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Abstract
Hate speech detection on Chinese social networks presents
distinct challenges, particularly due to the widespread use
of cloaking techniques designed to evade conventional text-
based detection systems. Although large language models
(LLMs) have recently improved hate speech detection capa-
bilities, the majority of existing work has concentrated on
English datasets, with limited attention given to multimodal
strategies in the Chinese context. In this study, we propose
MMBERT, a novel BERT-based multimodal framework
that integrates textual, speech, and visual modalities through
a Mixture-of-Experts (MoE) architecture. To address the in-
stability associated with directly integrating MoE into BERT-
based models, we develop a progressive three-stage training
paradigm. MMBERT incorporates modality-specific experts,
a shared self-attention mechanism, and a router-based expert
allocation strategy to enhance robustness against adversar-
ial perturbations. Empirical results in several Chinese hate
speech datasets show that MMBERT significantly surpasses
fine-tuned BERT-based encoder models, fine-tuned LLMs,
and LLMs utilizing in-context learning approaches.

Code — https://github.com/xue-qi-
yao/MMBERT chinese hate speech detection

Introduction
Hate speech poses a persistent threat to online communities,
exacerbated by the anonymity and scale of digital platforms
(Dixon et al. 2018). While automated hate speech detec-
tion has advanced significantly in recent years, most efforts
remain concentrated on English, leaving other major lan-
guages like Chinese relatively under-resourced and under-
protected (Davidson et al. 2017; Davidson, Bhattacharya,
and Weber 2019). Some researchers have attempted to lever-
age LLMs for Chinese hate speech detection (Chao et al.
2024; Sun et al. 2021; Zhou et al. 2023). However, on Chi-
nese social media platforms, many hate speech dissemina-
tors employ various cloaking perturbations to escape detec-
tion, making it challenging for existing models to identify
such expressions accurately (Xiao et al. 2024; Huang, Wang,
and Luo 2025). These subtle manipulations exploit the struc-
tural and phonological properties of the Chinese language,
making detection especially difficult for text-only models.
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Figure 1: Illustration of MMBERT model structure.
Compared to traditional BERT-based model, it leverages the
MoE architecture to scale and effectively handle multiple
modalities.

While LLMs have shown promise in content moderation,
BERT-based architectures have consistently outperformed
decoder-only LLMs in hate speech detection tasks, owing
to their deep bidirectional encoding and strong capacity
for fine-grained semantic understanding (Benayas, Sicilia,
and Mora-Cantallops 2024; Ghorbanpour, Dementieva, and
Fraser 2025). Their superior performance can be attributed
to the ability to generate fine-grained contextualized repre-
sentations, which are especially well-suited for classification
tasks that require discerning subtle semantic distinctions and
interpreting nuanced language—both of which are common
in adversarial or implicitly encoded hate speech (Liu, Wang,
and Catlin 2024). The architecture optimized for discrim-
inative tasks enables more efficient and accurate detection
of toxic content across various hate speech detection bench-
marks (Deng et al. 2022; Xiao et al. 2024).

To address the challenge of detecting cloaked hate speech
in Chinese, we propose MMBERT, a novel multimodal
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BERT-based architecture that incorporates visual and speech
modalities alongside text, depicted in Figure 1. To enhance
scalability and specialization, MMBERT integrates the MoE
mechanism, enabling dynamic routing of representations to
modality-specific experts. However, naı̈vely inserting MoE
into BERT leads to severe training instability and degraded
performance, particularly in the multimodal setting (Zhang
et al. 2021; Huang et al. 2025a). To overcome this, we intro-
duce a progressive three-stage training strategy. In the first
stage, we pretrain modality aligners using synthetic multi-
modal data to map visual and auditory inputs into the BERT
language (Huang et al. 2025b). In the second stage, we train
modality-specific experts and continue refining aligners us-
ing task-specific supervision. In the final stage, we jointly
fine-tune the full MoE-augmented architecture on real mul-
timodal hate speech data. This phased design ensures stable
optimization and effective cross-modal integration.

Our experiments across three benchmark Chinese hate
speech datasets demonstrate that MMBERT achieves state-
of-the-art performance, significantly outperforming both
fine-tuned BERT-based baselines and LLMs with in-context
learning. In particular, MMBERT shows superior robust-
ness in detecting cloaked adversarial content, highlighting
the value of multimodal modeling and progressive training
for Chinese hate speech detection.

We summarize the main contribution of this paper as fol-
lows:

• We propose MMBERT, a novel multimodal BERT-
based framework for Chinese hate speech detection that
integrates textual, visual, and speech modalities through
a Mixture-of-Experts (MoE) architecture, enhancing ro-
bustness against cloaking-based adversarial perturba-
tions.

• We design a progressive three-stage training strategy
that first aligns multimodal inputs to the BERT language
space, then specializes modality-specific experts, and fi-
nally fine-tunes the complete model. This approach en-
sures stable training and effective cross-modal represen-
tation learning.

• We conduct extensive experiments on three benchmark
datasets, comparing MMBERT against fine-tuned BERT-
based and open-source LLM baselines and closed-source
LLMs with in-context learning. Results demonstrate that
MMBERT consistently achieves superior performance,
particularly in detecting cloaking perturbed hate speech.

Background and Motivation
Cloaking Perturbations in Chinese Hate Speech
Cloaking perturbations in Chinese online discourse repre-
sent a growing challenge for automated hate speech detec-
tion systems, as users employ various strategies to obfus-
cate offensive content while preserving its intended meaning
(Xiao et al. 2024; Xiao, Bouamor, and Zaghouani 2024). It
can be mainly categorized into several types:

Deformation. As Chinese characters are logographic,
their meanings can be altered by decomposing or reconfig-
uring individual components, often imparting specific emo-

tional or ideological connotations (Lan 2006). For exam-
ple, the character “ ” (meaning ‘silence’) comprises the
radicals “ ” (meaning ‘black’) and “ ” (meaning ‘dog’),
which in certain contexts have been used to convey deroga-
tory implications toward the Black community.

Homophonic Substitution. Words with similar pronun-
ciations are frequently substituted to generate alternative se-
mantics (Tien, Carson, and Jiang 2021). For instance, Chi-
nese internet users often replace the character “ ” (mean-
ing ‘full’) with “ ” (meaning ‘barbarian’), as both share a
phonetic resemblance to ‘man’.

Abbreviation. The contraction of sensitive terms en-
hances conciseness while maintaining semantic clarity (Lan
2006). A notable example is ‘txl’, where each letter corre-
sponds to the pinyin initials of “ ” “ ” “ ”, collectively
denoting ‘homosexuality’.

Code-Mixing. To intensify expressive tone and circum-
vent automated content moderation, Chinese social me-
dia users frequently incorporate non-Chinese linguistic ele-
ments such as pinyin and emojis (Li et al. 2020). These code-
mixed constructs not only obscure semantic intent from de-
tection systems but also reinforce the emotive or derogatory
force of the message. For instance, the term “ ” (meaning
‘ni brother’) phonetically approximates the English racial
slur ‘n*gger’. Similarly, in the phrase “ ” (meaning ‘lick-
ing dog’), the addition of an emoji amplifies the pejora-
tive undertone, characterizing individuals perceived as ex-
cessively submissive in relationship contexts—analogous to
the English term ‘sycophant’.

These perturbations exploit the unique structural and
phonological characteristics of the Chinese language to con-
ceal offensive intent (Lu et al. 2023). For instance, visually
altering character radicals can introduce ideological conno-
tations, while homophones and abbreviations obscure mean-
ings through phonetic similarity or reduction. Code-mixing
with pinyin or emojis further complicates semantic interpre-
tation. Text-only models often fail to capture these manip-
ulations due to their limited capacity to disambiguate sub-
tle visual and phonological cues (Xiao, Bouamor, and Za-
ghouani 2024; Raza Ur Rehman et al. 2025).

Enhancing Chinese Language Modeling through
Multimodal Pretraining
Text-only approaches in Chinese language modeling often
face limitations in capturing the full linguistic complexity
of the language, particularly with respect to character ho-
mographs and tonal ambiguity. These challenges hinder the
model’s ability to accurately interpret semantic and phonetic
nuances inherent in Chinese.

To address these limitations, several studies have explored
the integration of additional modalities, such as visual and
phonetic information, into the pretraining process. For in-
stance, ChineseBERT (Sun et al. 2021) integrates both glyph
and pinyin embeddings, enriching the representation of Chi-
nese characters by capturing visual features through mul-
tiple font variations and phonetic information to resolve the
heteronym phenomenon. This dual-embedding approach has

34197



shown significant improvements in various Chinese natural
language processing tasks, such as named entity recognition
and sentiment analysis. Similarly, models like ERNIE-M
(Ouyang et al. 2020) and GlyphBERT (Li et al. 2021) have
demonstrated the benefits of incorporating external modal-
ities, such as entity knowledge and visual cues, to enhance
language understanding.

However, existing multimodal approaches predominantly
rely on embedding-level fusion of heterogeneous input
modalities within a fixed BERT encoder architecture. While
such integration enhances input representations, the pro-
cessing and interaction of multimodal information remain
largely static and inflexible. Specifically, the fixed fusion
mechanism in standard BERT layers may limit the model’s
capacity to dynamically adapt to context-dependent linguis-
tic challenges, such as homographs and tonal ambiguity in
Chinese. This rigidity restricts the model’s ability to effec-
tively leverage the complementary strengths of each modal-
ity in a nuanced and input-sensitive manner.

Scaling Multimodal Language Models with MoE
Architectures
Recent advancements in large MLLMs have increasingly ex-
plored the use of MoE (Eigen, Ranzato, and Sutskever 2013)
architectures to enhance scalability, efficiency, and special-
ization across modalities. Early generations of MLLMs,
such as Flamingo (Alayrac et al. 2022) and GPT-4V (Yang
et al. 2023), are grounded in dense architectural paradigms
that encounter scalability limitations as data volume and
modality complexity increase. To address this, MoE-based
frameworks such as CuMo (Li et al. 2024) and Uni-MoE
(Li et al. 2025) introduce sparsely-activated expert mod-
ules, allowing modality-specific processing while maintain-
ing low inference overhead. CL-MoE (Huai et al. 2025) fur-
ther extends MoE for continual learning in vision-language
tasks, employing dual routers to balance generalization and
retention. Furthermore, MoExtend (Zhong et al. 2024) in-
troduces modular extension mechanisms that facilitate the
adaptation of pretrained models to new tasks and modali-
ties, thereby significantly reducing the computational cost
associated with full model retraining.

These approaches illustrate that MoE architectures not
only enhance computational efficiency but also offer in-
creased flexibility in handling multimodal inputs, thereby
establishing MoE as a compelling framework for scaling
BERT-based models to complex multimodal tasks.

Methodology
Overview
As shown in Figure 1, the MMBERT framework consists of
a text tokenizer, word embedding layer, vision and speech
encoders, modality aligners, MoE-scaled BERT blocks, and
a classification head. Modality aligners project non-text in-
puts into a shared linguistic space, enabling effective multi-
modal fusion. The MoE layers are integrated into the BERT
encoder to dynamically route representations across modal-
ities, improving detection accuracy. MMBERT is trained in

three sequential stages: Modality aligner training, modality-
specific expert training, and MMBERT tuning using a di-
verse collection of multimodal Chinese hate speech data.

MMBERT Architecture
Multimodal data generation. To synthesize the visual and
audio data of corresponding text input, we employ the
Kokoro text-to-speech model (Kaneko et al. 2022) to gen-
erate speech data corresponding to the input text. For the
visual modality, we render a sequence of word-level font im-
ages representing each token in the text, thereby producing
a visual analogue of the input.

Aligners. To enable the effective transformation of het-
erogeneous modality inputs into a unified linguistic repre-
sentation space, MMBERT leverages the pretrained visual-
language framework LLaVA (Liu et al. 2023) and the
speech-language framework SpeechT5 (Ao et al. 2021).
Specifically, for visual encoding, we adopt the CLIP-base-
Chinese model (Yang et al. 2022), followed by a linear pro-
jection layer that maps the extracted visual features into
soft image tokens compatible with the embedding space of
BERT (Devlin et al. 2019). For speech, we utilize the en-
coder from the Whisper-base-Chinese speech recognition
model (Radford et al. 2023), likewise augmented with a lin-
ear projection layer to project speech features into the same
shared linguistic space. The alignment process is formally
defined as follows:

X = {T, {I1, . . . , Ik}, S} (1)
T = WordEmbedding(Tokenizer(T )) (2)
S = SpeechAligner(Whisper(S)) (3)
Ii = VisionAligner(CLIP(Ii)) (4)
V = [I1, . . . , Ik] (5)

where {T, {I1, . . . , Ik}, S} represents the text, images
and speech inputs respectively. The SpeechAligner and
V isionAligner modules are implemented as learnable lin-
ear projections that transform modality-specific features into
a shared language embedding space. The sequence of word-
level font image embeddings is concatenated to form the fi-
nal visual token sequence.

MMBERT blocks. By the above aligners, we could ob-
tain the encoded embedding of different modalities aligned
in unified language domain. We concatenate the different
modality embeddings as the final input to the MMBERT
blocks. We denote the text, speech, vision embedding rep-
resentations to T = {T1, . . . , Tn}, S = {S1, . . . , Sm}
V = {V1, . . . , Vk} respectively, where n, m, and k corre-
spond to the respective sequence lengths of each modality.
The MMBERT block computation proceeds as follows:

Xl0 = [T1, . . . , Tn; S1, . . . , Sm; V1, . . . , Vk] (6)
Xa

lj = Self-Atten(LN(Xlj−1
)) +Xlj−1

(7)

Xlj = MoE(LN(Xa
lj )) +Xa

lj (8)

where LN(·) refers to layer normalization, the Xa
lj

repre-
sents the output latent of the self attention layer in the j th
MMBERT block, Xlj represents the output latent of j the
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Figure 2: Illustration of MMBERT Training strategy. (a) Stage 1: Aligner training, (b) Stage 2: Expert training, (c) Stage 3:
MMBERT tuning

MMBERT block. The MoE mechanism incorporates a set
of experts E = {ET , ES , EV } each implemented as a feed-
forward neural network. A lightweight routing module, im-
plemented as a linear transformation, computes the routing
weights that determine the contribution of each modality-
specific expert. The process is formally defined as:

P (Xa
l )i =

ef(X
a
l )i∑

m={T,S,V } e
f(Xa

l )m
(9)

MoE(Xa
l ) =

∑
i={T,S,V }

(P (Xa
l )i · Ei(X

a
l )) (10)

where the f(·) denotes the routing function of different
modalities implemented as a linear layer, the output weight
logits are normalized by a softmax function. The final MoE
output is weighted combination of the different modality-
specific expert outputs.

MMBERT three-stage training strategy
To capitalize on the effectiveness of multi-expert col-
laboration—where each expert possesses distinct capabil-
ities—while retaining the rich contextual and syntactic
knowledge encoded in the original BERT model through
large-scale pretraining, we propose a three-stage progressive
training strategy to facilitate the incremental development
of MMBERT. As shown in Figure 2, the training process is
structured into three progressive stages to enhance the ef-
ficacy of multi-expert collaboration through an incremental
learning strategy.

Stage 1: Aligner Training. The primary objective of
the initial stage is to establish effective interoperability be-
tween heterogeneous modalities and linguistic representa-
tions. Modality-specific MLPs serve as aligners that project
inputs from speech and vision into soft token embeddings.
These aligners are trained by minimizing the mean squared
error between the modality embeddings and the BERT-
encoded textual representations. To improve the model’s

sensitivity to perturbed speech samples, speech and image
representations generated from the perturbed text are aligned
with those derived from the corresponding unperturbed text
representations during the training process.

Stage 2: Expert Training. In this stage, modality-specific
experts are trained independently using cross-modal data to
specialize in their respective domains. Training continues to
be guided by the minimization of cross-entropy loss, while
the trained aligners weights in the first stage are adapted
and further trained to better capture and represent the unique
characteristics inherent to their respective modalities on the
Chinese hate speech classification task. To facilitate the pro-
jection of heterogeneous modality data into a unified lin-
guistic representation space by both the aligners and experts,
the classification head originally trained on textual input is
shared across other modalities.

Stage 3: MMBERT Tuning. The final stage integrates
the trained experts into the MoE layers of MMBERT. A
context-aware routing mechanism dynamically assigns in-
put representations to appropriate experts based on semantic
relevance. To prevent unbalanced expert weight distribution,
an auxiliary loss is applied to encourage uniform expert uti-
lization:

Ltotal = Lcross-entropy + α · Laux (11)

Laux = N ·
N∑
i=1

pi · fi (12)

where N denotes the total number of experts, α represents
the weighting coefficient, pi represents the proportion of se-
quences routed to expert i, and fi is the average gating prob-
ability assigned to expert i. The classification head is fine-
tuned jointly to generate the final prediction.
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Model
ToxiCloakCN ToxiCN COLD

Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1
Finetuned Models

LLAMA3-8B 78.2 79.1 77.3 79.3 81.3 82.1 83.2 84.3 78.2 78.7 80.6 78.9
Qwen2.5-7B 82.1 83.6 84.1 83.7 86.8 87.1 88.2 87.9 79.6 79.8 81.3 81.1
BERT 80.6 80.5 80.7 86.6 87.8 88.0 87.7 87.8 81.2 80.7 82.1 80.9
BERT-wwm 80.0 80.4 80.3 87.9 88.0 88.1 88.9 88.0 82.0 81.6 83.2 81.8
RoBERTa 81.1 82.4 81.3 82.6 88.8 88.9 89.5 89.6 82.6 81.9 83.7 82.5
ChineseBERT 86.3 87.5 86.2 86.8 90.8 89.4 90.3 90.6 82.4 81.3 83.1 82.2
MMBERT (ours) 94.3 94.4 95.7 95.2 93.3 91.4 93.2 92.2 84.2 84.1 86.3 85.8

Table 1: Performance comparison of fine-tuned models across datasets with accuracy, precision, recall, and F1 scores.

Experiments
Baseline
To establish a comprehensive evaluation framework, we
consider both encoder-based and decoder-based language
models as baselines. Specifically, we adopt several BERT-
based models with a fully connected classification layer as
encoder-based baselines, and utilize LLMs with structured
task-specific prompts as decoder-based baselines.

Encoder-Based BERT Models. As representative
encoder-based BERT models, we select three widely
adopted Chinese pretrained BERT-based encoders: BERT
(Devlin et al. 2019), BERT-wwm (Sun et al. 2019) and
RoBERTa(Liu et al. 2019). Each model is fine-tuned by
attaching a fully connected layer on top of the pooled output
from the encoder to perform classification. In addition,
we include ChineseBERT (Sun et al. 2021), a recently
proposed model that integrates lexicon and phonological
features into the standard BERT architecture, to examine its
performance under the same experimental settings.

Decoder-Based LLMs. For LLM baselines, we assess
the performance of several state-of-the-art LLMs, includ-
ing GPT-3.5 (Brown et al. 2020), GPT-4o (OpenAI 2024),
LLaMA3-8B (Meta AI 2024), Qwen2.5-7B&72B (Alibaba
2024), and DeepSeek-v3 (DeepSeek 2024). These models
are evaluated under a unified prompt-based inference frame-
work. This setup ensures consistency across different mod-
els and enables fair comparison with encoder-based models.

Dataset
To evaluate the proposed MMBERT, we conduct experi-
ments on three Chinese hate speech datasets that collectively
support comprehensive and robust assessment. ToxiCN (Lu
et al. 2023) provides 12,011 samples of standard hate speech
annotations for naturally occurring Chinese text, serving as
a baseline for evaluating classification performance. Tox-
iCloakCN (Xiao et al. 2024) introduces 4,582 cloaking
perturbed examples in code-mixing and homophonic sub-
stitution, specifically designed to evade text-only detectors
while preserving hateful intent, making it essential for test-
ing model robustness against cloaking strategies. Finally,
COLD (Deng et al. 2022) extends evaluation to a wider

spectrum of offensive content with 37,480 samples, offering
insight into a model’s generalizability across various forms
of toxicity. Together, these datasets form a diverse and chal-
lenging benchmark suite for assessing both accuracy and ad-
versarial resilience in Chinese hate speech detection.

Evaluation method
We employ the widely used metrics of accuracy (Acc),
macro precision (Pre), macro recall (Rec) and macro F1-
score (F1) to evaluate the classification performance of mod-
els. For the BERT-based models and open source LLMs with
relatively comparable parameter size with MMBERT in the
baselines, we fine-tune and reserve the best performing mod-
els with hyperparameters on the test set. All datasets are par-
titioned into training, validation and test sets using an 8:1:1
split ratio with early stopping strategy to prevent overfit dur-
ing training. For the LLMs in the baselines, we perform few-
shot learning with a basic prompt temple with different few-
shot learning and chain-of-thought (CoT) settings. All ex-
periments are conducted using a NVIDIA H100 Tensor Core
GPU.

Result and Discussion
Main result Table 1 and 2 presents the evaluation of
fine-tuned LLMs, BERT-based models and LLM APIs
across the ToxiCloakCN, ToxiCN, and COLD benchmarks
using accuracy, macro precision, macro recall, and macro
F1 as metrics. MMBERT consistently achieves the highest
scores across all three datasets, demonstrating both strong
overall performance and robustness to adversarial pertur-
bations. Specifically, MMBERT attains macro F1 scores of
95.2, 92.2, and 85.8 on ToxiCloakCN, ToxiCN, and COLD,
respectively. Compared to the strongest fine-tuned baseline,
ChineseBERT, these results represent improvements of 8.4,
1.6, and 3.6 points in macro F1. These gains highlight the ef-
fectiveness of integrating textual, speech, and visual modali-
ties through the Mixture-of-Experts framework and the pro-
gressive three-stage training strategy, which jointly enhance
the model’s ability to capture phonological and visual cues
indicative of cloaked hate speech.

Traditional encoder-based models, including BERT,
RoBERTa, and ChineseBERT, perform competitively on
ToxiCN and moderately well on COLD. However, their
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Model
ToxiCloakCN ToxiCN COLD

Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1
LLM APIs (2 unperturbed hate / non-hate speech examples)

GPT-3.5 55.5 60.5 55.5 49.5 60.7 63.7 60.7 58.5 65.2 73.6 64.9 61.3
GPT-4o 64.5 68.8 64.6 62.4 76.2 76.8 76.3 76.4 71.5 73.4 71.5 70.9
LLAMA3-8B 68.2 68.2 68.1 68.0 74.2 74.2 74.1 74.1 70.6 70.8 70.6 70.6
Qwen2.5-7B 66.0 66.7 66.0 65.6 76.4 77.3 76.4 76.2 74.7 76.1 74.7 74.3
DeepSeek-v3 64.6 68.3 64.5 66.2 72.9 77.5 72.8 71.7 73.1 75.4 73.1 72.5
Qwen2.5-72B 67.9 69.2 67.2 68.1 77.3 78.6 77.1 77.9 74.6 77.1 75.3 74.7

LLM APIs ((2 unperturbed & 2 perturbed hate / non-hate examples)

GPT-3.5 55.3 61.2 55.7 49.8 60.3 63.5 61.2 58.2 65.4 73.7 65.1 61.4
GPT-4o 66.9 69.2 68.3 67.8 78.1 79.9 78.1 77.8 71.5 73.4 71.5 70.9
LLAMA3-8B 67.3 68.9 67.9 68.2 75.1 74.0 74.2 74.3 71.2 70.7 72.1 71.2
Qwen2.5-7B 65.9 66.5 66.4 66.1 77.2 78.6 77.2 77.1 75.2 76.3 74.7 75.8
DeepSeek-v3 68.2 70.2 67.1 65.2 73.8 77.1 74.3 73.7 75.9 77.6 74.2 75.3
Qwen2.5-72B 71.2 69.7 71.1 68.3 78.4 79.3 78.2 78.6 76.9 76.9 76.2 76.1

LLM APIs (2 unperturbed & 2 perturbed hate / non-hate examples & CoT )

GPT-3.5 57.3 62.3 58.1 51.6 62.9 65.8 61.2 59.3 66.1 73.8 63.2 63.4
GPT-4o 71.5 72.1 67.6 69.3 79.4 81.2 79.9 79.8 74.2 76.4 74.3 73.8
LLAMA3-8B 70.1 69.2 66.4 68.2 76.4 73.8 75.2 74.8 71.4 70.3 70.8 70.7
Qwen2.5-7B 68.1 67.1 65.8 66.1 77.4 76.9 77.8 77.3 75.1 75.9 75.8 74.9
DeepSeek-v3 70.6 72.4 72.5 71.6 76.6 81.5 78.3 77.1 78.2 81.3 76.9 77.3
Qwen2.5-72B 72.3 71.8 72.7 70.3 81.1 80.7 81.3 80.1 78.4 78.5 78.1 78.2

Table 2: Performance comparison of LLM prompting across datasets with accuracy, precision, recall, and F1 scores.

performance drops substantially on ToxiCloakCN, confirm-
ing their vulnerability to character deformation, homo-
phonic substitution, and code-mixing perturbations. In con-
trast, LLM APIs such as GPT-3.5, GPT-4o, LLaMA3-8B,
Qwen2.5-7B, and DeepSeek-v3 show limited effectiveness
in few-shot and perturbed settings. For example, GPT-4o
achieves only 62.4 F1 on ToxiCloakCN under basic prompt-
ing, underscoring the insufficiency of in-context learning
alone for this domain-specific and adversarial task.

Providing both unperturbed and perturbed examples, as
well as incorporating CoT prompting, yields modest im-
provements for LLMs. GPT-4o, for instance, improves from
62.4 to 69.3 F1 on ToxiCloakCN under the CoT setting.
Nevertheless, these enhancements remain far below the per-
formance of MMBERT, indicating that domain-adaptive
multimodal modeling is critical for robust detection rather
than relying solely on prompting.

Across datasets, ToxiCloakCN poses the greatest chal-
lenge due to heavy use of cloaking perturbations, and MM-
BERT is the only model to surpass 90 F1 on this benchmark.
ToxiCN represents standard hate speech detection, where all
fine-tuned BERT variants perform strongly and MMBERT
provides consistent incremental gains. COLD, as a more
diverse and open-domain dataset, produces lower overall
scores, yet MMBERT maintains the best recall, confirming
its generalization to nuanced and implicit toxic language.

Overall, the results validate the task-specific multimodal
modeling with MoE-based expert routing and progressive

training for MMBERT substantially outperforms both fine-
tuned text-only models and prompt-based LLMs, particu-
larly in adversarial scenarios involving cloaked hate speech.

Routing distribution analysis We analyze the average
routing weight distribution of different experts in MMBERT
12 MoE layers under three hate speech perturbation cate-
gories in the ToxiCloakCN dataset as shown in Figure 3.

In the non-perturbed setting, the model primarily routes
to the text expert, especially in middle layers, reflecting the
dominance of textual semantics. Speech and image experts
contribute consistently, with image usage slightly increas-
ing in deeper layers. Under homophonic perturbation, the
model shifts toward the speech expert in early and mid-
dle layers, leveraging phonetic cues to resolve ambiguities
introduced by homophones. Vision expert assigned weight
decreases slightly, while text routing remains stable. In the
code-mixing scenario, image experts dominate across most
layers, indicating reliance on visual context to address mul-
tilingual inconsistencies. Text experts are also more engaged
in earlier layers, while speech expert weight declines.

These patterns demonstrate MMBERT adaptive routing
behavior, where expert activation is dynamically adjusted
based on input characteristics, enhancing robustness against
modality-specific perturbations.

Ablation study on training strategy We conduct an ab-
lation study to evaluate the effectiveness of the progres-
sive three-stage training strategy for integrating MoE into
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Figure 3: Distribution of expert loading with different input perturbation types, left: non perturbation, middle: homophonic
perturbation, right: code-mixing perturbation

Figure 4: Ablation study evaluating the impact of each stage
in the proposed three-stage training strategy

MMBERT. Specifically, we compare the full pipeline with
three variants: without aligner training stage (stage 1), with-
out expert training stage (stage 2), and without both stages.
All models are trained for 50 epochs on the ToxiCloakCN
dataset under identical settings.

As shown in Figure 4, the full three-stage strategy
achieves the best overall performance, with the lowest train-
ing loss and highest validation accuracy. It enables stable
convergence and strong generalization, indicating that grad-
ual modality alignment and expert specialization are both
essential for effective multimodal learning. Without aligner
pretraining, convergence is slower and validation perfor-
mance is less stable, suggesting suboptimal cross-modal
mapping. Removing expert specialization also leads to re-
duced accuracy and higher loss, showing that expert-specific
representation learning is crucial. The worst performance
is observed when both stages are removed, as the model
quickly overfits and fails to generalize. These results demon-
strate that each stage of the proposed training strategy plays
a critical role in enabling MMBERT to effectively detect
cloaked hate speech across modalities.

Ablation study on modalities To evaluate the contribu-
tion of each modality in the MMBERT framework, we

Dataset Text-only Text&Speech Text&Vision
Acc F1 Acc F1 Acc F1

ToxiCloakCN 85.3 86.1 91.2 91.1 87.7 86.6
ToxiCN 88.2 88.1 90.1 90.9 88.9 89.3
COLD 82.1 81.5 83.1 83.8 82.7 81.9

Table 3: Ablation study evaluating the impact of modalites
in the MMBERT framework.

conduct an ablation study across text-only, text–speech,
and text–vision settings. As shown in Table 3, adding
speech consistently improves performance over both text-
only and text–vision inputs across all datasets. On Tox-
iCloakCN, the F1 score rises from 86.1 for text-only to
91.1 for text–speech, while text–vision achieves 86.6, show-
ing that acoustic cues better capture adversarial perturba-
tions. A similar trend is observed on ToxiCN and COLD,
where text–speech achieves the highest accuracy and F1 val-
ues. These results demonstrate that speech features provide
richer complementary information than vision, enhancing
robustness and multimodal synergy in cloaking perturbed
Chinese hate speech detection.

Conclusion

We presents MMBERT, a multimodal framework for Chi-
nese hate speech detection that effectively incorporates text,
speech, and vision using the MoE architecture. To ensure
stable integration of modalities, we introduce a progressive
training strategy that proves critical for effective optimiza-
tion. Ablation studies confirm the importance of both the
training strategy and modality fusion, with speech contribut-
ing significantly to robustness. Empirical results across mul-
tiple benchmarks show that MMBERT achieves strong per-
formance, particularly under adversarial conditions involv-
ing cloaked perturbations. Our findings highlight the po-
tential of task-specific multimodal modeling for addressing
complex language understanding challenges, particularly in
safety-critical domains like Chinese hate speech detection.
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