted individuals or groups but also exacerbates social tensions
and fuels collective antagonism (Arora et al., 2023). While existing technologies can preliminarily detect
explicit hate content (Schmidt and Wiegand, 2017), Chinese hate expressions are often characterized by
implicitness, diversity, and context-dependency (Qian et al., 2018). Offensive content may be embedded
through metaphors, sarcasm, or indirect references (Fortuna and Nunes, 2018), frequently targeting spe-
cific group attributes such as geography, gender, or ethnicity (Mathew et al., 2021). Against this back-
drop, fine-grained hate speech detection has emerged as a critical research direction to address this
issue. It aims to precisely dissect hate elements—such as target entities, arguments, victimized groups,
and hate attributes (Vidgen et al., 2021)—from textual data, enabling more accurate identification and
regulation of online hate speech.

The core requirement of fine-grained hate speech detection lies in models that can not only recognize
explicit offensive lexicons but also infer discriminatory intent from contextual semantics (ElSherief et al.,
2021), while strictly adhering to structured output specifications (Pavlopoulos et al., 2020). However,
current mainstream models face three critical bottlenecks:(1)Semantic Complexity: Traditional rule-
based or shallow machine learning methods, as well as directly applied large language models, struggle
to accurately capture the implicit and diverse fine-grained semantic features inherent in Chinese hate
speech (Talat and Hovy, 2016).(2)Incomplete Information Extraction: General-purpose pre-trained
models lack targeted attention to hate speech components, resulting in incomplete extraction of critical
information.(3)Generalization Limitations: Single training paradigms are susceptible to data distribu-
tion biases, limiting model generalization in complex scenarios and hindering adaptability to dynamic
online environments (Gururangan et al., 2020).
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To address these challenges, this study proposes a hybrid training framework based on the Qwen2.5-
7B-Instruct LLM (Qwen et al., 2025), employing a three-stage optimization strategy. First, Prompt
Engineering guides the model to focus on hate speech elements (e.g., victimized group classification and
metaphor identification rules) while enforcing structured output through task-oriented templates. Second,
Supervised Fine-Tuning (SFT) (Ouyang et al., 2022) enhances the model’s ability to parse fine-grained
semantics using high-quality annotated data, particularly improving discrimination accuracy for implicit
hate expressions. Finally, Model Merging (Matena and Raffel, 2022) innovatively integrates multi-stage
models via the LLM Merging method, which sparsifies task vectors by pruning extreme parameters,
thereby synthesizing complementary features from different training phases to boost robustness. Experi-
mental results demonstrate stable performance scores of 0.3553 and 0.3555 on preliminary and final test
sets, respectively, with over 15% accuracy improvement in hate detection compared to baseline models.
The fused model also exhibits exceptional adaptability in complex scenarios such as multi-group attacks
and cross-context generalization. This work provides a theoretically innovative and practically valuable
technical pathway for Chinese fine-grained hate speech detection, contributing significantly to fostering
safer online discourse environments.

2 Methodology

2.1 Framework Overview

The proposed framework comprises three pivotal components: (1) Domain-specific Prompt Engineering,
(2) Task-oriented Supervised Fine-tuning, and (3) Dynamic LLM Merge. As illustrated in the hierarchi-
cal architecture of the algorithmic framework figure 1, the system operates through phased optimization:
prompt engineering guides the model to concentrate on fine-grained hate elements, the supervised fine-
tuning phase enhances the model’s discriminative capacity for implicit semantic nuances, and model
merge enhances both the recognition accuracy and generalization capabilities of the system.
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Figure 1: Framework Architecture

2.2 Domain-specific Prompt Strategy

The Prompt Strategy enhances structured output capabilities and fine-grained hate judgment logic
through domain-specific prompt template design. Specifically, the prompt template incorporates three
core components:

First, it defines clear task objectives by mandating the model to output results following a ”four-tuple”
structured framework. To reinforce the model’s understanding of this format, contextual examples are
strategically embedded immediately after defining each field.Second, it embeds explicit definitions of
hate speech while establishing contrasting non-targeted content boundaries through dual-directional ex-
amples. For instance, the prompt explicitly contrasts hate speech with non-targeted content, clarifying
criteria with phrases like ”ordinary information without group targeting does not constitute hate speech.”
This bidirectional guidance reduces false positives by sharpening the model’s ability to differentiate
subtle boundary cases.Third, it optimizes target group extraction by integrating predefined category ex-
planations that map to common social group attributes. The prompt systematically breaks down each
category’s defining features, and emphasizes handling overlapping scenarios. This structured approach
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ensures the model prioritizes contextually relevant group attributes while mitigating oversights in com-
plex expressions.

Figure 2 is a sample prompt. Through these designs, the prompt shifts the model’s focus from general-
ized semantic analysis to targeted feature extraction governed by structured guidelines, aligning detection
logic with fine-grained hate speech components. The domain-specific prompt not only enforces rigorous
output formatting but also embeds implicit reasoning pathways for decoding implicit rhetoric.

Chinese: English:

Figure 2: Sample Prompt

2.3 Task-oriented Supervised Fine-tuning
Given a pre-trained large language model θpre and a labeled dataset D = {(xi, yi)}Ni=1 for hate speech
detection, full parameter supervised fine-tuning minimizes the loss function:

L(θ) = −
N∑
i=1

[yi log p(ŷi|xi; θ) + (1− yi) log(1− p(ŷi|xi; θ))] + λ|θ − θpre|2 (1)

where θ denotes the complete set of trainable parameters, ŷi represents the model’s predicted proba-
bility for the i-th sample, λ serves as the L2 regularization coefficient that governs parameter magnitude
constraints to mitigate overfitting. The parameter update rule of the AdamW optimizer is defined as:

θt+1 = θt − η · mt√
vt + ϵ

− ηλθt (2)

where η denotes the learning rate, mt and vt represent the exponentially decaying first and second
moment estimates of gradients, respectively, and ϵ is a small constant ensuring numerical stability.

2.4 Dynamic Large Language Model Merge
The capabilities learned by LLMs fine-tuned with different prompt strategies exhibit significant varia-
tions.Recent studies show merging large language models (LLMs) effectively enhances performance and
generalization. For instance, in e-commerce intention recognition, merged models demonstrate stronger
robustness when processing noisy multimodal data, significantly improving accuracy in complex sce-
narios (Li et al., 2025).Building upon the methodologies presented in (Yadav et al., 2023; Davari and
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Belilovsky, 2024), we propose a LLM Merging algorithm to integrate these diverse capabilities, with the
detailed workflow outlined in Algorithm 1.

Given fine-tuned LLMs {θt}nt=1 and a base LLM θbase, we first construct corresponding task vectors
τ . Based on task vectors {τt}nt=1, the LLM Merging method proceeds through three sequential steps to
achieve parameter merging:

• Prune: We partition the model into layers. For each layer, a masking process is implemented
to filter out large outliers and minor perturbations, using α and β as thresholds for the right-tail
(upper bound) and left-tail (lower bound) distributions, respectively. The resulting layer-specific
masks mα,β

t,layer are aggregated across all layers to generate the final unified mask mα,β
t . The mask

is then applied to the task vector τt to derive the refined parameter set τ̂t, from which we extract the
task-specific direction γ̂t and the magnitude of change µ̂t.

• Direct: We construct a directional alignment vector γm to resolve sign inconsistencies among cor-
responding parameters across different models. Specifically, task vectors sharing the same sign
direction are aggregated, and the orientation demonstrating the highest cumulative magnitude is
selected as the consensus direction.

• Merge: For each parameter, we construct the chosen set of task vectors Ap, which only retains the
parameter values of the models whose symbolic directions are the same as the consensus direction.
Finally, calculate their average values τpm, scale them and then add them to the base parameters to
obtain the final merged parameters θm.

Algorithm 1 LLM MERGING Procedure.
Input: Fine-tuned LLMs {θt}nt=1, Initialization θbase, α, β and λ.
Output: Merged LLM θm
1: for all t ∈ [1, ..., n] do
2: ▷ Create task vectors.
3: τt = θt − θbase
4: ▷ Step 1: Prune redundant vectors.
5: for all layer ∈ Layers(θ) do
6: mα

t,layer ← mask top k percent(k = α)

7: mβ
t,layer ← mask bottom k percent(k = β)

8: mα,β
t,layer ← merge masks(mα

t ,m
β
t )

9: end for
10: mα,β

t ← stack masks(
{
mα,β

t,layer

}
layer∈Layers

)

11: τ̂t ← mα,β
t · τt

12: γ̂t ← sgn(τ̂t)
13: µ̂t ← |τ̂t|
14: end for
15: ▷ Step 2: Indicate task directions.
16: γm = sgn (

∑n
t=1 γ̂t ⊙ µ̂t)

17: ▷ Step 3: Merge chosen task vectors.
18: for all p ∈ [1, ..., d] do
19: Ap = {t ∈ [n] | γ̂pt = γpm}
20: τpm ←

1

|Ap|
∑

t∈Ap τ̂
p
t

21: end for
22: Obtain merged checkpoint
23: θm ← θbase + λ ∗ τm
24: return θm
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3 Experiments and Results

3.1 Dataset

The STATE-ToxiCN dataset (Bai et al., 2025) comprises 8,000 Chinese social media comments (e.g.,
from Tieba and Zhihu) annotated with fine-grained quadruples (Target — Argument — Targeted Group
— Hateful) for hate speech recognition. Each sample captures explicit targets (or NULL), argumentative
fragments, affected groups (geographic, race, gender, LGBTQ, other/Non-hate), and binary hate labels,
yielding 9,405 quadruples (5,949 hateful, 3,456 non-hate). It supports multi-target annotations via [SEP]
separators and enforces full element extraction even for non-hate texts, covering scenarios like racial bias
and gender conflicts. Rigorous validation ensures semantic consistency, offering granular supervision for
modeling hate speech components beyond sentence-level classification.

3.2 Evaluation Metrics

The evaluation metrics consist of the F1-scores for hard matching and soft matching between the sub-
mitted results and the standard answers, as well as the average of these two F1-scores. The calculation
method is consistent with the scikit-learn library.

For the hard matching, a predicted four-tuple is considered correctly extracted if and only if each
element of the predicted four-tuple is completely identical to the corresponding element in the answer.

For the soft matching, a predicted four-tuple is considered correctly extracted under the following
conditions: the ”Targeted Group” and ”Hateful” elements of the predicted four-tuple are completely
identical to the corresponding elements in the standard answer, and the string matching degree of the
”Target” and ”Argument” elements between the predicted four-tuple and the standard answer exceeds
50% . The similarity is calculated as:

Similarity =
M × 2

lenpred + lengold
(3)

where lenpred is the length of the predicted four-tuple, lengold is the length of the standard answer, and
M is the length of the longest common subsequence between the predicted four-tuple and the standard
answer.

The F1-score is calculated as:

F1 = 2× P ×R

P +R
(4)

where P is precision and R is recall. These metrics comprehensively evaluate the performance of the
model from both strict matching and partial matching perspectives.

3.3 Experiment Setup

The experiments were conducted using 8 NVIDIA RTX 4090 GPUs. During the training phase, we set
the global learning rate to 1e-5, with a total batch size of 64, and trained for 8 epochs. To optimize
GPU memory utilization, we employed the DeepSpeed Zero-3 Offload strategy to offload partial model
parameters to CPU memory and integrated Flash Attention 2.0 to accelerate attention computation.

3.4 Experiment Results

3.4.1 Overall Comparative Analysis
The comprehensive evaluation of various post-training approaches on different Qwen2.5 variants is
shown on Table 1. The RFT method underperformed significantly, likely due to inadequate guidance
from its rule-based reward mechanism in capturing nuanced hate speech patterns. Notably, the CPT+SFT
approach applied to the base model demonstrated competitive performance, outperforming direct SFT
on the Instruct variant (0.3379 vs. 0.3436). We hypothesize that extended CPT training with additional
domain-specific corpora could further enhance this performance gap.

Our proposed method achieves state-of-the-art results across all three metrics on Test1, with partic-
ularly notable improvements in Hard Score, indicating superior detection capability for implicit hate
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expressions. Remarkably, without any task-specific adaptation, our framework maintains robust perfor-
mance on Test2 (Score: 0.3545), demonstrating both methodological effectiveness and generalization
capabilities.

Table 1: Overall results on test1
Base Model Method Score Hard Score Soft Score

Qwen2.5-3B-Instruct RFT 0.2021 0.1126 0.2915
Qwen2.5-7B-Base CPT+SFT 0.3379 0.2353 0.4404

Qwen2.5-7B-Instruct SFT 0.3436 0.2383 0.4489
Qwen2.5-7B-Instruct Ours 0.3553 0.2504 0.4604
1 RFT: Reinforcement Fine-tuning based on GRPO Algorithm (Shao et al., 2024)
2 CPT+SFT: Continue Pre-training using COLD dataset (Deng et al., 2022). The sub-

sequent SFT uses the prompt strategy of ICL+NH+CE.

3.4.2 Effect of Prompt Strategy
The experimental results in Table 2 demonstrate a progressive improvement as prompt strategies are
incrementally enhanced. The baseline ICL approach achieved a score of 0.2921, while the most com-
prehensive strategy combining ICL with Non-Hate examples, Category Explanations, and explicit Judge
Criteria attained the highest performance. This 17.6% relative improvement from baseline to the optimal
configuration suggests that clarifying detection boundaries through category explanations and judgment
criteria significantly enhances model discernment in ambiguous cases. Particularly, the soft score im-
provement (14.6% increase) indicates enhanced capability to handle nuanced expressions like sarcasm
and homophonic substitutions prevalent in Chinese hate speech.

These results emphasize the importance of combining structured detection guidelines with linguistic
and cultural awareness in prompt engineering for Chinese hate speech identification.

Table 2: Results of different prompt strategies on test1

Prompt Strategy Score Hard Score Soft Score
ICL 0.2921 0.1926 0.3916

ICL+Non Hate 0.3279 0.2196 0.4362
ICL+NH+Category Explain 0.3340 0.2316 0.4365
ICL+NH+CE+Judge Criteria 0.3436 0.2383 0.4489
1 ICL: In-context Learning, specify the task requirements and provide examples

3.4.3 Effect of LLM Merge
Results shown in Table 3 reveal significant performance enhancements through LLM Merge. Merging
base ICL with its enhanced version (ICL+NH) produced Merge1 (0.3412 score), already surpassing the
standalone ICL+NH+CE model (0.3340). Subsequent merging iterations demonstrated compounding
benefits, with Merge2 (0.3530) and Merge3 (0.3553) progressively outperforming all individual prompt-
engineered models, including the comprehensive ICL+NH+CE+JC configuration (0.3436). This 3.4%
improvement from the best single-model to merged models suggests complementary strengths in differ-
ent detection approaches – where original models might overfit specific patterns, merged versions likely
balance categorical understanding from explicit prompts with nuanced judgment capabilities. Notably,
the hard score increased 5.1% (0.2383→0.2504) through merging, indicating improved consensus on
definitive hate speech cases, while the 2.5% soft score gain (0.4489→0.4602) reflects enhanced handling
of ambiguous expressions.

However, diminishing returns between Merge2 (0.3530) and Merge3 (0.3553) suggest a potential limit
to current merging strategies’ effectiveness, possibly requiring novel fusion techniques for Chinese’s
context-dependent hate markers like dialectal variations and historical allusion. These results advo-
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cate for hybrid approaches combining prompt engineering with model merging to address Chinese hate
speech’s unique linguistic and cultural complexity.

Table 3: Results of merged models on test1

Model Score Hard Score Soft Score
ICL 0.2921 0.1926 0.3916

ICL+Non Hate 0.3279 0.2196 0.4362
ICL&ICL+NH (Merge1) 0.3412 0.2358 0.4467

ICL+NH+Category Explain 0.3340 0.2316 0.4365
Merge1&ICL+NH+CE (Merge2) 0.3530 0.2497 0.4562

ICL+NH+CE+Judge Criteria 0.3436 0.2383 0.4489
Merge2&ICL+NH+CE+JC (Merge3) 0.3553 0.2504 0.4602
1 & means a child model merged from parent models

4 Conclusion

This study presents a novel three-stage framework for fine-grained Chinese hate speech detection, inte-
grating prompt engineering, supervised fine-tuning, and LLM merging. Through systematic experimen-
tation on the STATE-ToxiCN benchmark, we demonstrate that our prompt-driven approach significantly
enhances LLMs’ capability to decode implicit hate patterns through structured semantic decomposition.
The LLM merging algorithm effectively synthesizes complementary detection capabilities from different
fine-tuned models. The final merged model exhibits robust performance in handling complex scenarios
while maintaining generalization capabilities. The results highlight the potential of the merge-based
approach in addressing language-specific challenges, contributing to safer and more inclusive online
discourse environments.
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