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Abstract

Fine-grained toxic language detection aims to assess the harmfulness, expression style, and
attack target of textual content, supporting refined content moderation on online platforms.
Most existing methods model each subtask independently, failing to exploit semantic
correlations among tasks, while conventional contrastive learning is prone to introducing
false negative samples under multi-task, multi-label settings. To address these limitations,
we propose a Prompt-Enhanced Multi-Task Contrastive Learning framework (PEMTCL).
The framework employs a dynamic prompt generation mechanism to construct instance-
level soft prompts, enabling the encoder to adaptively capture fine-grained semantic
cues required by different subtasks. It then jointly optimizes four subtasks—toxicity
identification, toxic type discrimination, expression type detection, and targeted group
detection—achieving inter-task knowledge complementarity within a shared representation
space. Furthermore, a label-aware multi-head contrastive learning module leverages
multi-task label relationships for reliable negative sample selection and incorporates a
sample reweighting mechanism, effectively mitigating false negatives and class imbalance.
Experiments on two Chinese datasets, ToxiCN and FG-COLD, demonstrate that PEMTCL
achieves the best performance on most subtasks, with notable improvements on fine-
grained tasks. Ablation studies, training data scale analysis, and case studies further
validate the effectiveness and robustness of the proposed model.

Keywords: fine-grained toxic language detection; multi-task learning; contrastive learning;
prompt learning; label-aware negative sampling

1. Introduction

With the rapid proliferation of social media, toxic language in user-generated content
has increased significantly, becoming one of the critical challenges in cyberspace gover-
nance [1,2]. Toxic language typically targets specific groups through either explicit or
implicit expressions [3], conveying offensive or hateful content that can readily provoke
social polarization and psychological harm [4]. Conducting multi-dimensional identifi-
cation of toxic language facilitates a more comprehensive characterization of its toxicity
level, expression style, and attack target, while also providing finer-grained evidence for
platform content moderation and tiered response.

Toxic language detection typically involves multiple tasks, including determining
whether a statement is toxic, identifying the toxicity type, distinguishing between explicit
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and implicit expressions, and recognizing hate targets. Lu et al. [5] constructed ToxiCN,
a fine-grained Chinese toxic language dataset, and independently modeled the toxicity, type,
expression style, and hate target of utterances using BERT-based methods. Pan et al. [6]
built a fine-grained toxic language dataset in Spanish, treating speech type, attack target,
target group, and intensity as four related subtasks, and adopted an mBART-based multi-
task learning framework, demonstrating the feasibility of jointly learning fine-grained toxic
language tasks. However, existing methods still commonly model multiple fine-grained
tasks independently (as illustrated in Figure 1), or merely adopt simple shared structures,
making it difficult to fully exploit inter-task correlations and complementary information,
thereby limiting the model’s comprehensive recognition capability for complex fine-grained
toxic samples.
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Figure 1. Illustration of single-task versus multi-task training. The checkmark denotes a correct

prediction, whereas the cross denotes an incorrect prediction.

Contrastive learning has been widely employed to enhance model discriminabil-
ity in toxic language detection, particularly for implicit expressions [7]. Dehghan and
Yanikoglu [8] proposed a dual contrastive learning framework that incorporates paralin-
guistic features for multi-domain hate speech detection. Rehman et al. [9] proposed a
two-stage contrastive learning framework for implicit hate speech detection in videos,
extending contrastive constraints beyond textual modality to improve cross-modal repre-
sentation transferability. However, existing contrastive learning methods are predominantly
designed for single-task or single-label scenarios. Under multi-task, multi-label settings,
how to effectively partition negative samples based on label relationships across different
tasks, and further attend to hard negative samples that are semantically similar to the
anchor yet carry different labels, remains an open research question.

To address the aforementioned issues, we propose a Prompt-Enhanced Multi-Task
Contrastive Learning framework for fine-grained toxic language detection (PEMTCL). The
framework achieves task-adaptive input augmentation through dynamic prompt gener-
ation, enabling the encoder to capture fine-grained semantic cues. Under a multi-task
learning paradigm, it jointly models four subtasks—toxicity identification, toxic type dis-
crimination, expression type detection, and targeted group detection—fully leveraging
complementary information across subtasks. Meanwhile, label-aware multi-head con-
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trastive learning is introduced to exploit multi-task label relationships, enhancing the
discriminability for implicit toxicity and highly confusable samples. The framework jointly
optimizes multi-task losses and contrastive losses, improving the model’s recognition
performance for complex toxic expressions and fine-grained semantic distinctions. The
main contributions of this paper are summarized as follows:

* To address the semantic correlation loss and insufficient task adaptation caused by
independently modeling fine-grained subtasks in toxic language detection, we pro-
pose a unified learning framework that integrates dynamic prompt generation with
multi-task joint optimization. This framework achieves fine-grained joint model-
ing of toxic semantics at the task-structure level, enhancing knowledge sharing and
complementarity across different toxicity attributes.

¢ To address the problem that conventional contrastive learning tends to introduce
false negative samples and neglects fine-grained semantic correlations under multi-
label, multi-task settings in toxic text detection, we propose a label-aware multi-
head contrastive learning method. This method exploits multi-dimensional label
relationships at the representation space level to construct more reliable positive and
negative sample constraints, mitigating representation learning biases caused by false
negative samples and class imbalance.

e  Experimental results on public datasets demonstrate that the proposed PEMTCL
framework achieves the best performance across multiple fine-grained toxic language
detection tasks, fully validating its effectiveness.

2. Related Work
2.1. Fine-Grained Toxic Language Detection

In recent years, research on toxic language detection has shifted from coarse-grained
binary classification toward fine-grained analysis, with a focus on toxicity type, expression
style, and hate target. Lu et al. [5] constructed ToxiCN, a fine-grained Chinese toxic
language dataset, and proposed a multi-level annotation scheme covering toxicity type,
expression style, and target group. They also designed the TKE model that integrates lexical
knowledge, and experimentally validated its effectiveness in both explicit and implicit
toxicity analysis. Building on this direction, Ghorbanpour et al. [10] introduced label-
specific soft prompt tuning for fine-grained transfer learning in harmful content detection,
further improving adaptability across heterogeneous label taxonomies. Nghiem et al. [11]
constructed HateCOT, an explanation-enhanced dataset for generalizable offensive speech
detection via large language models, and found that existing models struggle to generalize
across coded, indirect, and context-dependent hate expressions without explicit explanatory
supervision. Calabrese et al. [12] proposed a compositional generalisation framework for
explainable hate speech detection, demonstrating that decomposing model reasoning
into interpretable components can improve generalization to unseen target groups and
alleviate over-reliance on identity terms. Mothilal et al. [13] examined argument-based
consistency in large language model explanations of toxicity, finding that models with
high classification performance do not necessarily exhibit good explanation consistency, a
concern further echoed by recent explanation-quality evaluation frameworks [14,15].

2.2. Multi-Task Learning for Toxic Language Detection

Multi-task learning is commonly employed to simultaneously model multiple related
classification objectives, enabling models to leverage complementary information across
different tasks within shared representations. Pan et al. [6] constructed a fine-grained toxic
language dataset in Spanish, treating speech type, attack target, target group, and intensity
as four subtasks, and adopted mBART for joint modeling. The results demonstrated
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that multi-task learning can achieve competitive performance in fine-grained hate speech
detection. Hoang et al. [16] proposed ToXCL, which unifies implicit toxicity detection and
explanation generation, and introduces target group generation and knowledge distillation
to improve the detection performance for implicit toxic text. Biiytikdemirci et al. [17]
constructed JL-Hate, an annotated dataset for joint learning of hate speech and target
detection, demonstrating that joint annotation of multiple hate dimensions helps mitigate
interference in standard multi-task learning.

2.3. Contrastive Learning for Toxic Language Detection

Contrastive learning enhances model discriminability for implicit expressions and
confusable samples by adjusting representation distances between samples. Kim et al. [18]
proposed ImpCon, which pulls implicit hate text and its implied meanings closer within
the same representation space, improving the model’s generalization for implicit hate
detection across datasets. Lee et al. [19] proposed AmpleHate, which amplifies attention
weights to enhance versatile implicit hate detection, achieving results superior to multiple
baselines on English hate speech detection datasets. Kim et al. [20] proposed ConPrompt,
which leverages source prompts of machine-generated samples to construct positive sample
relationships, making pre-trained models more adaptable to implicit hate speech detection.
J. Kim et al. [7] proposed LAHN, combining label-aware hard negative sampling with
momentum contrastive learning, directing the model to focus more on samples that are
semantically similar to the anchor yet carry different labels, and achieving favorable
performance under both in-domain and cross-dataset settings.

3. Problem Formulation

We formulate the four subtasks of toxic language detection as a joint prediction
problem. Given an input text sequence x = (wy,wy, ..., wy,), where n denotes the text
length, the model is required to learn a mapping function F(-) that maps the input text
to a four-dimensional semantic tuple F(x) — (tox, Ytype, Yexpr, Yigt), Where yiox is a single-
valued label and the others are multi-valued labels. Each dimension is defined as follows:

e  Toxicity Identification: yix € {0,1}, where 0 indicates Non-Toxic and 1 indi-
cates Toxic.

*  Toxic Type Discrimination: yiype € {0, 1}Ctype, where Ciype = 2, corresponding to
General Offensive Language and Hate Speech, respectively.

*  Expression Type Detection: Yexpr € {0, 1}Cexpr, where Cexpr = 3, corresponding to
Explicitness, Implicitness, and Reporting, respectively.

*  Targeted Group Detection: yigt € {0, 1}Cfgf, where Cigt = 4, corresponding to Gender,
Race, Region, and LGBTQ. This is a multi-label classification task, as a single text may
simultaneously target multiple groups.

4. Methodology
4.1. Framework Overview

The proposed PEMTCL framework, as illustrated in Figure 2, consists of three main
modules: dynamic prompt generation, multi-task learning, and label-aware multi-head
contrastive learning.

First, to address the issue that different subtasks focus on different semantic cues,
the dynamic prompt generation mechanism adaptively fuses shared source prompts with
task-level priors based on the input sample to construct instance-level soft prompts, thereby
enhancing the encoder’s adaptability to the discriminative requirements of different sub-
tasks. Second, considering that the four subtasks are semantically correlated yet have
different output spaces, the multi-task learning module shares a pre-trained encoder and
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jointly optimizes toxicity identification, toxic type discrimination, expression type detec-
tion, and targeted group detection, accommodating both coarse-grained and fine-grained
toxicity features within a unified representation space. Finally, to address the difficulty of
distinguishing implicit toxic samples and highly confusable negative samples, label-aware
multi-head contrastive learning leverages multi-task label information to construct fine-
grained positive and negative sample relationships, expanding negative sample sources
through a momentum queue, filtering false negative samples based on label overlap rates,
and introducing a sample reweighting mechanism to strengthen constraints on hard nega-
tive samples.

(1) Dynamic Prompt Generation & Input Construction (2) Prompt-Enhanced Encoder & Multi-Task Prediction (3) Label-Aware Multi-Head Contrastive Learning
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Figure 2. Overall architecture of PEMTCL, comprising three modules: (1) dynamic prompt generation
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and input construction, (2) prompt-enhanced encoding and multi-task prediction, and (3) label-aware
multi-head contrastive learning. The Chinese input example means “Those neutral commentators
are just women using beauty and men being submissive in disguise.” Arrows indicate the flow
of representations and supervision, and colors distinguish the principal modules, task-specific
components, and contrastive samples.

4.2. Design Rationale and Methodological Distinction

Fine-grained toxic language detection involves heterogeneous but correlated super-
vision: toxicity identification is binary, toxic type and expression type use distinct label
spaces, and targeted group detection is multi-label. This structure creates three coupled
requirements—sample-specific input adaptation, joint learning across subtasks, and task-
aware representation regularization. PEMTCL addresses these requirements in a unified
pipeline. Dynamic prompts condition the shared encoder on the current input, multi-task
prediction organizes the heterogeneous supervision, and label-aware contrastive learning
regularizes the resulting representations according to task-specific label relations. The result-
ing framework is therefore distinguished by the interaction among its components rather
than by an independent use of prompt tuning, multi-task learning, or contrastive learning.

Table 1 summarizes the main methodological differences from representative related
approaches. Existing methods generally address only one part of the problem, whereas
PEMTCL jointly supports input-conditioned prompting, four-subtask prediction, task-
specific contrastive spaces, task-specific label filtering, and class-aware negative weighting.
This task-structured integration is adopted because a disconnected mechanism would
address only an isolated source of error while leaving the remaining supervision and
representation mismatches unresolved.

The dynamic prompt mechanism provides sample-specific adaptation through
Py = Zjl\f{l a;(x)C;. Because a;(x) depends on the current text and the aggregated
task prior, the encoder receives different prompt combinations for different samples;
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a fixed prompt is recovered when the coefficients are constant. During optimization,
the contribution of each candidate prompt is modulated by its input-dependent weight,
directing more learning capacity toward prompts that are relevant to the current sample
and reducing interference from less relevant task cues.

Table 1. Comparison of representative methods. v denotes full support, o denotes partial support,

and “-” indicates that the corresponding mechanism is not included.
Method Dynamic Prompt Joint Tasks Multi-Head CL Label Filtering  Class Weighting
TKE [5] - - - -
SoftPrompt [10] - - - -
MTL [6] v - - -
LAHN [7] - - o -
PEMTCL v v v v

The label-aware contrastive module modifies the representation geometry at the
output side. Conventional contrastive learning repels every retained negative, which can
be harmful when two samples share labels in some subtasks. Task-specific label filtering
removes such unreliable negative relations, while wf-‘]- scales the remaining terms according
to similarity, label overlap, and class distribution. The task-specific projection heads
further separate heterogeneous supervision into distinct contrastive spaces. Together, these
operations suppress contradictory repulsive constraints and concentrate optimization on
genuinely confusable negatives, providing a direct mechanism for improving fine-grained
representation discrimination.

4.3. Dynamic Prompt Generation

Different subtasks focus on different semantic cues. If the raw text is directly fed
into the shared encoder, the model must simultaneously accommodate the discriminative
requirements of different tasks within the same representation space. To this end, PEMTCL
introduces a dynamic prompt generation mechanism at the input stage, which constructs
task-relevant soft prompts based on the current sample and incorporates them as part of
the encoder input.

The model first obtains the text representation through the embedding layer:

E, = Embedding(x) € R", (1)

where 7 is the text length and 4 is the hidden dimension. The model maintains two sets
of learnable prompt parameters. The first is shared source prompts: PS = {p3,..., p3,}-

= {Ptox, Ptypes Pexpr, Pigt }. Here, M denotes
the number of shared source prompts, and both source and task-specific prompts have

The second is task-specific prompts: Pk

dimensions r x d, where r is the prompt length. The shared source prompts capture
cross-task general toxic semantic cues, while the task-specific prompts correspond to the
discriminative requirements of individual subtasks. It is worth noting that the task-specific
prompts are learnable continuous vectors rather than ground-truth labels of samples. The
ground-truth labels are used only during the training phase for computing supervised
losses, while the model receives only the input text during inference.

PEMTCL first generates a lightweight and interpretable global task prior. This prior
serves a dual purpose: as a candidate prompt on one hand, and as an attention conditioning
factor on the other, enabling the model to dynamically adapt to the specific requirements of
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different samples while maintaining task generality. To this end, PEMTCL aggregates the
four task-specific prompts by averaging to obtain PC:

1
PC = 1 (Ptox + Ptype + Pexpr + ptgt)- ()

To construct a prompt pool containing both general semantic priors and task-level
priors, enabling the model to dynamically fuse the most suitable instance-level prompts for
each sample and thereby improve adaptability and performance under multi-task scenarios,
we define the candidate promptset C = {Cy,...,Cpr11}, Where Cj = pJS forl1 <j<M,and
Cumy1 = PC. The model then applies pooling to the text representation, candidate prompts,
and global task prompt, respectively, obtaining the text query vector g, = Pooling(Ey),
candidate prompt vectors ¢; = Pooling(C;), and the task prompt vector ¢ = Pooling(P®),
where gy, ¢j, ¢ € R?. On this basis, the relevance score aj between the j-th candidate prompt
and the current input instance is computed as:

aj = ol tanh(Wyqx + Weej + Weg +b), 3)

and then normalized via softmax:

exp(a]-)
= —— 4)
T M exp(ay)

where W, W, Wy € RAxd b € R%, and d, is the attention hidden dimension. &
represents the matching weight between the current input and the j-th candidate prompt,
allowing different samples to obtain differentiated weight distributions. P® plays a dual
role in this process: as one of the candidate prompts, it directly participates in the generation
of instance-level prompts; simultaneously, as an attention condition, it modulates the
matching relationship between shared source prompts and the current task set. Since the
weights are dynamically computed based on the current input, the model is capable of
generating adaptive prompts for different samples.

Based on the above weights, the model performs a weighted summation over the
candidate prompts to obtain the instance-level prompt for the current sample:

M+1
Pe= ) &;Cj ®)
=i

where P, € R represents the dynamic selection of candidate prompts conditioned
on the current input. Finally, the model concatenates the instance-level prompt Py be-
fore the original text embedding E, to form the prompt-enhanced input representation
Ex = [Py; Ex], where E, € R+1)%d retains the original text content while incorporating
continuous prompt information related to the current sample and task set at the input
stage. Subsequently, E, is fed into the shared pre-trained language model encoder for
downstream multi-task contextual modeling.

4.4. Multi-Task Learning Framework

To fully model the fine-grained semantic information in toxic text detection, we design
a multi-task learning module on top of the prompt-enhanced representations. Unlike
conventional methods that merely determine whether a text is toxic, we decompose the toxic
language detection task into multiple interrelated subtasks. Through joint modeling with
a shared encoder and task-specific prediction heads, the model can simultaneously learn
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coarse-grained and fine-grained toxicity features within a unified semantic representation
space, thereby improving its recognition capability for complex toxic expressions.

Specifically, the prompt-enhanced input Ey is first passed through the pre-trained
language model encoder to obtain contextual representations, from which a sentence-level
semantic representation is extracted as the shared feature for multi-task learning. On
this basis, we construct task-specific prediction heads for the four subtasks of toxicity
identification, toxic type discrimination, expression type detection, and targeted group
detection, enabling the model to retain the differentiated discriminative capability of each
task while sharing cross-task common semantics. During training, the model adopts a
joint optimization strategy that unifies the losses of individual subtasks into a multi-task
learning objective, selecting the appropriate classification loss function according to the
label format of each subtask.

4.5. Label-Aware Multi-Head Contrastive Learning

Conventional contrastive learning constructs positive and negative samples based on
category labels. However, samples in toxic text detection often possess multi-dimensional
label relationships, and simply treating samples with not entirely matching labels as neg-
atives can easily introduce false negative samples, causing semantically related samples
to be erroneously separated. Therefore, building upon multi-task learning, we propose
a label-aware multi-head contrastive learning module that employs multi-head projec-
tion, momentum queue construction, negative sample filtering, and sample reweighting
mechanisms to achieve more fine-grained contrastive constraints.

The multi-head projection method maps the shared semantic representation into
multiple task-specific contrastive spaces, where each projection head models differentiated
semantic features for the respective tasks of toxicity identification, toxic type discrimination,
expression type detection, and targeted group detection. In contrastive learning, the current
sample serves as the anchor, and its momentum-encoded representation is directly used
as the positive sample, thereby avoiding label noise. Label information is used solely for
negative sample filtering and reweighting, selecting samples with significant semantic
differences and minimal label overlap as negatives to construct fine-grained constraints.
For the k-th task, the contrastive representation is defined as:

ué‘ = Norm(gi(h;)), k € {tox, type, expr, tgt}, (6)

where gi(-) denotes the projection head for the k-th task, and Norm(-) denotes vector
normalization.

Momentum Queue Construction: Due to the limited training batch size, constructing
contrastive samples solely from the current batch can easily lead to insufficient candidate
samples, particularly when the class distribution is imbalanced or fine-grained samples are
scarce, which adversely affects contrastive learning performance. To this end, we maintain
a momentum queue for each task to cache historical sample representations along with
their labels, serving as an extended contrastive sample set for the current batch. This
mechanism enriches negative sample sources without increasing the batch size, improving
training stability and representation discriminability. The momentum encoder parameters
are updated via exponential moving average (EMA):

Om < pbm + (1 —p)6, (7)

where 8,, and 8 denote the parameters of the momentum encoder and the current encoder,
respectively, and y is the momentum coefficient.
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Label-Aware Negative Sample Filtering: In multi-label, multi-task scenarios, candidate
negative samples may share partial semantic associations with the anchor sample. If
directly used as negatives in contrastive learning, they can easily introduce false negatives
or noise and disrupt the structure of the representation space. To address this issue, we
design a label-aware negative sample filtering mechanism that removes unreliable negative
samples based on the matching relationships among multi-task labels. Specifically, for the
toxicity identification, toxic type discrimination, and expression type detection tasks, only
samples with different labels are selected as negatives, provided that the labels are valid.
For the targeted group detection task, since the labels are multi-hot vectors, the model
evaluates whether candidate negative samples overlap with the anchor sample on certain
key label dimensions, and reduces or removes the negative constraints of such samples in
contrastive learning. The label overlap rate is defined as:

tgt tgt
tot yl N y] ‘
A L (8)
p 1y tgt tgt|”
yi Vy;

where y?gt and y;gt denote the multi-valued labels for targeted group detection. When
tgt
Pi]g

sample and is excluded as a strong negative from the contrastive loss of the current anchor;

exceeds the threshold ¢, sample j shares substantial target overlap with the anchor

otherwise, sample j is retained as a candidate negative sample.

Sample Reweighting Mechanism: To fully exploit the discriminative value of different neg-
ative samples, PEMTCL further introduces a sample reweighting mechanism after negative
sample filtering. This mechanism assigns adaptive weights to candidate negative sam-
ples through a lightweight weighting network, strengthening the contrastive constraints
on hard negative samples while reducing the interference from noisy or semantically
overlapping samples.

Let q}‘ denote the representation of queue sample j in the k-th task and ui? denote the
anchor sample representation. Their similarity is computed as:

sy = (uf) " qf. )

To mitigate the impact of class distribution imbalance, we further compute a class
distribution factor for each queue sample:

1 SN
dk = Z -
T max(1, lyflh) & \/Jﬁ

where Cy denotes the number of classes for the k-th task, f¥ denotes the global frequency

(10)

of the c-th class label for the k-th task in the training set, and € is a smoothing term. For
single-valued labels, this term represents the frequency weight of the active class; for
multi-valued labels, it represents the average frequency weight across all active classes.
Subsequently, the model takes the sample similarity, label overlap information, and
class distribution factor as inputs to the weighting network, and generates normalized
weight scores for candidate negative samples through a lightweight feedforward network:

a;‘j = w; ReLU(W, [SZ’? P;(j; d;‘] +bq) + by, (11)
k
exp(a.
W = Lf)k, 2)
Zle}\/’i" eXp(ail)
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where wffj is the normalized weight, and /\/l-k denotes the candidate negative sample set for
sample i in the k-th task.

4.6. Training Objective

The overall loss of PEMTCL consists of a weighted combination of the multi-task
supervised loss L, and the label-aware contrastive loss Lcon:

L= Log+ A Leon, (13)

where A is a hyperparameter.

The multi-task supervised loss jointly optimizes four related tasks through hierarchical
constraints and homoscedastic uncertainty weighting, balancing the differences in label
space, sample size, and learning difficulty across tasks:

Log = Y, (exp(—=1) Li + 1k), (14)
kek
L& ko N
i1 i=1

where 7 is a learnable parameter that adjusts the relative weight of the k-th task loss in
joint optimization. This formulation equivalently represents the original homoscedastic
uncertainty weighting objective using log-variance parameters. £; denotes the classifi-
cation loss for the k-th task, N is the batch size, mé‘ € {0,1} is the valid label indicator,
and /() denotes the classification loss function for the k-th task. For k = tox, ¢;(-) is
the cross-entropy loss; for k € {type, expr, tgt}, {;(-) is the binary cross-entropy loss with
logits. Z; normalizes over the number of valid samples. If no valid samples exist for a
particular task in the current batch, the corresponding task loss does not participate in the
update for that batch.

The label-aware contrastive loss constructs a representation space with intra-class
compactness, inter-class separability, and high sensitivity to confusable samples through
task-specific contrastive learning, thereby enhancing the robustness and generalization of
fine-grained toxic language detection:

Econ = Z

kel

1

k .
v L Leonld) (16)

i€Vy

where Vy = {i | mi‘ = 1} denotes the set of samples with valid labels that can serve as anchors
for the k-th task. £X (i) is the contrastive loss for sample i under task k, computed as:

Shusl)
kK ()= 1 pos
Feonl) = =108 G5 1) + g i)

(17)

where Slﬁos (i) denotes the positive contribution for sample i under task k in contrastive learning,
and Srlﬁeg (i) denotes the weighted negative contribution for sample i in contrastive learning.

5. Experiments
5.1. Datasets

To evaluate the effectiveness of PEMTCL on fine-grained toxic language detection, we
conduct experiments on two publicly Chinese datasets, ToxiCN [5] and COLD [21].
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ToxiCN is a fine-grained Chinese toxic language dataset covering four subtasks: toxic-
ity identification, toxic type discrimination, expression type detection, and targeted group
detection. We directly adopt its original data splits and label scheme.

The COLD dataset provides only binary toxicity labels, which are insufficient to
support fine-grained task modeling for toxic type, expression type, and target group di-
mensions. Therefore, we retain the original toxicity labels and further annotate three
additional subtask labels for toxic samples, while uniformly assigning a label of None to
non-toxic samples in the corresponding dimensions, constructing the fine-grained extended
dataset FG-COLD. Specifically, we first establish annotation guidelines covering label defi-
nitions, representative examples, and boundary cases to reduce ambiguity in fine-grained
category judgment. Dual independent annotation combined with expert adjudication
is then employed to determine the final labels. Annotation quality is ensured through
pre-annotation, random re-examination, and anomaly sample inspection. Annotation
consistency is measured using the Kappa coefficient, reaching 0.72, 0.76, and 0.83 for toxic
type discrimination, expression type detection, and targeted group detection, respectively,
indicating that FG-COLD possesses satisfactory annotation consistency and reliability.

The statistics of the ToxiCN and FG-COLD datasets are presented in Table 2. Since
targeted group detection is a multi-label task, the sum of samples across target groups may
exceed the total number of hate speech samples.

Table 2. Statistics of ToxiCN and FG-COLD.

Task Type Label ToxiCN FG-COLD
Toxic Non-Toxic 5550 19,439
Toxic 6461 18,041
Toxic Type (among toxic) General Offensive Language 816 2421
yp & Hate Speech 5645 15,620
Explicitness 2737 3019
Expression (among hate) Implicitness 1995 11,418
Reporting 913 1183
Region 1290 4493
Gender 2302 5697
Target (among hate) Race 1877 7991
LGBTQ 1075 947
Overview Total Samples 12,011 37,480

The class distributions in both datasets are inherited from the source corpora rather
than created through class-balanced resampling. In the adopted taxonomy, General Of-
fensive Language covers toxic content that is not directed at a protected group, whereas
Reporting is assigned when offensive content is quoted, described, or discussed without
direct endorsement. These narrower annotation conditions contribute to their smaller
sample sizes. The natural class distributions are retained to preserve the characteristics of
the source corpora, while class-aware negative weighting is used to reduce the dominance
of frequent classes during contrastive learning.

FG-COLD contains more samples overall but fewer LGBTQ instances (947) than
ToxiCN (1075). The two datasets were collected independently, and FG-COLD was obtained
by adding fine-grained annotations to the original COLD corpus without category-level
resampling. Thus, subgroup counts reflect the composition of the underlying corpora and
do not necessarily scale with the total dataset size.
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5.2. Experimental Setup

Implementation Details: All experiments are implemented in PyTorch 1.7.0 and conducted
on an NVIDIA GeForce RTX 3090 GPU. The backbone is Chinese-RoBERTa-wwm-ext, with
a maximum input length of 128 and a batch size of 32. The AdamW optimizer is used with
a learning rate of 2 x 107> and a weight decay of 0.01. To mitigate the impact of random
initialization, all experiments are repeated under five different random seeds (41-45), and
the average results are reported. For the dynamic prompt generation module, the prompt
length r is set to 16, the number of shared source prompts M is set to 4, and the attention
hidden dimension d,, is set to 256. For label-aware contrastive learning, the temperature
coefficient 7 is set to 0.07, the momentum coefficient y is set to 0.999, the momentum queue
size is set to 1024, and a 1-epoch queue warm-up is performed at the beginning of training.
The target label overlap threshold J is set to 0.4, and the contrastive loss weight A is set
to 0.1.

Hyperparameters were selected through a staged search on the validation sets. Prompt-
related parameters were examined first, followed by contrastive-learning parameters,
with one parameter varied at a time and the remaining parameters fixed at their current
best values. The candidate values were {1 x 1072,2 x 1072,3 x 107°,5 x 107>} for the
learning rate; {4, 8,16,32} for the prompt length ; {2, 4, 6,8} for the number of prompts
M; {64,128,256,512} for the attention dimension d,; {0.03,0.05,0.07,0.10,0.20} for the
temperature 7; {256,512,1024,2048} for the queue size; {0.2,0.3,0.4,0.5,0.6} for the overlap
threshold ¢; and {0.05,0.10,0.20,0.30,0.50} for the contrastive weight A. For ToxiCN, the
validation criterion was the average Weighted-F1 across the four subtasks, whereas for
FG-COLD it was the average Macro-F1 across the four subtasks. The overall selection
score was the mean of the two dataset-level scores. The selected configuration achieved
validation scores of 74.84 on ToxiCN, 65.30 on FG-COLD, and 70.07 overall. The test sets
were used only for the final evaluation.

Evaluation Metrics: To ensure comparability with prior work, we follow the evaluation
protocols of the original ToxiCN and COLD papers. Specifically, Weighted-F1 is adopted
for ToxiCN, and Macro-F1 is adopted for FG-COLD. Statistical significance is assessed
using paired t-tests, comparing PEMTCL with the closest non-PEMTCL baseline under the
same backbone on each subtask. * denotes p < 0.01 and ' denotes p < 0.05.

5.3. Baseline Comparisons

We select four categories of methods as baselines. For LLM-based methods, we directly
cite the results reported in their original papers; for all other baselines, we reproduce
the results following the original experimental configurations. Recent advances in large
language models have further expanded the toxic language detection toolbox through
chain-of-thought reasoning [22], persona-based social reasoning [23], model behavioral
analysis [24], and confidence calibration under annotation disagreement [25].

e LLM-based methods: GPT-Zero, GPT-CoT, GPT-Unic [26], and RCT [27].

¢  Prompt-based methods: Prompt-BERT and Prompt-RoBERTa [28].

¢  Fine-grained methods: TKE-BERT, TKE-RoBERTa [5], ToXCL-BART, and ToXCL-T5 [16].

e Multi-task multi-label methods: MTL-BERT, MTL-RoBERTa [6], NLPineers-RoBERTa,
and NLPineers-BERT [29].

The performance comparison on ToxiCN and FG-COLD is presented in Tables 3 and 4.
“—" indicates that the baseline does not support the corresponding task under its original
setting. The best results are highlighted in bold and the second best are underlined. The

experimental results on ToxiCN and FG-COLD yield the following observations.
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First, on ToxiCN, PEMTCL achieves the best performance on three fine-grained sub-
tasks, i.e., toxic type discrimination, expression type detection, and targeted group detec-
tion, demonstrating that the PEMTCL framework can more effectively model the subtle
semantic differences in toxic text. Although PEMTCL is slightly below RCT on the binary
toxicity identification task, RCT relies on external large model knowledge, whereas our
method requires no external knowledge sources, achieving a favorable trade-off between
practicality and performance. This makes PEMTCL more suitable for real-world scenarios
with resource constraints or high inference efficiency requirements.

Second, on FG-COLD, PEMTCL achieves the best performance across all four toxic
language detection tasks, with particularly notable improvements on the three fine-grained
subtasks. Considering that the fine-grained labels in FG-COLD are re-annotated on top of
the original COLD toxicity labels, resulting in more complex task distributions and class
boundaries, the consistent improvements in PEMTCL further validate the effectiveness
of the proposed method. It is worth noting that the GPT-based and RCT methods do not
report results on this dataset and are therefore excluded from the table.

Table 3. Results on ToxiCN (Weighted-F1, %). Bold indicates the best result, and underlining
indicates the second-best result. * denotes p < 0.01, and * denotes p < 0.05, compared with the
closest non-PEMTCL baseline under the same backbone.

Model Toxic Toxic Type Expression Target
GPT-Zero 74.3 - - -
GPT-CoT 75.1 - - -
GPT-Unic 65.8 - - -
RCT 83.2 79.0 60.1 76.6
Prompt-BERT 74.8 66.2 30.3 -
Prompt-RoBERTa 74.9 65.8 31.9 -
TKE-BERT 79.5 75.1 52.1 72.9
TKE-RoBERTa 80.8 77.0 54.3 73.9
ToXCL-BART 77.6 66.3 24.4 -
ToXCL-T5 78.6 73.1 37.6 -
MTL-BERT 80.2 75.6 52.3 74.0
MTL-RoBERTa 80.9 76.6 53.6 75.0
NLPineers-BERT 80.4 76.0 56.9 75.8
NLPineers-RoBERTa 814 78.5 57.0 754
PEMTCL 83.1 79.41 60.6 * 77.8 *

Table 4. Results on FG-COLD (Macro-F1, %). Bold indicates the best result, and underlining indicates
the second-best result. * denotes p < 0.01, and T denotes p < 0.05, compared with the closest
non-PEMTCL baseline under the same backbone.

Model Toxic Toxic Type Expression Target
Prompt-BERT 78.1 439 26.6 -
Prompt-RoBERTa 79.7 44.8 23.5 -
TKE-BERT 81.0 57.0 48.3 61.3
TKE-RoBERTa 81.8 57.1 50.8 61.1
ToXCL-BART 81.3 53.2 35.1 -
ToXCL-T5 81.7 52.5 35.3 -
MTL-BERT 80.8 55.4 46.8 62.0
MTL-RoBERTa 81.2 56.3 48.1 63.1
NLPineers-BERT 82.0 58.8 49.6 64.3
NLPineers-RoBERTa 82.0 59.4 51.2 65.8
PEMTCL 824 * 61.3 * 51.9 * 67.17
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Third, taking the experimental results on both datasets together, PEMTCL demon-
strates favorable stability across different data distributions and evaluation metrics, with
particularly significant improvements on fine-grained subtasks such as toxic type discrimi-
nation, expression type detection, and targeted group detection. These results indicate that
the proposed method can effectively model semantic correlations and complementary rela-
tionships among multiple tasks, and further optimizes task-specific representation spaces
through label-aware contrastive learning, thereby enhancing the model’s discriminability
for fine-grained semantic distinctions in toxic language.

5.4. Ablation Study

To evaluate the contribution of each module, we conduct ablation experiments on
ToxiCN and FG-COLD. The results are presented in Tables 5 and 6. The following variants
are designed:

¢  w/o Dynamic Prompt removes the dynamic prompt generation mechanism and
directly feeds the raw text embeddings into the shared encoder.

* w/o Contrastive removes the entire label-aware multi-head contrastive learning mod-
ule, retaining only the multi-task supervised loss.

*  w/o Negative Filtering retains the contrastive learning module but removes the label-
aware negative sample filtering mechanism, treating all momentum queue samples as
candidate negatives.

* w/o Hard Negative Weighting retains contrastive learning and negative sample
filtering but removes the hard negative weighting network, applying equal weights to
all candidate negative samples.

Table 5. Ablation results on ToxiCN (Weighted-F1, %). The best result in each column is shown
in bold.

Model Variant Toxic Toxic Type Expression Target
PEMTCL (Full) 83.1 79.4 60.6 77.8
w /o Dynamic Prompt 824 784 58.8 76.6
w /o Contrastive 82.3 78.8 59.1 76.9
w /o Negative Filtering 82.7 78.9 59.6 76.5
w /o Hard Negative Weighting 82.6 79.0 59.5 77.1

Table 6. Ablation results on FG-COLD (Macro-F1, %). The best result in each column is shown
in bold.

Model Variant Toxic Toxic Type Expression Target
PEMTCL (Full) 82.4 61.3 51.9 67.1
w /o Dynamic Prompt 81.7 60.0 50.3 66.3
w /o Contrastive 81.5 59.3 50.1 66.4
w /o Negative Filtering 82.0 60.3 51.2 65.7
w/o Hard Negative Weighting 81.8 60.4 50.7 66.6

The results show that the full model achieves the best performance across all subtasks
on both datasets, and removing any module leads to performance degradation. From the
perspective of major modules, removing either the dynamic prompt generation or the
contrastive learning module results in notable performance drops, with larger decreases on
fine-grained subtasks than on the binary toxicity identification task. This effect is particu-
larly pronounced on FG-COLD, which has a more complex label distribution, indicating
that both modules make significant and complementary contributions to the framework.
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The negative sample filtering and sample reweighting mechanisms have relatively smaller
impacts on model performance.

5.5. Effect of Training Data Scale

To evaluate the impact of training data scale on model performance, we select TKE-
RoBERTa and MTL-RoBERTa, which achieve competitive performance on ToxiCN, and
train them using 10%, 25%, 50%, 75%, and 100% of the original training data, respectively.
The results are shown in Figure 3.

The results demonstrate that as the proportion of training data increases, the perfor-
mance of all models improves steadily across the four subtasks. PEMTCL achieves the best
results at all data proportions and on all subtasks, indicating its favorable stability under
varying data scales. Particularly on fine-grained subtasks such as toxic type discrimina-
tion, expression type detection, and targeted group detection, the advantage of PEMTCL
is more pronounced, suggesting that the dynamic prompt mechanism and label-aware
contrastive learning can enhance task-relevant semantic modeling and representation dis-
criminability even with limited labeled samples, thereby improving model robustness
under low-resource training conditions.

(a) Toxic (b) Toxic Type
80

—e— TKE-RoBERTa ——a
821 MTL-RoBERTa —— 76
—u- PEMTCL -

76 4
801

744
784
724

76 704

74 4 681

66 1

10% 25% 50% 75% 100% 10% 25% 50% 75% 100%
(c) Expression (d) Target

60 -

554

50 4

454

401

351

1(;% 25‘% 56% 75‘% 106% 1(;% 25‘% SC;% 75‘% 106%
Figure 3. Effect of training data scale on model performance.

5.6. Case Study

We select four representative samples from the ToxiCN dataset for case study analysis.
The results are presented in Table 7. The original texts are in Chinese; English translations
are provided for readability.

Case 1 contains implicit gender discrimination. MTL misclassifies it as Non-Toxic,
while TKE correctly identifies toxicity but misclassifies the expression type as Explicit-
ness. PEMTCL correctly identifies both the Implicitness expression and the Gender target,
demonstrating stronger semantic comprehension of implicit discriminatory language.
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Table 7. Case study on ToxiCN. The texts in the Text column are English translations of the original

Chinese samples. Predictions follow the format: Toxic/Toxic Type/Expression/Target. “~” in-
dicates that the label is not applicable. v' denotes a fully correct prediction and x denotes an

incorrect prediction.

Case Text Ground Truth MTL-RoBERTa TKE-RoBERTa PEMTCL
What's the issue?
Hire a man and a Toxic/Hate/ . Toxic/Hate/ Toxic/Hate/
1 woman—she drinks . Non-Toxic x L L.
. Implicit/Gender Explicit/Gender x Implicit/Gender v/
tea while he does
twice the work.
Just enact a new law:
any woman w.ho Toxic/Hate/Explicit/  Toxic/Hate/Explicit/  Toxic/Hate/Explicit/  Toxic/Hate/Explicit/
2 marries a foreigner
. Gender + Race Race x Race x Gender + Race v/
automatically loses
Chinese citizenship.
g Havesomedignity 1 i Offensive/—/~ Toxic/Hate/—/— x  Lo¥¢/Hate/Explicit/ p i ottensive/—/- v
use your brain. Others x
Can you distinguish
4 re.glo.neﬂ . Non-Toxic/-/-/- Toxic x Tox1c/Hate/ . Non-Toxic/-/-/- Vv
discrimination from Reporting /Region X
stereotypes?

Case 2 simultaneously involves gender-based and race-based discrimination. Both
MTL and TKE identify only the Race target, missing the Gender target. PEMTCL accurately
predicts the composite target Gender + Race, validating that the label-aware multi-head
contrastive learning helps capture complex multi-label semantics.

Case 3 is General Offensive Language rather than Hate Speech. Both MTL and TKE
misclassify it as Hate Speech, and TKE additionally assigns incorrect fine-grained attributes
such as Explicitness and Others. PEMTCL correctly identifies it as General Offensive Lan-
guage without adding excessive specific categories, demonstrating its accurate judgment at
class boundaries.

Case 4 is actually a non-toxic text that constitutes a clarification of concepts. MTL
misclassifies it as toxic, and TKE not only misclassifies it as toxic but also erroneously
assigns fine-grained attributes such as Reporting and Region. PEMTCL correctly identifies
it as Non-Toxic, demonstrating its ability to effectively distinguish between “mention-
ing discriminatory concepts” and “actually expressing discriminatory speech,” reflecting
stronger contextual comprehension.

In summary, PEMTCL outperforms the baseline models in implicit expression recogni-
tion, composite target identification, class boundary discrimination, and negation context
comprehension, fully demonstrating the superiority of the multi-task contrastive learning
framework for fine-grained toxic language detection.

6. Limitations

The current evaluation is limited to ToxiCN and FG-COLD, both of which are Chinese-
language datasets, and all experiments use Chinese-RoBERTa-wwm-ext as the shared
encoder. The reported results therefore do not establish cross-lingual, cross-domain, cross-
platform, or cross-encoder generalization. The natural data distributions also contain
relatively few instances in categories such as Reporting and LGBTQ, which may increase
estimation variance and restrict the coverage of less frequent linguistic phenomena and
demographic groups. Class-aware negative weighting reduces the influence of class im-
balance during training but does not eliminate the need for broader and more balanced
evaluation data.
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The overlap threshold ¢ is fixed at 0.4 after validation-based selection. Across the
evaluated values from 0.2 to 0.6, the overall validation score ranged from 69.54 to 70.07,
with 0.4 achieving the best result. However, the relatively small differences among neigh-
boring values indicate that the most suitable boundary may depend on the dataset, class
distribution, sample difficulty, or training stage. Fine-grained annotation also involves sub-
jective distinctions, particularly for implicit expressions, reporting cases, and texts involving
multiple target groups, despite the use of independent annotation, expert adjudication, and
consistency checks. In addition, dynamic prompt generation and the momentum queue
introduce additional memory and computational costs. The LLM-based baseline results are
taken from their original studies rather than reproduced under a fully unified execution
environment, which limits strict experimental comparability.

7. Future Work

Future work will evaluate PEMTCL across languages, domains, platforms, and en-
coder families [2,30-34]. We will investigate sample-adaptive or learnable overlap thresh-
olds, improved learning strategies for rare classes, and demographic fairness [35,36], to-
gether with more consistent reproduction of LLM-based baselines. Further work will also
consider more efficient prompt and queue designs, multimodal and context-enhanced
detection [37], and robustness to character substitution, homophonic perturbation, and
other evasion strategies [38—41].

8. Conclusions

We proposed PEMTCL, a prompt-enhanced multi-task contrastive learning framework
for fine-grained toxic language detection. By integrating dynamic prompt generation, multi-
task joint optimization of four subtasks, and label-aware multi-head contrastive learning
with negative sample filtering and hard negative reweighting, the framework achieves the
best performance on most subtasks across ToxiCN and FG-COLD, with particularly notable
improvements in fine-grained dimensions.

The ablation, training-scale, and case study results further indicate that dynamic
prompt generation and label-aware contrastive learning provide complementary benefits
for sample-specific adaptation and fine-grained representation discrimination.
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