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Abstract
The social interactions among crowds via Danmaku (a.k.a., bullet
comments) on modern multimedia platforms can facilitate both
viewpoint conflicts and consensus, providing fine-grained discrimi-
native social signals that can benefit fake news detection. However,
the inherent accumulation latency ofDanmaku in real-world scenar-
ios violates the real-time necessity of fake news detection, making
the studies of Danmaku-related fake news detection underexplored.
To break this violation, we simulate this temporal-aware user inter-
active process by proposing a novel temporal Generative danmaku
framework, calledGenda, which consists of: (1) a Danmaku Trigger
for predicting the timing and intensity of user reactions; and (2)
a Danmaku Generator for synthesizing corresponding semantic
and emotional expressions, thereby mutually constructing a tempo-
rally aligned and human-like pseudo Danmaku streams. To make
the generated Danmaku useful for identifying fake news videos,
we further design a Danmaku-guided Temporal Multimodal fake
news detection model - DM-FEND, which enables fine-grained
multimodal interactions among video, audio, text, and Danmaku,
enhancing dynamic modalities alignment and semantic noise inhi-
bition. The experimental results demonstrate that DM-FEND consis-
tently outperforms state-of-the-art baselines across both Chinese
(FakeSV) and English (FakeTT) benchmarks. Further ablations vali-
date the crucial role of temporal Danmaku modeling in enhancing
robustness and discriminative capability. Finally, this study offers
a bright and robust solution for multimodal fake news detection
in modern social interactive fashions by bridging the temporal
inconsistency between news and user behaviors. To ensure repro-
ducibility, the code and data used in this study are released at:
https://github.com/126541/Let-the-Bullets-Fly.
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1 Introduction
The proliferation of new-fashion multimedia platforms like TikTok
shifted news exhibition into a highly compressed and fast-paced
mode [8, 13, 27], aggravating the spread of fake news and neces-
sitating urgent and real-time detection strategies [34, 41]. These
new-shape platforms foster diverse and dynamic user engagement,
including traditional static user comments [20] and temporal-aware
Danmaku [5, 37], which is known as bullet comments overlaying the
video playback. These interactions can boost viewpoint collisions
among crowds, catalyzing the formation of collective consensus or
stark conflicts. Such highly discriminative social interactive signals
provide invaluable contextual cues for fake news detection. Unlike
conventional comments that typically reflect a global, post-hoc
evaluation of the entire video, Danmaku is intrinsically endowed
with a temporal nature and synchronizes precisely with the video
content [10]. In particular, the fine-grained temporal sensitivity of
Danmaku is crucial for identifying fleeting segments of fabricated
information within the video stream, highlighting its unique poten-
tial and imperative value for research. Despite this, Danmaku use in
multimodal fake news detection remains underexplored due to the
conflict between its accumulation latency in real-world scenarios
and real-time fake news detection.

Current mainstream short video-oriented fake news detection
predominantly focuses on analyzing the intrinsic authenticity of
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the multimedia content, including forensic traces of video splic-
ing and editing, audio manipulations designed to hijack audience
emotions [4, 19, 44, 52], or multi-view causal reasoning [6, 24, 55]
and debiasing techniques [12, 25, 57], to uncover deceptive visual
patterns. However, these content-centric detectors struggle to cap-
ture the complex semantic traces and societal context surrounding
the news, which often fall short when sophisticated manipulations
leave negligible visual artifacts or true videos are maliciously mis-
contextualized. Some of the other video fake news detectors uti-
lize social interaction signals, including propagation traces among
crowds [21, 22, 28, 53] and user comments [26, 38, 48], as auxil-
iary modalities to extract the public’s stance and collective wis-
dom. Given the sparsity of interactions during the early stages
of news propagation, pioneering comment-based methods have
leveraged LLMs to synthesize high-quality pseudo-comments for
fake news detection [47, 49, 51, 54]. Can VLLMs be used to synthe-
size high-fidelity Danmaku streams for short videos? Beyond their
temporal and frame-aligned characteristics, variations in Danmaku
density reflect content significance and the intensity of user opinion
conflicts. Thus, generating Danmaku that accurately models both
timing and diverse semantic reactions remains a major challenge.

To encounter this obstacle, we propose Genda, a novel tem-
poral Danmaku generation framework that simulates the time-
aware interactive process of crowd responses. Unlike existing com-
ment generation methods, Genda models the underlying genera-
tion mechanism of user reactions during video playback, thereby
reconstructing representative collective feedback in the absence
of real-time interaction data. Specifically, Genda decomposes the
process of temporal-aligned Danmaku generation into two collabo-
rative sub-tasks: (1) a Danmaku Trigger, which models the temporal
evolution of video content and emotions to predict when user reac-
tions are likely to occur and their corresponding intensity; and (2)
a Danmaku Generator, which is conditioned on the trigger’s sig-
nals, further generates semantic-aware and diverse emotional bullet
comments aligned with the current video frames. Such synthetic
temporally aligned Danmaku streams using Genda compensate for
the absence of user interaction signals in the early stage of news
propagation, providing fine-grained supervision for subsequent
modeling. Furthermore, the produced Danmaku can help the de-
tectors locate potential anomalous segments and understand the
evolving relationships among different modalities over time.

To take advantage of Genda for facilitating fake news detec-
tion, we propose DM-FEND, a Danmaku-guided multimodal fake
news detector, which leverages Danmaku as intermediate signals
to facilitate the interactions among video, audio, and text at the
segment level, thereby capturing local cross-modal inconsistencies
and suppressing decision-irrelevant information. In detail, we first
design a Danmaku-guided unimodal learning mechanism that re-
constructs high-saliency tokens to strengthen decision-relevant
semantic cues and suppresses low-saliency tokens to reduce seman-
tic noise, thereby improving unimodal representation quality. Then,
we further perform multimodal learning by modeling pairwise in-
teractions among modalities and aligning them with Danmaku
signals, aiming to capture cross-modal inconsistencies from the
perspective of user reactions. Finally, DM-FEND aggregates multi-
modal representations over the entire temporal sequence, jointly
modeling content evolution and user responses to determine the

authenticity of short videos. Overall, the main contributions of this
study are presented as follows:

• This study initially introduces Danmaku into multimodal
fake news detection. To bridge the gap between Danmaku ac-
cumulation latency and the necessity of real-time detection,
we propose a temporal Danmaku generation framework -
Genda, which consists of a Danmaku trigger and a Danmaku
generator, aiming at constructing temporally aligned and
human-like pseudo bullet comments.

• To utilize the generated Danmaku stream for facilitating
fake news detection, we develop DM-FEND, which enables
fine-grained multimodal interactions among video, audio,
text, and Danmaku, enhancing dynamic modality alignment
and semantic noise suppression.

• Our conducted extensive experiments on two short-video
datasets demonstrate that DM-FEND consistently outper-
forms baseline methods across various evaluation metrics,
including fine-tuned unimodal models, prompt-based ap-
proaches on large language models, and SOTA baselines.

2 Fake News Detection in the Era of LMs
Mainstream studies on fake news detection primarily focus on ana-
lyzing the authenticity of news content across modalities, aiming to
identify misleading patterns [33, 40], semantic inconsistencies [50],
or manipulation cues directly [42] from the input data. In other
words, these methods attempt to improve robustness and capture
richer semantic relationships by integrating complementary signals
across modalities, thereby assisting the task of fake news detection.
With the recent advancement of AI techniques, such a type of the
approaches has evolved from traditional neural architectures to
large-scale pre-trained models (a.k.a., LMs), and further to multi-
modal frameworks that jointly model heterogeneous information
sources [22]. For example, recent relevant studies often leverage
large language models or vision-language models to enhance rea-
soning ability and cross-modal understanding [17, 36, 43, 45, 51].
However, these approaches heavily rely on content representa-
tions and implicit reasoning processes, overlooking the dynamic
nature of information evolution. Specifically, they fail to explicitly
model how users perceive, interpret, and react to content over time,
leading to a gap between content understanding and user-level
perception modeling.

Some of the other SOTA studies explore the usability of data aug-
mentation [1, 14, 18] and generation-based strategies [30, 43, 56]
in the area of fake news detection, aiming at improving the gener-
alizability of detectors as well as enriching the diversity of news.
Such types of approaches typically leverage LMs to generate supple-
mentary supervision signals, such as reasoning chains [46], coun-
terfactual samples [42], or extra multimodal content [11], thereby
improving the diversity and informativeness of news data. For exam-
ple, recent researchers manipulate prompting or instruction tuning
to perform multi-step reasoning and uncover latent deceptive pat-
terns [15], while some other generative approaches synthesize addi-
tional data distributions to improve robustness under domain shifts.
Furthermore, a few studies also attempt to construct explanation-
guided or reasoning-enhanced representations to reinforce the in-
terpretability of fake news detection models [3]. However, they
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(a) Temporal Density of Danmaku in Video (b) Semantic relatedness between Danmaku and Video

Figure 1: (a) Temporal distribution of Danmaku across real and fake videos, showing consistent early-stage concentration and
distinct evolution patterns. (b) Semantic relatedness comparison between Danmaku and video content.

neither capture the temporal dynamics of user interactions nor
learn how collective responses evolve alongside content, limiting
their abilities in reflecting real-world perception processes.

Compared to the existing approaches, we shift our focus to tem-
porally grounded user interaction modeling. Specifically, we pro-
pose a temporal Danmaku generation framework, called Genda,
which simulates the time-aware evolution of crowd interactions in
news videos to produce high-quality pseudo Danmaku streams of
news, thereby addressing the inherent latency of Danmaku in real-
world scenarios as well as enabling the reconstruction of realistic
interaction signals in early stages. Upon this, we further develop
DM-FEND, a Danmaku-guided multimodal framework that inte-
grates generative Danmaku with video, audio, and text at the video
clip level, thereby bridging the gap between content representation
and user perception. Such a design allows our approach to capture
clip-level cross-modal inconsistencies and reflect user temporal
interaction in real-world news scenarios, leading to more robust
and accurate fake news detection.

3 Why does Danmaku work?
To validate the usability of temporal-aware Danmaku streams in
fake news detection, we collect 100 short news videos from Bilibili
to examine the temporal distribution of Danmaku for real and fake
videos. As shown in Fig. 1a, we first compute the average Danmaku
density over time by normalizing video timelines to [0, 1]. It can
be observed from Fig. 1a that both real and fake videos exhibit a
similar global pattern, where Danmaku density rapidly increases at
the beginning (peaking happens at 𝑡 ≈ 0.07) and gradually declines
thereafter, suggesting that Danmaku reflects structured collective
responses. However, we can also observe a notable difference be-
tween real and fake videos, where real cases show a smooth and
monotonic decay after the peak, yet fake ones exhibit stronger local
fluctuations. Moreover, fake videos present larger variance across
samples, indicating more diverse reaction patterns, whereas real
videos demonstrate more consistent temporal dynamics.

To further examine the alignment between Danmaku and video
content, we conduct the empirical study of (1) the semantic re-
latedness comparison between Danmaku and corresponding local
segments (See Local alignment in Fig. 1b), and (2) the the semantic
relatedness comparison between Danmaku and the entire video

(See Global alignment in Fig. 1b). As shown in Fig. 1b, Local align-
ment achieves a higher average semantic similarity (i.e., 0.749) than
that of Global alignment (i.e., 0.686), demonstrating that Danmaku
is more closely associated with local semantics than global content.
These observations suggest that Danmaku streams can be used
as fine-grained temporal signals with both structured evolution
and strong local alignment. Therefore, we can confirm that it is
reasonable and essential to utilize Danmaku streams as dynamic
social interactive signals for capturing temporal multimodal inter-
actions, thereby facilitating the detection of fake news in terms of
short videos. In the subsequent sections of the paper, we illustrate
the details of our proposed temporal-aligned generative Danmaku
framework - Genda and Danmaku-guided multimodal fake news
detection system - DM-FEND.

4 Genda: Temporal Generative Danmaku
The proposed Genda framework simulates the temporal generation
process of Danmaku by modeling how users perceive and react to
video content over time. As illustrated in Fig. 2(A), there are three
key modules involved in Genda, including (1) video understanding
module, (2) Danmaku trigger, and Danmaku generator. More details
about the implementation of Genda are shown as follows.

4.1 Problem Definition
The fake news detection in short videos can be formulated as a bi-
nary classification task. LetD = {𝑉1,𝑉2, . . . ,𝑉𝑛} denote a dataset of
short videos, where 𝑛 is the total number of news video samples. A
randomly selected video𝑉𝑖 is associated with a corresponding label
𝑦𝑖 ∈ {0, 1}, where 𝑦𝑖 = 1 indicates fake news, vice versa for 𝑦𝑖 = 0.
Specifically, 𝑉𝑖 maintains multiple modalities, including video, au-
dio, and text. We denote the multimodal input as: 𝑉𝑖 = {𝑥 𝑣𝑖 , 𝑥𝑎𝑖 , 𝑥𝑡𝑖 },
where 𝑥 𝑣𝑖 , 𝑥

𝑎
𝑖 , and 𝑥𝑡𝑖 represent the video, audio, and textual con-

tent, respectively. To capture fine-grained temporal dynamics, each
video is further decomposed into a sequence of temporal segments,
𝑉 = {𝑠1, 𝑠2, . . . , 𝑠𝑁 }, where 𝑁 is the number of segments in video𝑉 .
For each segment 𝑠𝑖 , we aim to model its corresponding Danmaku
signal 𝑑𝑖, 𝑗 , which reflects user reactions aligned with the temporal
progression of the video. Since real Danmaku may not always be
available in early stages, we employ a generation framework to
approximate the Danmaku distribution: 𝑑𝑖, 𝑗 ∼ 𝑃𝜃 (𝑑 | 𝑠𝑖, 𝑗 ), where
𝑃𝜃 denotes the learned generation model. Based on the multimodal
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Figure 2: The workflow of our proposed approach. (A) Genda: a temporal Generative Danmaku module that models user
interaction dynamics by performing segment-level video understanding, followed by a Danmaku Trigger to estimate reaction
intensity and a Danmaku Generator to produce semantically and temporally aligned Danmaku. (B) DM-FEND: a Danmaku-
guided temporal multimodal learning module that enhances unimodal representations via importance-aware and noise-aware
masking, and captures fine-grained cross-modal interactions among text, video, audio, and Danmaku. (C) Classification block:
temporally aggregated multimodal representations are fed into an MLP for final fake news prediction.

content and generated Danmaku, the objective is to learn a non-
linear mapping 𝑓 : {𝑉𝑖 , 𝐷𝑖 } → 𝑦𝑖 , where 𝐷𝑖 = {𝑑𝑖,1, 𝑑𝑖,2, . . . , 𝑑𝑖,𝑁𝑖

}
denotes the Danmaku sequence associated with video 𝑉𝑖 . The goal
is to leverage temporally aligned Danmaku as dynamic supervision
to improve fake news detection.

4.2 Video Understanding
Wedecompose each video into a series of short segments and extract
a structured representation of each segment to obtain fine-grained
temporal semantics. Given an input video 𝑉 with duration 𝑇 , we
partition it into 𝑁 non-overlapping segments, as shown in the
formula below 1.

𝑉 = {𝑠1, 𝑠2, . . . , 𝑠𝑁 }, 𝑁 =

⌊
𝑇

Δ𝑡

⌋
+ 1, (1)

where each segment has a fixed duration Δ𝑡 = 4 seconds. For each
segment 𝑠𝑖 , we uniformly sample 12 frames F𝑖 to preserve both
static and dynamic visual cues, ensuring that temporal transitions
and salient events are adequately captured. Then, we employ a
vision-language modelM𝑣𝑙 to perform segment-level multimodal
reasoning. Each segment is represented as:

𝑧𝑖 =M𝑣𝑙 (F𝑖 , text, 𝑝𝑖 ) = {𝑐𝑖 , 𝑒𝑖 , 𝑝𝑖 } (2)

where 𝑐𝑖 and 𝑒𝑖 denote semantic content and emotional tone, 𝑝𝑖 =
𝑖
𝑁

encodes the relative temporal position. By injecting temporal
context, the model learns to interpret each segment within the

global narrative, capturing its semantic content, emotional tone,
narrative role, and potential reaction cues. The video modality is
finally represented as a temporally ordered sequence:

𝑍 = {𝑧1, 𝑧2, . . . , 𝑧𝑁 }, (3)

where 𝑧𝑖 can be viewed as a semantic trajectory at 𝑖th clip stamp of
𝑍 that jointly encodes corresponding content evolution, emotional
dynamics, and interaction signals. This representation provides a
unified foundation for modeling temporally aligned user reactions
in subsequent modules.

4.3 Danmaku Trigger
The Danmaku Trigger aims to model when and how strongly users
react to video content by learning a temporal reaction intensity
function over video segments. Unlike conventional classification-
based approaches, we formulate this problem as an ordinal-aware
latent intensitymodeling task, which captures the gradual evolution
of user engagement. For each segment 𝑠𝑖 , we construct a unified
representation by integrating semantic, emotional, and contextual
signals derived from the Video Understanding module, as shown
in the formula below 4.

ℎ𝑖 = 𝑓𝜃 (𝑧𝑖 ,𝑚𝑖 , ℎ
𝑚𝑒𝑡𝑎
𝑖 ) (4)

where 𝑚𝑖 and ℎ𝑚𝑒𝑡𝑎
𝑖 represent auxiliary contextual information

such as textual hints and video popularity. The function 𝑓𝜃 (·) is
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instantiated by a large language model with LoRA adaptation, en-
abling efficient yet expressive modeling of temporal user perception.
For modeling ordinal intensity, we quantify user reaction as a la-
tent continuous intensity score 𝜑𝑖 , which reflects the underlying
strength of audience engagement for segment 𝑠𝑖 . Instead of directly
predicting discrete labels, we project this continuous score onto
ordinal levels through a set of learnable monotonic thresholds:

𝑃 (𝑦𝑖 > 𝑘 | 𝜑𝑖 ) = 𝜎

(
𝜑𝑖 −

𝑘∑︁
𝑗=1

softplus(𝛿 𝑗 )
)
, (5)

where 𝑦𝑖 ∈ {0, 1, 2, 3, 4} denotes the discrete Danmaku intensity
level of segment 𝑠𝑖 , corresponding to None, Minimal, Normal, No-
ticeable, and Heated, respectively. The variable 𝑘 ∈ {0, 1, 2, 3} repre-
sents the ordinal threshold index, and the condition𝑦𝑖 > 𝑘 indicates
whether the reaction intensity exceeds the 𝑘-th level. Here, {𝛿 𝑗 }
are unconstrained parameters used to construct ordered thresholds
via cumulative softplus, ensuring monotonicity, and 𝜎 (·) denotes
the sigmoid function.

During inference, the predicted intensity level 𝑦𝑖 is determined
by counting how many thresholds are surpassed by 𝜑𝑖 , resulting
in a final prediction in the same ordinal set {0, 1, 2, 3, 4}. This for-
mulation captures the ordinal structure of reaction intensity while
allowing smooth transitions across levels, enabling the model to
represent subtle variations in user engagement as a continuous
latent process.

4.4 Danmaku Generator
The Danmaku Generator aims to synthesize human-like Danmaku
conditioned on video content and predicted user reaction signals.
Building upon the segment representation 𝑧𝑖 (Video Understanding)
and the reaction intensity 𝑦𝑖 (Danmaku Trigger), we formulate the
generation process as a conditional social response modeling task.
For each segment 𝑠𝑖 , we generate Danmaku conditioned on semantic
content, predicted reaction intensity, temporal context, and latent
user style. Specifically, the generation process is modeled as:

𝑑𝑖, 𝑗 ∼ 𝑃𝜃
(
𝑑 | 𝑧𝑖 , 𝑦𝑖 , 𝑝𝑖 , 𝑠 𝑗

)
, 𝑠 𝑗 ∼ S, (6)

where 𝑧𝑖 encodes semantic and emotional information, 𝑦𝑖 denotes
the predicted reaction intensity level, 𝑝𝑖 represents the temporal
position, and 𝑠 𝑗 is a latent style variable sampled from a predefined
distribution S to simulate diverse user personas. Under this formu-
lation, 𝑦𝑖 controls the overall reaction strength, determining both
the content characteristics and the number of generated Danmakus,
while 𝑠 𝑗 introduces stylistic variability to produce natural and di-
verse expressions. This design enables the generator to produce
temporally aligned, semantically coherent, and human-like Dan-
maku, effectively approximating real user interaction behaviors.

We implement the generator using a large language model with
LoRA fine-tuning, enabling efficient adaptation while preserving
strong generative capabilities. As a result, the generated Danmaku
forms a temporally coherent and human-like interaction stream,
where each segment is associated with responses that reflect its
semantic content, emotional tone, and reaction intensity. Further-
more, we analyzed Pseudo Danmaku Quality in section A of the
supplementary document.

5 Danmaku-guided Fake News Detection
Our proposedDanmaku-guided temporalmultimodal learning frame-
work, DM-FEND, effectively leverages temporally aligned Danmaku
signals for fake news detection. As illustrated in Fig. 2, the frame-
work first employs aMultimedia Encoder to extract segment-level
representations from multiple modalities, including text, video, au-
dio, and Danmaku. Specifically, each modality is encoded into a
sequence of feature embeddings, forming a unified multimodal
representation space that preserves both semantic and temporal
information. Based on these encoded features, DM-FEND further
consists of two complementary components: (1) Danmaku-guided
unimodal learning, which refines each modality under the guidance
of Danmaku signals, and (2) Danmaku-guided multimodal learning,
which models cross-modal interactions and aligns them with user
reaction dynamics, as illustrated in Fig. 2(B)

5.1 Danmaku-guided Unimodal Learning
To enhance unimodal representations under the guidance of Dan-
maku, we design a Danmaku-conditioned masking and reconstruc-
tion framework that enables the model to focus on salient content
while suppressing noise. For a given video segment 𝑠𝑖 , let 𝑑𝑖 denote
the Danmaku representation generated by the Danmaku Generator,
and let 𝑥𝑚𝑖 ∈ R𝐿𝑚×𝐷 denote the token-level feature sequence of
modality𝑚 ∈ {video, audio}, where 𝐿𝑚 is the number of tokens
and 𝐷 is the feature dimension. We first compute a Danmaku-
conditioned saliency score:

𝛼𝑖 = S(𝑥𝑚𝑖 , 𝑑𝑖 ), 𝛼𝑖 ∈ R𝐿𝑚 , (7)

where S(·) maps each token to a scalar importance value, reflect-
ing how strongly it is associated with user reactions encoded in
𝑑𝑖 . Based on 𝛼𝑖 , we derive two complementary token subsets: -
𝑀

𝑡𝑜𝑝

𝑖
: the index set of top-ranked tokens (high-saliency), - 𝑀𝑙𝑜𝑤

𝑖
:

the index set of bottom-ranked tokens (low-saliency). We then con-
struct masked representations by replacing selected tokens with a
learnable mask embedding and re-encoding them. Let 𝑥𝑚𝑖 denote
the reconstructed features from𝑀

𝑡𝑜𝑝

𝑖
masking, and let 𝑥𝑚𝑖 denote

the features under𝑀𝑙𝑜𝑤
𝑖

masking. The overall training objective is
defined as shown in Eq. 8.

L𝑒𝑛 =

L𝑟𝑒︷                             ︸︸                             ︷
1

|𝑀𝑡𝑜𝑝

𝑖
|

∑︁
𝑡 ∈𝑀𝑡𝑜𝑝

𝑖

∥𝑥𝑚𝑖,𝑡 − 𝑥𝑚𝑖,𝑡 ∥22 +

L𝑖𝑛︷                                 ︸︸                                 ︷
1 − cos

(
Pool(𝑥𝑚𝑖 ), Pool(𝑥𝑚𝑖 )

)
+R(𝑠𝑖 ),

(8)
where: - 𝑥𝑚𝑖,𝑡 denotes the reconstructed feature of token 𝑡 , - Pool(·)
is a mean pooling function over tokens, - cos(·, ·) denotes cosine
similarity, - R(𝑠𝑖 ) is a regularization term encouraging a balanced
saliency distribution. The first term L𝑟𝑒 enforces the model to
recover masked high-saliency tokens, encouraging it to capture
semantically important content. The second term L𝑖𝑛 promotes
invariance by aligning the original representation with the noise-
masked representation, improving robustness to irrelevant infor-
mation. The third term R(𝑠𝑖 ) prevents degenerate solutions by
regularizing the saliency distribution. Through this dual masking
mechanism, the model learns to distinguish informative content
from noise under the guidance of Danmaku 𝑑𝑖 , leading to more
robust and discriminative unimodal representations.
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Table 1: This paper validates the performance of various baseline methods against our proposed method on the FakeSV and
FakeTT datasets. Best results are highlighted in bold, and second-best results are highlighted with underlines. Paired t-tests
were used to test the statistical significance of all baselines (p < 0.05), and significant differences are indicated by (*).

Models FakeSV FakeTT

Acc Mac-F1 Prec Rec Acc Mac-F1 Prec Rec

Unimodal Baselines
Text(Bert) 81.36 81.29 81.36 81.33 76.54 75.00 74.70 77.24
Image(CLIP-vit) 73.99 73.97 75.65 75.35 68.90 68.49 71.02 73.73
Audio(wav2vec2) 75.52 75.13 76.86 76.37 70.54 69.77 71.75 74.00
Video(VideoMAEv2) 72.86 72.58 72.53 72.71 73.24 71.92 71.81 74.39

LMs Prompting Benchmarks
GPT-5-mini 75.46 74.04 76.54 73.70 64.49 56.74 66.00 58.97
InternVL2.5-8B 67.51 66.87 67.85 66.38 59.27 58.33 60.25 59.64
Qwen2.5-VL-7B 66.19 65.60 67.39 67.22 59.09 58.37 59.74 59.38

Multimodal Detectors
SV-FEND (Qi et al. 2023) 80.88 80.54 80.18 80.62 77.14 75.63 75.12 77.56
FakingRecipe (Bu et al. 2024) 85.06 84.54 85.69 84.08 79.60 77.94 77.25 79.39
ExMRD (Hong et al. 2025) 83.39 82.81 83.97 82.37 79.80 79.19 78.68 81.93
FakeSV-VLM (Wang et al. 2025) 86.16 85.74 86.61 85.34 78.93 77.85 77.47 80.68
SGAN (Li et al. 2026) 85.24 84.88 85.35 84.61 79.60 77.76 77.12 78.88
DM-FEND 87.01* 86.68* 86.77* 90.66* 83.43* 82.92* 85.94* 85.80*

5.2 Danmaku-guided Multimodal Learning
Based on the enhanced unimodal representations, we further model
cross-modal interactions under the guidance of temporally aligned
Danmaku. The key idea is to treat Danmaku 𝑑𝑖 as an intermediate
supervisory signal that aligns different modalities at the segment
level and enhances discriminative representation learning. For each
segment 𝑠𝑖 , let 𝑥𝑚𝑖 ∈ R𝐷 denote the enhanced representation of
modality 𝑚 ∈ {text, video, audio}, and let 𝑑𝑖 ∈ R𝐷 denote the
corresponding Danmaku representation. We construct pairwise
multimodal representations and align them with Danmaku via
contrastive learning. The crossmodal consistency loss is defined as:

L𝑐𝑚 =
1
3

∑︁
(𝑎,𝑏 )

L𝑐𝑜

(
𝑑𝑖 , 𝜙 (𝑥𝑎𝑖 , 𝑥𝑏𝑖 )

)
, (9)

where (𝑎, 𝑏) ∈ {(text, video), (text, audio), (video, audio)}, 𝜙 (·, ·)
denotes a fusion function for modality pairs, and L𝑐𝑜 (·, ·) is an
InfoNCE-based contrastive loss. This objective encourages modality
pairs that correspond to the same segment to be aligned with the
associated Danmaku, while pushing apart mismatched pairs. To
acquire the representation of videos, we aggregate segment-level
multimodal representations across time to obtain a video-level
feature, and optimize it jointly with the classification and similarity
objectives: {

ℎ𝑖 =A
(
{𝑥𝑚𝑖 }𝑚, {𝑑𝑖 }

)
,

L𝑚𝑢 = L𝑐𝑙 + L𝑐𝑚 + L𝑣𝑠 ,
(10)

where A(·) denotes temporal aggregation and multimodal fusion,
ℎ𝑖 is the video-level representation, L𝑐𝑙 is the classification loss,
L𝑐𝑚 is the Danmaku-guided cross-modal consistency loss. Overall,
this module leverages Danmaku as a temporally aligned supervi-
sion signal to guide both segment-level cross-modal alignment and
video-level representation learning, enabling the model to capture
consistent patterns as well as subtle cross-modal inconsistencies
for fake news detection.

5.3 Binary Classification
Based on the learned multimodal representation, we perform final
fake news classification at the video level. Specifically, the aggre-
gated representation ℎ𝑖 ∈ R𝐷 encodes both multimodal content
evolution and user reaction dynamics, as illustrated in Fig. 2(C)
The entire framework is optimized in an end-to-end manner with a
unified objective:

L𝑡𝑜𝑡𝑎𝑙 = 𝜆1L𝑒𝑛 + 𝜆2L𝑚𝑢 , (11)

𝜆1, 𝜆2 are trade-off hyperparameters. This unified formulation en-
ables joint optimization of representation learning, cross-modal
alignment, and final decision-making under Danmaku supervision.
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6 Experiments
Implementation Details:We use Qwen2.5-VL-7B-Instruct1
for segment-level video understanding and LoRA-tune Qwen2.5-
7B-Instruct2 as both the Danmaku Trigger and Generator. Training
uses a maximum sequence length of 896, batch size 2, gradient accu-
mulation 8, learning rate 4× 10−5, 2 epochs, and FP16 precision. We
define five ordinal classes—None, Minimal, Normal, Noticeable, and
Heated—with four thresholds and a distribution regularization coef-
ficient of 0.2. For DM-FEND, we train for 30 epochs using AdamW
with batch size 4, a base learning rate of 3 × 10−5, a text encoder
learning rate of 1 × 10−6, and weight decay of 5 × 10−4. Audio and
video feature dimensions are 768 and 1408, respectively. The model
uses a hidden size of 768, 8 attention heads, 2 temporal layers, and a
dropout rate of 0.1. Performance is evaluated using Accuracy (Acc),
Macro F1 (Mac-F1), fake-class F1 (Mis-F1), Precision (Prec), and
Recall (Rec), as shown in Tables1 & 2.

Datasets: We evaluate our approach on two real-world fake
news video benchmarks, FakeSV [31]3 and FakeTT [4]4.

Baselines:We select diverse baselines for performance compar-
ison, including unimodal baselines, LMs prompting benchmarks,
and SOTA multimodal fake news detectors. For unimodal baselines,
we evaluate text, image, audio, and video models based on BERT [9],
CLIP-ViT [32], wav2vec2 [2], and VideoMAEv2 [39], respectively.
For LMs benchmarks, we adopt GPT-5-mini [35], InternVL2.5-8B [7],
and Qwen2.5-VL-7B [29]. For multimodal detectors, we investigate
various representative approaches, including SV-FEND [31], Fak-
ingRecipe [4], ExMRD [16], FakeSV-VLM [42], and SGAN [23].
These baselines cover a wide range of paradigms, enabling a com-
prehensive evaluation of our proposed DM-FEND.

6.1 Results and Analysis
Table 1 presents the performance comparison between our proposed
DM-FEND and various baseline methods on the FakeSV and FakeTT
datasets. From the results, we draw the following observations.

First,DM-FEND consistently achieves the best performance across
all evaluation metrics on both datasets. On FakeSV, our method at-
tains 87.01% in accuracy and 86.68% in Macro-F1, outperforming the
strongest baseline, FakeSV-VLM, by 0.85% and 0.94%, respectively.
More notably, our model achieves a substantial improvement in
Recall, indicating a stronger ability to detect difficult or ambiguous
fake news instances. On FakeTT, the improvements are even more
significant, where DM-FEND surpasses the best baseline (ExMRD)
by 3.63% in accuracy and 3.73% in Macro-F1. These gains validate
the effectiveness of temporally aligned Danmaku.

Second, unimodal models and large language models (LMs) ex-
hibit relatively limited performance compared to multimodal ap-
proaches. For example, the best unimodalmodel (Text-BERT) achieves
81.36% accuracy on FakeSV and 76.54% on FakeTT, which is sig-
nificantly lower than multimodal methods. Similarly, LMs such

1https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
2https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
3https://github.com/ICTMCG/FakeSV
4https://github.com/ICTMCG/FakingRecipe

as GPT-5-mini achieve only 64.49% accuracy on FakeTT, indicat-
ing that relying solely on reasoning without explicit multimodal
alignment is insufficient. These results highlight the necessity of
modeling cross-modal interactions for fake news detection.

Third, compared with state-of-the-art multimodal methods, DM-
FEND demonstrates clear advantages. While strong baselines such
as FakingRecipe and SGAN achieve competitive results (e.g., around
85% accuracy on FakeSV and 79% on FakeTT), they mainly rely on
global fusion or static alignment. In contrast, our method explicitly
models temporally aligned Danmaku as dynamic supervision, en-
abling fine-grained segment-level alignment and noise suppression,
which leads to more robust performance. Finally, we conduct fur-
ther ablation studies and detailed analyses in subsequent sections
to investigate the contributions of each component.

6.2 Ablation Study

Table 2: Ablation study of different components. DA: Tempo-
ral Danmaku Generation, EN: Danmaku-guided unimodal
learning , CM: Danmaku-guided multimodal learning.

DA EN CM FakeSV FakeTT

Acc Mis-F1 Acc Mis-F1

× × × 81.49 80.64 77.58 76.95
× × 83.12 82.87 79.79 79.81
× × 83.72 82.47 80.39 80.26

× × 82.95 84.83 80.16 83.42
× 84.32 83.56 81.18 80.20

× 83.39 85.58 80.64 83.66
× 84.39 86.34 82.09 84.46

DM-FEND 87.01 88.64 83.43 85.84

To investigate the contribution of each component in our frame-
work, we conduct ablation studies on three key modules: temporal
Danmaku generation (DA), Danmaku-guided unimodal learning
(EN), and Danmaku-guided multimodal learning (CM). The results
are summarized in Table 2, and the corresponding feature distribu-
tions are visualized in Fig. 3.

First, when none of the proposed components are applied, the
model achieves an accuracy of 81.49% on FakeSV and 77.58% on
FakeTT, showing relatively low performance. This indicates that
standard multimodal modeling without Danmaku guidance is in-
sufficient to capture complex cross-modal inconsistencies. Second,
introducing each module individually consistently improves perfor-
mance. Specifically, incorporating only the CM module increases
the accuracy on FakeSV by 1.63%, demonstrating the effectiveness
of modeling cross-modal interactions. Similarly, adding only EN
further improves performance, indicating that refining unimodal
representations helps reduce noise and improve feature quality.
When only DA is introduced, the model also achieves notable gains,
with theMis-F1 on the FakeTT dataset improving by 6.47%, showing
that Danmaku provides effective supervisory signals. Third, com-
bining multiple modules further enhances performance. Notably,
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even without the Danmaku generation module (DA), jointly apply-
ing EN and CM already achieves strong results, reaching 84.32%
accuracy on FakeSV. This indicates that enhancing unimodal repre-
sentations andmodeling cross-modal interactions alone can provide
substantial improvements. Further incorporating Danmaku with
other modules leads to additional gains. For example, integrating
DA with CM improves the accuracy on FakeSV to 83.39%, while
combining DA with EN achieves 84.39%. These results indicate
that Danmaku plays a complementary role by enhancing both uni-
modal optimization and cross-modal alignment. From Fig. 3, we
observe that introducing Danmaku leads to more compact intra-
class clusters and clearer inter-class boundaries, demonstrating its
effectiveness in guiding representation learning.

Figure 3: Visualized comparison between DM-FEND and its
representative variants on the FakeSV dataset using Princi-
pal Component Analysis (PCA). Green represents real news
sample points, and red represents fake news sample points.

Finally, when all three components are jointly applied, the model
achieves the best performance on both datasets. Compared with the
base model, the accuracy improves by 5.52% on FakeSV and 5.85%
on FakeTT. As shown in Fig. 3 (DM-FEND), the feature distributions
exhibit the most distinct separation between real and fake samples,
with minimal overlap and well-structured clusters. This demon-
strates that the three modules are highly complementary, and that
modeling temporally aligned Danmaku as dynamic supervision is
crucial for effective multimodal fake news detection. In section B
of the supplementary document, we analyze the performance of
replacing Danmaku with traditional comments in this framework.

6.3 Case Study on Genda
To further illustrate the effectiveness of Danmaku in capturing fine-
grained temporal signals, we present a case study in Fig. 4. From a
temporal perspective, Danmaku is closely aligned with the corre-
sponding video segments. In Clip 1, the video mainly introduces the
event, while the Danmaku captures initial reactions such as surprise
and mild skepticism (e.g., “Match-fixing?”). These comments match
the visual content, where no clear contradiction has yet emerged. In
Clip 2, as the action unfolds, the Danmaku becomes more specific
and directly responds to the scene. Comments such as “Yes, this is
not news anymore.” and “Now I understand.” correspond closely to
the visual evidence, showing that viewers react to concrete details

rather than making generic judgments. In Clip 3, when the critical
text appears, the Danmaku strongly highlights deceptive signals.
Statements such as “So it’s 1995 now? These are fake.” directly
identify inconsistencies, suggesting that this segment contains key
evidence of falsification. This shows that Danmaku can reveal the
moments most indicative of misleading or manipulated content.

Figure 4: Case study of a short video with the video clip-
level pseudo Danmaku generated using our proposed Genda
framework.

Overall, this case shows that the pseudo Danmaku generated
by Genda is not only temporally aligned with video content but
also provides fine-grained cues that help localize potential fake
signals. Such alignment enables the model to identify when and
where inconsistencies occur, thereby improving the precision of
fake news detection. We have also added failure cases in section C
of the supplementary document.

7 Conclusion
This paper initially attempts to utilize Danmaku, which is known
as bullet comments, that usually occur in short videos, for facili-
tating the detection of multimodal fake news. To bridge the gap
between the cumulative latency of the Danmaku streams and the
necessity of real-time fake news detection, we introduce a novel
temporal-aligned Danmaku generation framework, namely Genda.
Specifically, Genda simulates the dynamic process of user reactions
during video playback by integrating a Danmaku Trigger and a
Danmaku Generator, enabling the reconstruction of realistic inter-
action signals even in the absence of real-time user feedback. To
make the generated Danmaku using Genda good for usages, we fur-
ther propose DM-FEND, a Danmaku-guided temporal multimodal
fake news detection model that supports fine-grained interactions
among video, audio, text, and Danmaku at the clip-level of videos.
Furthermore, DM-FEND enhances unimodal representations by
masking important regions and noise regions under the guidance of
Danmaku, as well as strengthening cross-modal alignment through
Danmaku-aware multimodal learning. The experimental results on
two real-world short video datasets demonstrate that DM-FEND
outperforms various types of baselines, including unimodal detec-
tors, LM-based benchmarks, and SOTA task-specific multimodal
fake news detection approaches. In the future, we will incorporate
contextual information of news, such as external knowledge or
social propagation networks, to further improve the realism and
reliability of Danmaku.
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