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DUAL-PATH COMPRESSION FOR REAL-TIME MULTIMODAL CLICKBAIT DETECTION:
QUANTIZATION AND DISTILLATION

Haoqian Song2,†, Haoran Yin2,†, Fuwen Zhao2,†, Yiran Du1, Xuan Luo1, Xindi Ma3, Chaoyuan Zuo1,*

1School of Information and Communication, 2College of Cryptology and Cyber Science,
3School of Literature, Nankai University, Tianjin, China

ABSTRACT
While multimodal pre-trained models achieve state-of-the-
art performance in clickbait detection, their computational
requirements hinder practical deployment. We present a
dual-path compression framework for multimodal clickbait
detection, evaluated on a new fine-grained Chinese dataset
(15,012 samples) that distinguishes three deception mecha-
nisms: non-clickbait, curiosity gap, and content mismatch.
Our approach employs INT8 quantization-aware training
for server deployment and knowledge distillation for edge
devices, achieving complementary compression-efficiency
trade-offs. We conduct comprehensive ablation studies ex-
amining modality contributions, compression strategies, and
module-level sensitivity to guide deployment decisions. Re-
sults reveal that while both methods maintain strong overall
accuracy (93.3% for INT8, 88.2% for distilled), they strug-
gle with minority class detection, particularly curiosity gap
categorization. These findings provide practical deployment
strategies for resource-constrained scenarios and highlight
the need for compression-aware architectures in multimodal
systems.

Index Terms— Multimodal compression, quantization-
aware training, knowledge distillation, real-time inference,
clickbait detection

1. INTRODUCTION

Clickbait content has emerged as a widespread challenge
in digital media ecosystems worldwide, with distinct pat-
terns emerging across different linguistic and cultural con-
texts [1, 2]. In the Chinese digital ecosystem, platforms like
Toutiao, WeChat, and Weibo serve over a billion users daily,
where clickbait employs distinctive techniques ranging from
four-character idiom manipulations to culturally specific vi-
sual metaphors [3, 4]. Recent advancements in detection
methods have shifted from feature-based approaches to large-
scale multimodal pre-trained language models (PLMs) that
jointly analyze text and images [5]. While these models, of-
ten combining powerful text encoders with visual models and

†Equal contribution.
*Corresponding author.

Fig. 1: Three-class clickbait taxonomy with examples.

syntactic analyzers like Graph Attention Networks (GAT) [6],
achieve state-of-the-art accuracy, their hundreds of millions
of parameters create a critical ”deployment gap” for real-time
content moderation systems.

Model compression techniques offer a promising solu-
tion to this computational challenge, with recent advances in
quantization [7, 8] and distillation [9, 10] demonstrating suc-
cess on English models. However, applying these techniques
to Chinese multimodal architectures presents unique chal-
lenges: the compression must preserve both character-level
semantics and cross-modal alignment while handling cultur-
ally specific patterns. Moreover, current detection systems
typically employ binary classification, failing to distinguish
between fundamentally different deception mechanisms.
Drawing from information gap theory [11] and curiosity-
driven behavior [12], we propose a fine-grained three-class
taxonomy illustrated in Figure 1: (1) non-clickbait with fac-
tual headlines, (2) curiosity gap that exploits psychological
curiosity through strategic information withholding without
factual misrepresentation [13], and (3) content mismatch
involving deliberate false claims.

This paper presents a comprehensive framework that
addresses both the deployment efficiency and classification
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Fig. 2: Overview of our compression framework. Top: base-
line multimodal architecture for three-class clickbait detec-
tion. Bottom: two compression paths - (A) INT8 quantization
applied to the text encoder only, maintaining original archi-
tecture; (B) knowledge distillation creating lightweight stu-
dent models.

granularity challenges. Building on recent multimodal archi-
tectures [5], our main contributions are: (1) We develop a
fine-grained three-class taxonomy for Chinese clickbait de-
tection, validated on a newly annotated dataset of 15,012 sam-
ples. (2) We evaluate two compression strategies on Chinese
multimodal models, with INT8 quantization-aware training
achieving 8.1× compression at 93.3% accuracy for server
deployment and knowledge distillation providing 12.6× com-
pression at 88.2% accuracy for edge devices. (3) We uncover
differential compression sensitivity across clickbait types,
revealing that different deception mechanisms rely on dis-
tinct model capabilities, which enables targeted deployment
strategies for real-world applications.

2. PROPOSED METHOD

Figure 2 presents our dual-path compression framework,
which deploys multimodal clickbait detectors through INT8
quantization and knowledge distillation.

2.1. Baseline Multimodal Architecture

Our baseline employs a prompt-tuning paradigm integrating
three complementary encoders to capture different aspects of
clickbait patterns.
Semantic Encoding. We use Chinese-RoBERTa-wwm-ext
[14] with learnable continuous prompts T (·) wrapping the

input headlines. The model produces a 768-dimensional rep-
resentation htext from the [CLS] token, with a verbalizer V
mapping predictions to class labels.
Syntactic Encoding. To capture grammatical ambiguities
common in Chinese clickbait, we construct dependency
graphs G = (V, E) using LTP [15] and encode them via
GAT:

hgat = GAT(G) ∈ R64 (1)

Visual Encoding. Images are encoded using CLIP ViT-B/32
[16], producing a 512-dimensional feature vector himg ∈
R512.
Multimodal Fusion. The three representations are concate-
nated and classified via a two-layer Multi-Layer Perceptron
(MLP):

h = [htext;himg;hgat] ∈ R1344 (2)

ŷ = Softmax(W2(ReLU(W1h+ b1)) + b2) (3)

We employ class-weighted cross-entropy loss to handle the
imbalanced distribution described in Section 3.

2.2. INT8 Quantization-Aware Training

To accelerate inference and reduce the model footprint, we
apply quantization-aware training (QAT) to the baseline’s text
encoder, which is the main computational bottleneck. Un-
like post-training quantization that often degrades accuracy,
QAT simulates quantization effects during training, allowing
the model to adapt to the reduced precision while preserving
performance. Our implementation details are as follows:
Scope and Backend: We insert quantization operators
(QuantStub/DeQuantStub) around the encoder inputs,
multi-head attention blocks, and transformer outputs. For
numerical stability, LayerNorm and Softmax operations re-
main in FP32. We adopt the fbgemm [17] backend, which
is optimized for x86 CPU inference.
Training and Conversion: Starting from the FP32 baseline
model, we perform QAT to allow the model to adapt to low-
precision arithmetic. The training procedure follows the same
hyperparameter settings as our baseline model. After training,
the model is converted to a native INT8 format for deploy-
ment.

2.3. Knowledge Distillation for Lightweight Models

For edge device deployment, we construct compact distilled
models that mirror the baseline’s three-encoder architecture
with reduced dimensions:
Semantic Encoding: 4 layers with hidden dimension 384 and
6 attention heads, producing h(s)text ∈ R384 projected to R768.
Visual Encoding: 6 layers with hidden dimension 256 and 4
attention heads, yielding h(s)img projected to R512.
Syntactic Encoding: Single layer with hidden dimension 64
and 2 attention heads, generating h(s)gat ∈ R64.

20527
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We optimize students through multi-objective distillation:

L = αLCE + β LKD + γ Lfeat (4)

where LCE is cross-entropy loss on ground-truth labels, LKD
transfers teacher knowledge via KL divergence between soft-
ened probability distributions:

LKD = τ2 ·KL
(
softmax(zt/τ) ∥ softmax(zs/τ)

)
(5)

and Lfeat aligns intermediate representations:

Lfeat =λtext∥ϕt − ϕs∥22 + λimg(1− cos(ψt, ψs))

+ λgat∥γt − γs∥22
(6)

where ϕ, ψ, γ denote projected text, image, and GAT features.
We employ L2 distance for text and syntactic features while
using cosine similarity for visual features to respect their em-
bedding space properties.

3. EXPERIMENTAL SETUP

3.1. Dataset

Existing Chinese clickbait datasets are either proprietary or
limited to binary classification, which obscures important dis-
tinctions between deception mechanisms. We construct a new
dataset from Toutiao, China’s largest news aggregation plat-
form, by crawling news articles and their associated meta-
data. The dataset 1 contains 15,012 samples annotated using
the three-class taxonomy illustrated in Figure 1.

Three annotators independently labeled each sample,
with final labels determined by majority voting (Cohen’s
Kappa = 0.83). The corpus exhibits typical characteristics of
Chinese online news: headlines average 27.1 characters, ar-
ticles average 1,205 characters, with 1.85 images per article.
The distribution shows class imbalance: 9,919 non-clickbait
(66.1%), 3,931 curiosity gap (26.2%), and 1,162 content mis-
match (7.7%). To address this imbalance, we apply weighted
cross-entropy loss with weights inversely proportional to
class frequencies: w0 = 0.50, w1 = 1.27, w2 = 4.31.

3.2. Implementation Details

All models are trained for 5 epochs using Adam optimizer
with learning rate 2× 10−5, batch size 32, and maximum se-
quence length 192. Knowledge distillation employs two-stage
training: component-wise pre-training followed by joint opti-
mization with composite loss weighting (α = 0.6, β = 0.3,
γ = 0.1) and temperature τ = 2 to ensure stable convergence.

We conduct experiments on complementary hardware
platforms: NVIDIA RTX 4090 GPU for FP32 baseline and
distilled models, and Intel i9-12900K CPU with fbgemm

1The dataset and code are available at https://github.com/
shq3526/DPCMCD.

backend for INT8 quantized models. This dual-platform
setup captures the distinct computational constraints of
server-side and edge deployments.

3.3. Evaluation Methodology

We employ 10-fold cross-validation with stratified 80/20
splits to ensure robust evaluation across the imbalanced class
distribution. Efficiency metrics encompass throughput (sam-
ples/second), inference latency (ms/sample), and memory
footprint quantified for both GPU VRAM and CPU RAM.
For effectiveness assessment, we report accuracy, macro F1-
score, and per-class precision/recall, with macro F1 serving
as the primary metric to equally weight minority categories.

We conduct ablation studies to understand compression
behaviors: (1) modality contributions by selectively remov-
ing visual or syntactic encoders, (2) quantization strategies
comparing per-tensor versus per-channel granularity, (3) dis-
tillation variants contrasting synergistic multi-objective opti-
mization against basic KL divergence, and (4) module-level
sensitivity analysis through layer-wise quantization.

4. RESULTS AND ANALYSIS

Table 1 reveals fundamental trade-offs between compres-
sion approaches. INT8 quantization maintains architectural
fidelity (270.4M parameters) while achieving 8.1× storage
reduction, preserving 93.3% accuracy with modest CPU
speedup (1.4× over FP32). Knowledge distillation reduces
parameters by 92% (21.5M), enabling 4.8× faster CPU infer-
ence at 19.7 samples/s, but sacrifices 10.6 percentage points
in accuracy. This contrast demonstrates that architectural
simplification yields greater runtime benefits than numerical
optimization for edge deployment.

Figure 3 exposes severe class imbalance in compres-
sion impacts. While non-clickbait detection remains robust
across all models, minority classes suffer disproportionately.
Curiosity gap detection degrades from 95.2% (baseline) to
77.9% (quantized) and 58.2% (distilled), suggesting these
subtle manipulation patterns require representational capac-
ity that compression eliminates. Content mismatch detection
shows similar vulnerability, indicating semantic contradic-
tion detection relies on complex cross-attention mechanisms
that neither method preserves. The quantized model main-
tains higher recall (91.7%) than precision (85.2%), while the
distilled model exhibits balanced degradation (P: 88.0%, R:
87.2%), making it suitable for binary screening but inade-
quate for fine-grained categorization.
Ablation Analysis. Compression strategy choices signifi-
cantly impact performance. Per-tensor quantization outper-
forms per-channel by 1.8 points (92.3% vs. 90.5%), as consis-
tent scaling better preserves distributed representations. More
dramatically, synergistic distillation surpasses basic KL diver-
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Table 1: Comprehensive evaluation of compression techniques and ablation studies.

(a) Model characteristics and runtime efficiency
Metric Baseline Quantized Distilled

(FP32) (INT8) (FP32)

Model Characteristics
Parameters (M) 270.4 270.4 21.5
Model Size (MB) 1031.4 127.9 82.0
Compression Ratio 1× 8.1× 12.6×

GPU Performance
Throughput (samples/s) 31.9 –* 73.0
Latency (ms) 31.3 –* 13.7
Memory (MB) 8400.9 –* 295.8

CPU Performance
Throughput (samples/s) 4.1 5.7 19.7
Latency (ms) 245.8 175.5 50.7
Memory (MB) 2695.9 2645.7 1282.4

(b) Detection performance and ablation studies
Model Variant Acc. P R F1

Main Results
Baseline Full Model 98.8 97.8 93.0 95.2
Quantized Full Model 93.3 85.2 91.7 88.0
Distilled Full Model 88.2 88.0 87.2 86.5

Modality Ablation
Baseline w/o Visual 96.8 93.9 94.8 94.3

w/o Syntactic 97.0 94.6 94.7 94.6
Text Only 96.7 94.0 94.6 93.8

Compression Strategy Ablation
Quantization Per-Tensor 92.3 83.6 91.8 86.9

Per-Channel 90.5 79.9 83.0 81.3
Distillation w/o Synergistic 79.3 74.8 84.3 78.5

*INT8 model optimized for CPU deployment only (fbgemm backend). Best results in each section are highlighted in bold.

Non-
    Clickbait

Curiosity
Gap

Content
Mismatch

58.2%

77.9%

60%

70%

80%

90%

100%
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Distilled

Fig. 3: Per-class F1-scores across three clickbait categories.

gence by 9 percentage points, confirming that feature align-
ment losses are crucial for knowledge transfer.

Modality ablation on the baseline model reveals text dom-
inance: removing visual or syntactic encoders causes minimal
degradation, with text-only configuration maintaining 96.7%
accuracy. This suggests multimodal fusion provides limited
benefits for clickbait detection, contradicting the architectural
complexity of current approaches.

Module-level sensitivity analysis, conducted by system-
atically quantizing individual layers, identifies critical vul-
nerability points. Middle Transformer layers (particularly
Layer 6) show highest sensitivity to INT8 quantization, ex-
periencing 1.33% accuracy drops for both FFN and attention

blocks. In contrast, embeddings and prediction heads demon-
strate remarkable robustness, with the prediction head even
showing slight improvement (+0.67%). This pattern suggests
mixed-precision strategies should preserve middle-layer pre-
cision while aggressively quantizing peripheral components,
potentially achieving better compression-accuracy trade-offs
than uniform quantization.

5. CONCLUSION

We present a comprehensive framework for compressing
multimodal clickbait detection models, achieving 8.1× com-
pression through INT8 quantization (93.3% accuracy) and
92% parameter reduction via knowledge distillation (88.2%
accuracy, 19.7 samples/s CPU). Our three-class Chinese
dataset enables fine-grained analysis revealing that com-
pression disproportionately impacts minority classes, with
curiosity gap F1 dropping to 58.2% for distilled models. The
baseline’s robust text-only performance (96.7%) and module-
level sensitivity analysis identifying middle-layer vulnera-
bility provide actionable insights for optimization. These
results guide practical deployment: compression preserves
overall accuracy but sacrifices minority class discrimination
critical for detecting sophisticated manipulation. Cascaded
architectures—lightweight screening followed by selective
full-model processing—offer an immediate solution. Long-
term, the field needs inherently efficient architectures rather
than post-hoc compression, with our text-only results (96.7%)
suggesting simpler models may suffice. This work provides
benchmarks and strategies for deployable Chinese content
moderation systems.
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