SAGE: Synergistic Adaptive Gating of Experts for Hateful Video Detection
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Abstract

With the rise of short-video platforms, hate
speech has evolved from static text and memes
into more covert and aggressive hateful video
formats, profoundly impacting social dynam-
ics and public sentiment. Existing detection
methods typically rely on multimodal feature
fusion, which blurs the distinct boundaries of
modality-specific information. This leads to
the feature dilution problem, where dominant
benign modalities often overwhelm sparse, lo-
calized hateful cues. To address this, we pro-
pose SAGE (Synergistic Adaptive Gating of
Experts), a novel framework that shifts the
paradigm from blind feature mixing to decision-
level arbitration. Mimicking human cognitive
processes, SAGE instantiates disentangled ex-
perts to rigorously preserve modality-specific
semantics, facilitates global expert deliberation
for context-aware refinement, and convenes
an instance-level tribunal to dynamically ar-
bitrate the final verdict based on evidentiary
salience. Extensive experiments on HateMM
and MultiHateClip benchmarks demonstrate
that SAGE significantly outperforms state-of-
the-art methods, achieving accuracy gains of
6.37% to 21.23% and macro-F1 score gains of
6.77% to 28.01%.

Disclaimer: This paper contains hateful con-
tent, which has the potential to be offensive
and may disturb readers.

1 Introduction

With the rapid development of social media, the
landscape of information dissemination has under-
gone fundamental changes. Information carriers
have evolved from plain text to images and videos,
offering enhanced immersiveness and expressive-
ness. This change has profoundly altered the way
users perceive and interpret the world. However,
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... girls' trying to get a boy's cash then you even see a spook with a big mustache...
He don't do nothing but sleep and doze, he don't wake until his eyes are tired of
being closed....

(c) Textual Content

Figure 1: An example of a video labeled “Hateful”
where hateful content is primarily expressed through
the text modality. (a) Video frames show people ini-
tially enjoying themselves before a fight breaks out. (b)
Audio features (RMS and ZCR) indicate a neutral at-
mosphere without obvious hateful sentiment. (c) Text
content contains implicit hateful remarks that reveal the
underlying hostility.

this trend has also provided richer and more insid-
ious channels for the propagation of hate speech.
Hateful content targets social groups based on race,
religion, gender, and other attributes, propagat-
ing prejudice and discrimination through explicit
derogatory expressions or implicit narrative struc-
tures, visual metaphors, and audio cues (Silva et al.,
2016; Chhabra and Vishwakarma, 2023). With the
rise of short-video platforms, the cross-modal dis-
semination of hateful videos has intensified the
challenges of content moderation, making auto-
mated hateful video detection a necessary solution.

Existing hateful video detection approaches gen-
erally fall into three categories: unimodal, multi-
modal, and large language model (LLM)-based
methods. Unimodal approaches (Yousefi and
Emmanouilidou, 2021; Mei et al., 2024; Ton-
neau et al., 2024) focus on isolated channels, in-
evitably missing cross-modal cues. LLM-based
approaches (Jing et al., 2025; Wang et al., 2025;



Rehman et al., 2025; Lang et al., 2025; Koushik
et al., 2025; Ma et al., 2025a; Yang et al., 2025)
have demonstrated strong capabilities in semantic
understanding and knowledge reasoning, but their
deployment is often constrained by high computa-
tional costs and inference latency, limiting their ap-
plicability in real-time moderation scenarios. The
most similar paradigm with this work is multimodal
approaches (Mariconti et al., 2019; Wang et al.,
2024a; Koushik et al., 2025) which jointly process
text, audio, and visual features, and utilize feature
concatenation or fusion techniques for mixing fea-
tures into a unified, modality-agnostic representa-
tion (Das et al., 2023; Wang et al., 2024b; Lin et al.,
2024). Although mechanisms like cross-modal at-
tention can learn inter-modal relationships, this pro-
cess inevitably blurs the distinct decision bound-
aries inherent to each modality. Consequently, the
fused representation suffers from feature dilution,
where subtle, modality-specific hateful cues be-
come indistinguishable from the dominant benign
context, ultimately leading to detection failure. For
instance, as illustrated in Figure 1, while the visual
content depicts people engaging in recreational
activities followed by a conflict, and the audio
features (RMS and ZCR) exhibit neutral patterns
without explicit hateful expressions, the hateful na-
ture is primarily conveyed through implicit textual
remarks. In such scenarios, existing multimodal
methods tend to indiscriminately fuse these con-
flicting cross-modal signals, allowing the neutral
visual and audio cues to dilute the hateful textual
content, thereby leading to misclassification.

This limitation stands in contrast to how human
analyze potentially hateful content. It usually fol-
lows a profile-centric perspective: different profiles
of the content, such as imagery, spoken words, on-
screen text, or tone of voice, are examined both
independently and in relation to each other. One
might first identify a suspicious audio cue (audio
profile), then cross-reference it with the visual con-
text to confirm intent, and finally base the judgment
primarily on the audio evidence while discounting
the misleading visual scenery.

Driven by this observation, we argue that an
effective framework must address two core chal-
lenges corresponding to this cognitive process: (1)
how to enable deep, expert-level understanding of
each modality to preserve unique semantics, while
simultaneously allowing experts to exchange nec-
essary context? (2) how to synthesize these inde-
pendent analyses at the decision level, prioritizing

the most salient expert for a given video while sup-
pressing misleading or neutral ones?

To address this, we propose SAGE! (Synergistic
Adaptive Gating of Experts), a novel hateful video
detection framework that shifts the paradigm from
blind feature mixing to cue-guided expert orches-
tration. SAGE first cultivates specialized “experts”
for each modality, each tasked with deepening its
own profile-specific representation and identifying
potential sensitive cues (addressing challenge 1).
These experts do not work in isolation; a global
cross-modal interaction module allows them to ex-
change context, effectively letting auxiliary pro-
files refine or reinforce the primary cue-bearing
profile. Most importantly, instead of merging all
features indiscriminately, an instance-level adap-
tive gating mechanism dynamically assesses the
contribution weight of each expert based on the
salience and confidence of the cues it identifies
(addressing challenge 2). This enables SAGE to
emulate human-like reasoning: it prioritizes pro-
files with clear hateful indicators, uses supporting
profiles to strengthen the decision, and filters out
irrelevant or neutral information.

We conducted extensive experiments on two
benchmark datasets, HateMM and MultiHateClip.
Results demonstrate that SAGE achieves signif-
icant improvements over unimodal, multimodal,
and LLM-based approaches, with accuracy gains
ranging from 6.37% to 21.23% and macro-F1 score
gains from 6.77% to 28.01%. Particularly on the
HateMM dataset, SAGE attains 87.10% accuracy
and 86.28% macro-F1 score.

The main contributions of this paper are summa-
rized as follows:

* We identify the feature dilution problem in ex-
isting concatenation-based multimodal meth-
ods, revealing how benign modalities can
mask localized hateful cues during feature fu-
sion.

* We propose SAGE, a novel framework
that employs synergistic experts to preserve
modality-specific semantics and an adaptive
gating mechanism to dynamically prioritize
salient evidence at the decision level.

* We achieve state-of-the-art performance on
HateMM and MultiHateClip datasets, vali-
dating that our expert-based arbitration strat-

'The SAGE implementation is available at

https://github.com/XinLiao04/SAGE



egy effectively mitigates feature dilution com-
pared to traditional fusion baselines.

2 Related work

Static Hateful Content Detection Early re-
search primarily focused on unimodal text clas-
sification (Warner and Hirschberg, 2012; Tonneau
et al., 2024), evolving from traditional machine
learning to deep neural networks for analyzing
tweets and comments. With the shift towards vi-
sual media, attention turned to hateful meme detec-
tion (Cao et al., 2023; Mei et al., 2024; Ma et al.,
2025b), which requires joint reasoning over visual
imagery and OCR-extracted text. While these ap-
proaches addressed the interplay between image
and text, they remain limited to static content and
fail to capture the temporal dynamics and acoustic
cues inherent in video data.

Multimodal Hateful Video Detection The rise
of short-video platforms has shifted the research
focus to dynamic, multimodal detection. Early
attempts relied on unimodal approaches, inde-
pendently analyzing frames for hateful symbols
(Nardelli and Comminiello, 2024), audio for ag-
gressive tone (Yousefi and Emmanouilidou, 2021),
or subtitles for toxic language (Lang et al., 2025).
However, unimodal methods inherently miss cross-
modal context. Consequently, multimodal fusion
became the dominant paradigm (Koushik et al.,
2025; Yang et al., 2025). Representative methods
(Das et al., 2023; Wang et al., 2024b; Céspedes-
Sarrias et al., 2025; Hossain et al., 2025) typically
employ cross-modal attention or feature concate-
nation to merge modalities into a unified represen-
tation. Crucially, these “fuse-then-classify” strate-
gies suffer from a significant limitation: they tend
to mix features indiscriminately. In scenarios char-
acterized by semantic dissonance, where hate is
localized in one modality (e.g., audio) but contra-
dicted by benign signals in others, static fusion
strategies lead to feature dilution. The dominant
benign features overwhelm the sparse hateful cues,
causing detection failures. Unlike these entangled
approaches, our SAGE framework adopts a disen-
tangled, expert-based arbitration strategy to pre-
serve modality-specific evidence.

Recent advancements in multimodal large lan-
guage models (MLLMs), such as GPT-4V (Achiam
et al., 2023) and Gemini (Team et al., 2024), have
demonstrated impressive capabilities in seman-
tic reasoning and zero-shot video understanding

(Jing et al., 2025; Ma et al., 2025a). However,
their deployment in real-world content moderation
faces two hurdles: (1) Hallucination and Instabil-
ity: MLLMs can exhibit response inconsistencies
across modalities (Gong et al., 2025); (2) Compu-
tational Prohibitiveness: The massive parameter
size and inference latency make them unsuitable
for real-time, high-volume video moderation tasks.
In contrast, SAGE offers a lightweight, specialized
solution that achieves superior performance with
significantly lower computational overhead.

3 Methodology

In this section, we elaborate on the architecture
of SAGE, a framework designed to resolve the
feature dilution problem where benign modalities
obscure localized hateful cues. SAGE abandons tra-
ditional static fusion in favor of a dynamic, profile-
centric paradigm that mimics human cognitive ar-
bitration. It conceptualizes multimodal understand-
ing as a dual process of collaboration and competi-
tion among modality-aware experts. As illustrated
in Figure 2, the framework unfolds in three distinct
modules: Profile Representation and Expert Initial-
ization, Global Expert Deliberation, and Instance-
Level Expert Tribunal. First, SAGE instantiates
decoupled experts to rigorously encode the core
semantic representations of each modality, thereby
preserving modality-specific information and pre-
venting feature entanglement. Subsequently, the
Global Expert Deliberation mechanism facilitates
cross-modal contextualization, reinforcing latent
hateful cues while maintaining the stability of each
expert’s semantic profile. Finally, at the instance
level, SAGE adaptively evaluates and arbitrates the
contribution of each expert, amplifying the most
salient evidence while suppressing irrelevant noise
to render the final verdict.

3.1 Profile Representation and Expert
Initialization

The foundation of SAGE lies in cultivating spe-
cialized agents capable of deep, modality-specific
reasoning. Rather than treating multimodal inputs
as mere signal streams, we view them as distinct
semantic profiles (linguistic, acoustic, and visual)
that require independent analysis before interaction.
We instantiate three decoupled experts to extract
raw evidence and align them into a unified semantic
space.
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Figure 2: Overview of SAGE.

3.1.1 Unimodal Expert Instantiation

To construct the linguistic profile, the Linguistic
Expert aggregates the video title, description, and
transcripts obtained via automatic speech recogni-
tion. This raw textual sequence is processed by
a pre-trained language encoder to capture explicit
hate speech and implicit narrative structures, result-
ing in a sequence of token-level features denoted
as Xy € RI7xdr - Simultaneously, the Acous-
tic Expert focuses on paralinguistic cues such as
tone, pitch, and volume, which are critical for de-
tecting aggressive intent. By processing sampled
audio frames through an acoustic feature extrac-
tor, we obtain the audio representation sequence
X 4 € REaxda Complementing these, the Visual
Expert is tasked with modeling human appearances,
actions, and scene contexts. It takes uniformly
sampled video frames as input and utilizes a spa-
tiotemporal visual encoder to extract high-level
visual embeddings, yielding the feature sequence
X; € RErxdr Here, L7 4,1y and dg 4 1y denote
the sequence lengths and the original feature dimen-
sions of the corresponding modalities, respectively.

3.1.2 Semantic Space Alignment

Since the raw features X7, X 4, and X originate
from disparate latent spaces with varying dimen-
sions, they cannot directly engage in cross-modal
deliberation. To address this, we apply modality-
specific linear projection layers ¢y, () to map each
expert’s representation into a shared semantic mani-
fold with a unified dimension d. Formally, for each
modality m € {T', A, I'}, the initialized expert state

HS? is computed as:
HY) = ¢n(Xpn) = X Wi + by (1)

where W,,, € R%m*d and b,,, € R? are learnable
parameters. At this stage, the experts remain dis-

tinct, grounded in their respective modality profiles,
yet are structurally aligned to facilitate the subse-
quent deliberation stage.

3.2 Global Expert Deliberation

While decoupled experts excel at identifying low-
level cues within their respective domains, they
inherently lack the cross-modal reasoning capabil-
ity required to decipher complex hateful narratives
(e.g., visual imagery that becomes offensive only
when paired with specific audio context). To bridge
this gap, we introduce the Global Expert Deliber-
ation module. Designed to facilitate iterative se-
mantic refinement, this module enables experts to
dynamically exchange information while strictly
preserving their structural independence. Its core
objective is twofold: (1) to distill salient evidence
within each modality to prevent noise propagation,
and (2) to query a global semantic horizon for con-
textual verification, thereby resolving ambiguities
without compromising the expert’s distinct identity.

3.2.1 Intra-Modal Self-Refinement

Prior to engaging in external exchange, each ex-
pert must perform internal introspection to consoli-
date its own stance. We employ Multi-Head Self-
Attention (MHSA) not only to capture long-range
dependencies but also to filter irrelevant noise. By
assigning higher attention weights to semantically
rich segments, the expert distills the most informa-
tive cues from its raw profile.

Let Hﬁfl) € REmxd denote the input repre-
sentation of expert m € {T', A, I'} at layer [. The
refined state is computed as:

H{) = MHSA (LNH{Y)) + HI-D - (2)

This step serves as a pre-filter, ensuring that



only high-confidence, modality-specific signals are
propagated to the subsequent interaction stage.

3.2.2 Global Semantic Horizon Construction

To enable experts to see beyond their isolated pro-
files, we construct a Global Semantic Horizon C\V
at each layer of the iterative deliberation process.
This horizon provides a panoramic view of the
video’s multimodal content, synthesized by aggre-
gating distilled knowledge from all modality ex-
perts:

¢ = Concat (ﬂg), IA{X) IAIE})) € Rlwoaxd
3)
where Ly = L7 + La + L; denotes the total
sequence length across all modalities.
This shared semantic horizon serves as a global
knowledge repository against which each expert
can contextualize and verify its modality-specific

evidence.

3.2.3 Profile-Anchored Context Inquiry

This mechanism implements the philosophy of “ac-
tive query” rather than “passive fusion”. We em-
ploy Multi-Head Cross-Attention (MHCA) to allow
each expert to selectively retrieve complementary
evidence from the Global Semantic Horizon.

Crucially, a specific expert m acts as the Querier
(Qm), actively retrieving evidence from the global
horizon, which serves as the source of Keys (K x)
and Values (V). This profile-anchored interac-
tion is formulated as:

) T
H{) = Softmax(%) Vex D)

By anchoring the Query to the expert’s own pro-
file, the resulting representation I:L(Q remains struc-
turally aligned with the original modality (e.g., the
visual expert remains vision-centric). However,
its semantic content is now enriched: ambiguous
visual signals can be clarified by textual context,
and subtle audio cues can be reinforced by visual
evidence.

Finally, the context-aware representation is re-
fined through a Feed-Forward Network (FFN) with

residual connections:

m
4)
Through L layers of such deliberation, the ex-
perts evolve from isolated detectors into context-
aware reasoners, preparing them for the final
instance-level tribunal.

HY — FFN (LN (ﬂﬁ,} +HY)) + A + )

3.3 Instance-Level Expert Tribunal And
Decision

Traditional multimodal fusion often relies on static
concatenation, which leads to indiscriminate fea-
ture blending. Consequently, a strong hateful signal
in one profile (e.g., audio) can be statistically over-
whelmed by benign signals in others. To counter
this, SAGE functions as an Instance-Level Tribunal,
treating the three deliberated experts as indepen-
dent witnesses and dynamically arbitrating the final
verdict based on evidentiary salience.

3.3.1 Independent Expert Diagnosis
Following the global deliberation stage, each expert
possesses a refined understanding that integrates
its core profile semantics with cross-modal context.
Each expert m € {T', A, I'} first independently di-
agnoses the content. Specifically, we aggregate the
sequence representations H, ,(,f ) using an attention
pooling layer to obtain a focused profile-level rep-
resentation h,,, € R?. This representation is then
fed into a modality-specific classifier to produce
the expert’s prediction logits z,,:

zZm = W h,, + b{Z (6)

m

where W™ ¢ RExd and b ¢ RX denote the

learnable weight matrix and bias vector for expert
m, respectively, and K represents the number of
target classes.

This process enables each expert to cast an inde-
pendent “vote” based on its specialized perspective.

3.3.2 Tribunal Arbitration Mechanism

Simultaneously, the Tribunal Network serves as the
semantic judge, arbitrating the competition among
experts to assess the trustworthiness of each expert
for the current video instance. Unlike static fusion
strategies, this mechanism operates dynamically by
surveying the global evidence landscape and iden-
tifying which modality conveys the most salient
information.

Specifically, we construct a tribunal state by
concatenating the pooled representations from all
experts and compute the evidential arbitration
weights:

htribunal = CODC&t(hT, hAa h[) @)

o = SOftmaX(Wgate htibunal + bgate) 3

where & = [ar, a4, ar] denotes the instance-
specific arbitration weights assigned to the linguis-
tic, acoustic, and visual experts, respectively.



To further suppress noisy or uninformative
modalities and encourage decision sparsity (e.g.,
completely ignoring a silent audio track), we ap-
ply a Top-K selection strategy. Only the £ most
confident experts are retained, and their correspond-
ing weights are re-normalized to obtain the final
arbitration weights o’

The final prediction g is derived through the tri-
bunal’s consensus by aggregating the experts’ log-
its under the arbitrated weights:

Z a’m “Zom )

me{T,A,I}

1y =

Through this mechanism, SAGE realizes dy-
namic dominance. For instance, if the acoustic
expert detects high-confidence racial slurs, the tri-
bunal can assign a4 =~ 1, thereby allowing the
audio evidence to override benign visual context.
This ensures that localized hateful cues are explic-
itly surfaced rather than statistically diluted by non-
informative modalities.

4 Experiment Design

To comprehensively evaluate the performance of
SAGE, we propose the following three research
questions (RQs):

* RQ1: How does SAGE perform on the hate
video detection task?

¢ RQ2: What is the contribution of each com-

ponent within SAGE?
* RQ3: How computationally efficient is
SAGE?
Datasets Our study utilizes two widely used

video datasets, HateMM (Das et al., 2023) and Mul-
tiHateClip (MHClip) (Wang et al., 2024b), each
demonstrating a rich variety of hateful scenes and
contexts. Please go to Appendix C for more details.

Baselines To comprehensively evaluate the effec-
tiveness of our model on the Hateful Video De-
tection task, we select three categories of models
as baselines for comparison. Detailed informa-
tion about the baseline models is provided in Ap-
pendix D.

Metric To comprehensively evaluate our model
and enable fair comparison with existing ap-
proaches, we adopt four evaluation metrics follow-
ing previous work (Wang et al., 2024b; Lang et al.,

2025): Accuracy (ACC), Macro-Precision (M-P),
Macro-Recall (M-R), and Macro-F1 (M-F1) score.
Additionally, to assess computational efficiency,
we report the average per-sample inference time
(Inf. Time) as an efficiency metric.

Implementation Details All experiments are
conducted on a server running Ubuntu 24.04 LTS
with dual Intel Xeon Gold 6133 CPUs and four
NVIDIA RTX A6000 GPUs (48GB memory each).
Training details of the proposed SAGE framework,
including hyperparameters and optimization con-
figurations, are provided in Appendix E. Detailed
processing procedures for multi-modal features of
video data are provided in Appendix G.

5 Experimental Results and Analysis

5.1 Overall Performance (RQ1)

Table 1 reports the binary classification results on
the MHClip and HateMM datasets, while more
fine-grained three-class classification results are
provided in Appendix H.1. Overall, SAGE sig-
nificantly outperforms existing baselines. Com-
pared with the multimodal baseline models, SAGE
achieves accuracy improvements ranging from
6.37% to 10.89% and M-F1 gains of 6.77% to
16.21%. Based on these experimental results, we
draw the following conclusions:

(1) Multimodal Synergy vs. Unimodal Blindness.
Unimodal methods generally exhibit performance
ceilings due to inherent information incomplete-
ness. While text-based methods perform relatively
well (e.g., 76.04% accuracy on HateMM), they fail
to capture semantic dissonance, such as hateful au-
dio overlaid on benign visuals. This confirms the
necessity of multimodal synergy. However, simply
having multiple modalities is insufficient. As seen
in the results, standard multimodal baselines (e.g.,
simple concatenation) improve over unimodal ones
but still lag significantly behind SAGE.

(2) Validating the resolution of feature dilution.
While traditional multimodal fusion methods (e.g.,
HateMM, MHClip baselines) generally achieve
over 80% accuracy, they struggle to break through
the performance bottleneck. This empirical gap
validates our hypothesis of feature dilution: static
fusion allows benign modalities to overwhelm lo-
calized hateful cues. In contrast, SAGE’s superior
performance demonstrates that our instance-level
expert tribunal successfully identifies and ampli-
fies the most salient evidence (e.g., a short audio



Table 1: Experimental results of all baselines and our proposed SAGE on HateMM and MHClip datasets for
binary classification. T: Text, A: Audio, I: Image, V: Video. The “AVG. Improve” row is calculated as the average
difference between SAGE and all baselines of the current type. The best results are in bold and the second-best are

underscored.
Type | Model | Modality | Inf. Time | HateMM | MHClip-YouTube | MHClip-BiliBili
| [T A1 v] ™ acc MFl  M-P MR | ACC MFl  M-P MR | ACC MFl  M-P MR
mBert (Devlin et al., 2019) v 693 07604 07216 07883 07137 | 06905 04982 07188  0.5446 | 0.6975 05826  0.6259 05820
Uni- MFCC (Davis and Mermelstein, 1980) v 99.57 | 07281 06746 07604 06730 | 06750 05037 05357 05191 | 06111 04976 05036 05029
Modal ViVIT (Arnab et al., 2021) v 369.94 | 07558 07216 07704 07138 | 06813 05639 05818 05624 | 0.6914 04444 05981 05111
LB (Zhu etal., 2023) V| 54254 07604 07398 07558 07336 | 0.7063 04984 05897 05280 | 07037  0.6201  0.6409 06141
AVG. Improve R - 11.98%1 1473%1 10.23%1 14.86%1 | 15.03%1 28.01%1 25.01%1 11.41%" | 21.23%1 1629%1 1629%1 19.04%1
HateMM (Das et al., 2023) VoY 490.01 | 08065 07985 07975 07998 | 07188 06281  0.6451 06211 | 07160  0.6635 06656  0.6618
Multi- Mo-Hate (Tomar et al., 2023) 't 553.08 | 0.8157 08049 08098 08014 | 07312 06781 06752 06817 | 07284  0.6408 06776  0.6320
Modal MHClip (Wang et al., 2024b) VoY 57821 | 08065 07910 08062 07838 | 07250 06270  0.6523 06190 | 07037 04667 07263  0.5255
HCCI (Koushik et al., 2025) VoY 567.21 | 07834 07702 07756 07667 | 07125 04876  0.6118 05259 | 07160 05522 06829  0.5677
MOoRE (Lang et al., 2025) VoY 61876 | 0.8110  0.8004 08061 07966 | 07400 06662 07219 06563 | 07500  0.6994 07153  0.6911
MM-HSD (Céspedes-Sarrias et al., 2025) | v v v/ 66233 | 0.8203  0.8054 08230 07972 | 07438 07172 07113 07489 | 06914  0.6495 06462  0.6550
AVG. Improve R - 637%1  671%1 680%1 6.62%" | 1089%" 1621%1 1359%1 14.65%" | 725%1 13.63%1 694%1  12.08%]
Qwen-VL 7B (Bai et al., 2023) v oY 198298 | 0.6452 06286  0.6290  0.6286 | 06469  0.6363 06542 06798 |0.6579 06368 06381  0.6566
LLaMA-3.2V 11B (Grattafiori etal,, 2024) | v v 116629 | 0.6843 06417  0.6421 06413 | 07149 06559 06533 06591 |0.6593 05479 05678  0.5499
MLLM Keye-VL 8B (Team et al., 2025) V| 709930 | 07872 07293 08035 07125 | 0.6947 05881  0.6231 05859 | 06706 05629  0.5934 05649
GPT-4 (Achiam et al., 2023) v 152619 | 07558 07550 07683 07777 | 07937 07127 07666 ~ 0.6932 | 07593 0371 07305  0.7593
GPT-4V (Achiam et al., 2023) v ooV 765400 07327 07323 07870 07746 | 07518 07300 07267 07739 | 0.6914 06866 07214 07546
AVG. Improve R - 14.99%1 1654%1 14.51%1 1502%1 | 11.71%1 13.16%1 12.07%1 11.03%" | 10.24%1 1141%1 1048%" 8.59%1
Ours SAGE v v v 567.98 | 0.8710  0.8628  0.8711  0.8572 | 08375 07962  0.8055 07887 | 07901  0.7484 07551  0.7430

slur) while suppressing noise, thereby resolving the
dilution issue that plagues static fusion models.

(3) Specialized Experts vs. Generalist MLLMs.
Despite the impressive generalized reasoning capa-
bilities of MLLMs, they fall short in this domain-
specific task. As indicated in the results, LLM-
based methods (relying on prompt engineering)
generally underperform compared to our special-
ized framework. Specifically, on the HateMM
dataset, SAGE achieves a improvement of 8.48
percentage points in accuracy and 13.35 points
in m-F1 over the best-performing MLLM base-
line. This performance gap indicates that, under
the current zero-shot prompting setting, general-
purpose MLLMs struggle to capture the subtle,
high-frequency acoustic and visual cues charac-
teristic of hate speech. In contrast, SAGE’s spe-
cialized experts are explicitly designed to extract
these fine-grained discriminative features, leading
to superior detection accuracy.

(4) Analysis of Fine-grained Detection. The
three-class classification task (Appendix H.1) re-
veals the challenge of distinguishing “offensive”
from “hateful” content. While all models experi-
ence performance drops in this more fine-grained
setting, SAGE still achieves the best performance
among all methods. This indicates that our dis-
entangled expert deliberation mechanism enables
more granular feature discrimination, effectively
separating implicit hate from general offensive ex-
pressions better than entangled fusion methods.

5.2 Ablation Study (RQ?2)

Table 2 summarizes the contribution of each com-
ponent within SAGE. Overall, removing any mod-
ule consistently degrades performance, validating
the framework’s holistic design. Regarding expert
profiles, the sharpest drop occurs in the w/o Lin-
guistic Expert variant, confirming text as the pri-
mary source of explicit hate.

Regarding architecture, the w/o Semantic Align-
ment variant suffers the most severe degradation,
confirming that projecting heterogeneous features
into a unified space is a prerequisite for effective
interaction. Removing Global Expert Deliberation
(GED) reduces experts to isolated islands, hinder-
ing the cross-modal contextualization needed for
complex narratives. The significant drop in the w/o
Tribunal Network variant empirically validates our
core hypothesis: dynamic arbitration is essential
to prevent feature dilution, where dominant benign
signals otherwise obscure localized hateful cues.

Furthermore, we replace SAGE’s tribunal net-
work with a feature-level gating mechanism.
Specifically, this variant performs weighted fusion
of multimodal features via gating weights prior
to classification, rather than relying on an expert-
based arbitration module for explicit decision mak-
ing. Experimental results show that this variant
achieves only 82.95% accuracy and 82.47% macro-
F1 on the HateMM dataset, representing a decrease
of 4.15% and 3.81%, respectively, compared to the
original SAGE. This comparison further demon-
strates that, compared to soft selection at the feature
fusion stage, dynamic arbitration at the decision
level is more effective in capturing fine-grained
hate-related signals while suppressing irrelevant



Table 2: Ablation study evaluating the core components of SAGE on HateMM and MHClip datasets.

Model | Modality | HateMM | MHClip-YouTube | MHClip-BiliBili
|T A I | Acc MFI MP R | Acc MFl MP R | Acc MFl MP MR
wlo Linguistic expert v V| 07834 07702 07756 07667 | 07688 0.6344 07670 0.6238 | 0.6975 0.5488 0.6233 05598
w/o Acoustic expert v v | 0.8571 0.8510 0.8504 0.8517 | 0.8000 0.7527 0.7563 0.7494 | 0.7840 0.7455 0.7469 0.7441
wlo Visual expert | v v 08295 08182 08269 08128 | 0.8063 07680 07635 0.7733 | 07716 0.7367 07333  0.7407
w/o Alignment v v v | 0.8203 0.8084 0.8169 0.8032 | 0.7750 0.7217 0.7249 0.7189 | 0.7222 0.6167 0.6704 0.6109
w/o GED v v v | 08387 08351 08322 08444 | 07812 07237 07330 07168 | 0.7469 0.6824 07020 0.6730
wlo Tribunal network | v v v | 0.8433  0.8334 08411 08283 | 0.7937 07530 0.7488 07580 | 0.7654 07361 0.7296 0.7473
SAGE | v v | 08710 08628 08711 08572 | 0.8375 07962 0.8055 0.7887 | 0.7901 07484 0.7551 07430

noise. 5.4 Robustness Analysis

5.3 Efficiency Analysis (RQ3)

Figure 3 benchmarks SAGE against competitive
methods. Despite a larger parameter count necessi-
tated by specialized experts, SAGE incurs a negli-
gible inference overhead of only 0.1 seconds while
delivering an accuracy gain of over 6%. In prac-
tical deployment, the end-to-end latency consists
of two main components: data preprocessing and
model inference. For a typical video, the com-
plete processing pipeline takes approximately 5.97
seconds, with the following breakdown: ASR tran-
scription accounts for the largest proportion of time
(3.8 seconds), followed by video frame sampling
(16 frames, 1.3 seconds), audio extraction (0.2 sec-
onds), model inference (0.5 seconds), and feature
embedding of the three modalities—text, audio,
and vision (0.02 seconds, 0.04 seconds, and 0.11
seconds, respectively).

wem Parameters (M)
Accuracy
Time (s)

Parameters (M)
Time (s) / Accuracy

LB HateMM  Mo-Hate MHClip HCC1 MoRE SAGE

Figure 3: Comparison of the performance of multi-
modal models in terms of parameters (in red), inference
time (in ) and ACC performance (in ) on
HateMM dataset.

These results demonstrate that SAGE achieves a
strong balance between model complexity and com-
putational efficiency. It offers high accuracy and
low latency, meeting the dual requirements of time-
liness and precision in content moderation systems,
and demonstrating practical value for large-scale
deployment.

We analyze the robustness of SAGE along two di-
mensions: the effect of ASR transcription quality
and the impact of missing modalities.

Robustness to ASR Quality. Table 3 reports
SAGE’s performance across three datasets under
varying ASR transcription quality. Higher tran-
scription quality consistently yields improved per-
formance. More importantly, performance degrada-
tion remains moderate across all datasets when tran-
scription quality decreases, indicating that SAGE
does not over-rely on textual signals and is robust
to ASR errors.

Table 3: Robustness analysis under different transcrip-
tion qualities.

Trans Quality Dataset Acc M-F1 M-P M-R
Original Trans HateMM 0.8525 0.8432 0.8511 0.8379
Better Trans HateMM 0.8710 0.8628 0.8711 0.8572
Original Trans MHClip-YouTube 0.8000 0.7673 0.7582 0.7818
Better Trans ~ MHClip-YouTube 0.8375 0.7962 0.8055 0.7887
Original Trans ~ MHClip-BiliBili  0.7716  0.7393  0.7343 0.7463
Better Trans ~ MHClip-BiliBili ~ 0.7901 0.7484 0.7551 0.7430

Robustness to Missing Modalities. Table 4 re-
ports performance on the HateMM dataset when
each modality is individually removed. The ab-
sence of audio or visual modalities leads to only
a moderate performance drop, whereas removing
the text modality results in a more pronounced de-
cline, which is consistent with the observation that
hateful intent is predominantly conveyed through
language. This limitation is not unique to SAGE,
but reflects a common challenge shared by existing
multimodal models and human moderators when
critical information is unavailable.

Table 4: Robustness Analysis under Modality Missing
Settings.

Modality Removed  Acc M-F1 M-P M-R
Text 0.7972  0.7663 0.8337 0.7542
Audio 0.8664 0.8568 0.8696 0.8494
Vision 0.8187 0.8020 0.8145 0.7954




Table 5: Visualization of the Instance-Level Expert Tri-
bunal. We report the independent predictions from Lin-
guistic (T), Acoustic (A), and Visual (I) experts, along-
side the dynamic arbitration weights assigned by the
tribunal. GT: Ground Truth.

Hatefulness (A) GT: Hateful (B) GT: Hateful

'y

& T l,
| WM . ‘k“4‘.U}.‘?L,Mm\\“v““ﬂM[\LJ

‘Why you’re not?

(C) GT: Harmful

Vision

Audio

...girls’ trying to get a

boy’s cash then...He because I can’t. what

don’t do nothing but do you think of the
sleep... niggers....

more than anybody
because lesbians can’t
that much...

Text

Expert Diagnosis ~ 0.83/0.41/0.96 0.38/0.57/0.81 0.49/0.54/0.58

Tribunal Weights  0.21/0.00/0.66 0.00/0.01/0.99 0.00/0.37/0.62

Output Hateful (0.81) v/ Hateful (0.81) v/ Harmful(0.56) v/

5.5 Case Study: Visualizing the Expert
Tribunal

Table 5 visualizes the Instance-Level Expert Tri-
bunal to demonstrate how SAGE arbitrates evi-
dence across modalities. We reference Zero Cross-
ing Rate (ZCR) and RMS energy to validate acous-
tic noise (Das et al., 2023; Wang et al., 2024b).
(A) Synergistic Evidence Aggregation. The
video conveys hate through both racial slurs (Text)
and violent imagery (Visual), while the audio re-
mains calm. SAGE demonstrates synergistic rea-
soning by assigning high weights to both Lin-
guistic and Visual experts, effectively aggregat-
ing complementary evidence while silencing the
non-informative Acoustic expert. (B) Robustness
against Acoustic Noise. This scenario involves
high-energy acoustic noise (high ZCR/RMS) that
mimics aggression. Despite this interference, the
Tribunal correctly identifies the audio as noise
rather than evidence. It assigns a decisive weight
(0.99) to the Linguistic expert (containing explicit
hate), proving its robustness in filtering out mis-
leading high-energy signals. (C) Collaborative
Evidence Reinforcement. In this scenario, hate is
distributed across modalities with moderate inten-
sity. Both the acoustic and linguistic experts detect
potential hate with comparable confidence, while
the visual modality remains ambiguous. The Tri-
bunal executes collaborative reinforcement: instead
of relying on a single dominant view, it assigns sig-
nificant weights to both text (0.62) and audio (0.37)

to cross-validate the decision, while silencing the
non-contributing visual.

6 Conclusion

In this work, we address the critical challenge of
feature dilution in multimodal hateful video de-
tection. We propose SAGE, a novel framework
that shifts the paradigm from static feature mix-
ing to dynamic evidence arbitration. By concep-
tualizing the detection process as a committee of
disentangled experts, SAGE enables synergistic de-
liberation to capture cross-modal context without
compromising semantic independence, followed by
an instance-level tribunal that dynamically weighs
evidentiary salience. Extensive experiments on the
HateMM and MHClip benchmarks demonstrate
that SAGE establishes new state-of-the-art perfor-
mance on both binary and fine-grained classifica-
tion tasks. Our analysis confirms that SAGE effec-
tively resolves semantic dissonance, successfully
identifying hate speech even when hidden in a sin-
gle modality. Furthermore, SAGE offers a highly
efficient alternative to resource-intensive LLMs,
providing a robust and cost-effective solution for
real-time content moderation. We hope the de-
sign principles of “disentangle-then-arbitrate” offer
valuable insights for future multimodal research.

Limitations

Despite achieving state-of-the-art performance,
SAGE has limitations that warrant further explo-
ration. First, regarding expert initialization, we
employ three independently pre-trained encoders
(RoBERTa, MFCC, VideoMAE) to ensure dis-
entangled profile representation. While this pre-
serves modality specificity, the inherent seman-
tic heterogeneity between these disparate feature
spaces poses challenges for perfect alignment. Fu-
ture work could explore initializing experts with
jointly pre-trained backbones or employing non-
linear manifold mapping to bridge the semantic
gap more effectively without sacrificing expert in-
dependence. Second, regarding the comparison
paradigm, due to the scarcity of domain-specific
video data and computational constraints, our eval-
uation of MLLM was limited to zero-shot infer-
ence. While this setting partially highlights the
efficiency advantages of SAGE, it does not fully
exploit the potential of MLLMs, as more sophisti-
cated prompting strategies or fine-tuning may yield
stronger performance. Future research could inves-



tigate knowledge distillation techniques to transfer
the complex reasoning capabilities of MLLMs into
the lightweight SAGE framework, combining the
best of both paradigms (deep reasoning and infer-
ence efficiency).

Ethical Considerations

Our research aims to mitigate the dissemination
of hateful videos and reduce their societal harm.
However, the deployment of automated moderation
tools warrants strict ethical scrutiny. First, regard-
ing data privacy, we use established public bench-
marks (HateMM, MHClip) solely for academic
research purposes and strictly adhere to their data
usage licenses. Second, regarding algorithmic fair-
ness, we acknowledge that multimodal models risk
learning spurious correlations between toxicity and
specific demographics (e.g., dialects or skin tones).
While SAGE’s expert-based arbitration enhances
interpretability, we advocate using the model as
a triage tool to assist rather than replace human
moderators, minimizing the risk of suppressing
protected speech or marginalized voices. Finally,
to address the potential psychological impact of ex-
posure to hateful audio-visual content, we provide
regular psychological counseling for researchers
involved in qualitative analysis.
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A Problem Definition

We formulate hateful video detection as a multi-
modal multi-class classification task. Let D =
{v;}}¥., denotes a dataset containing N videos.
For each video instance v;, we extract three dis-
tinct modalities: textual features 7; (derived from
titles, descriptions, and ASR transcripts), acous-
tic features A; (sampled audio frames), and visual
features I; (sampled video frames). The objec-
tive is to learn a mapping function F' that predicts
the semantic label ¢; from a pre-defined label set
Y ={ec,ca,...,cx}, where K denotes the num-
ber of classes.

Formally, given an input tuple (75, A;, I;), the
model estimates the posterior probability distribu-
tion over the class space ). The predicted label
7; is obtained by selecting the class with the maxi-
mum likelihood:

9; = argmax P(c | T;, A;, 1;;©)  (10)
cey

where © denotes the set of learnable parameters of
the SAGE framework.

B End-to-End Optimization Objective

We introduce a comprehensive end-to-end train-
ing objective to optimize the SAGE framework. To
ensure a robust and unbiased tribunal, our loss func-
tion is designed to achieve three goals concurrently:
accurate final arbitration, competent individual ex-
perts, and fair expert utilization.

Let D = {(v®,y)}N, denote a training
batch, where 3% is the ground-truth label. The
total objective L is defined as a weighted sum of
the arbitration loss, expert supervision loss, and a
fairness regularization term:

N

£= 03 (L8 e A £, ). D)
i=1

where Aeyp, and Agj, are hyperparameters that con-

trol the trade-off between different objectives.

The primary objective is to minimize the error
of the final arbitrated decision (9. We employ the
standard Cross-Entropy (CE) loss:

£, = Lon(GW,y). (12)

Optimizing this term guides the tribunal to dy-
namically weigh multimodal evidence for correct
classification.

To prevent experts from free-riding (i.e., rely-
ing solely on cross-modal context without learning
distinctive profile features), we enforce explicit su-
pervision on each expert’s independent prediction

0

£i= > Lop) y?).
me{T,A,T}

(13)

This constraint ensures that every expert remains
individually discriminative, providing high-quality
testimony for the tribunal.

A common issue in dynamic gating mechanisms
is modal collapse, where the model over-relies on a
dominant modality (e.g., vision) while suppressing
others. To prevent such bias and encourage diverse
expert participation, we introduce a fairness reg-
ularization term (also known as a load-balancing
loss (Shazeer et al., 2017)):

Liw= .

me{T,A,I}

gy £ a4

Here, g,(qi) denotes the tribunal weight assigned to
expert m, and fé? represents the utilization fre-

quency (load) of that expert within the batch.



Minimizing this term penalizes extreme imbal-
ances in expert usage, encouraging the tribunal to
consult all experts fairly rather than developing a
static bias toward a single modality.

C Dataset

In our experiments, we evaluated the performance
of our SAGE model on two available datasets,
HateMM (Das et al., 2023) and MultiHateClip
(Wang et al., 2024b), and conducted comprehen-
sive comparisons against a range of baseline mod-
els. The statistical information of the dataset is
shown in Table 6 .

Table 6: Summary of dataset in our experiments. H:
Hateful, O: Offensive, N: Normal.

Dataset Language H (0 N Total
HateMM  English 428 - 652 1080

. Chinese 100 168 571 839
MHClp  pootish 67 190 573 830

HateMM The HateMM dataset comprises 1083
videos from BitChute, manually labeled as Hate
or Non-Hate, and serves as a foundational dataset
for researches on hateful video detection tasks. Ad-
ditionally, the dataset includes temporal segments
identifying when hateful content occurs (hate snip-
pet), along with annotations specifying the target
of hatred (target).

MHClip The multilingual MultiHateClip dataset
provides fine-grained annotations for hateful video
analysis by introducing an Offensive label. It con-
tains a total of 2,000 videos, 1,000 from YouTube
(denoted as MHClip- YouTube) and 1,000 from Bili-
bili (denoted as MHClip-Bilibili). Each video is
annotated with Hateful, Offensive or Normal. In ad-
dition to specifying the hate snippet and the target,
the dataset also identifies the particular modality in
which the hateful content appears.

Task Specification For binary classification task,
we use both the HateMM and MHClip dataset to
comprehensively test the model’s performance. For
the MHClip dataset, we merge the Offensive and
Hateful labels into a single category Harmful while
retaining the Normal label unchanged. To validate
the effectiveness of SAGE method on fine-grained
labels, we additionally performed a three-class clas-
sification experiment exclusively on MHClip (Bili-
bili and YouTube) dataset and the label used are
Hateful, Offensive and Normal.

D Baselines

During our experiments, we selected a total of 14
widely adopted hateful content detection methods,
covering unimodal, multimodal, and LLM-based
models, to evaluate their performance in hateful
video detection.

Unimodal hateful video detection model

e mBert (Devlin et al., 2019): BERT has been
proven to exhibit high efficiency and superior per-
formance in hateful speech detection (Mozafari
et al., 2019). For the textual content of videos,
after feature extraction via BERT, we take the
[CLS] token as the global representation of the
text and subsequently feed the textual feature into
an MLP with two FC layers for classification.

e MFCC (Davis and Mermelstein, 1980): MFCC
has been widely used to characterize audio sig-
nals and serves as an effective input for both
traditional and deep learning models (Yousefi
and Emmanouilidou, 2021). For each audio, we
extract a 128-dimensional MFCC feature as its
audio representation, and feed the feature into an
MLP with two FC layers for classification.

* ViViT (Arnab et al., 2021): ViViT performs
global modeling on video frames, effectively cap-
turing long-term temporal and spatial dependen-
cies to enhance classification performance. We
take the [CLS] token as the global feature repre-
sentation and feed the feature into an MLP with
two FC layers for classification.

* LanguageBind (Zhu et al., 2023): LanguageBind
is a language-centric multimodal framework that
aligns multiple modalities into a unified linguis-
tic semantic space. Leveraging its strong cross-
modal alignment capability and its ability to take
video as direct input, we feed the extracted fea-
ture into a MLP with two FC layers for classifi-
cation.

Multimodal hateful video detection model

e HateMM (Das et al., 2023): The HateMM model
performs single-modal feature modeling through
dense layers and LSTMs, and subsequently con-
catenates the feature of the three modalities for
subsequent classification.

¢ Mo-Hate (Tomar et al., 2023): Mo-Hate is a
multimodal fusion approach based on a modi-
fied BART architecture. It leverages an attention



mechanism to systematically fuse textual, visual,
and acoustic information for hateful content de-
tection, while accounting for semantic, contex-
tual, and temporal dependencies.

* MHClip (Wang et al., 2024b): The MHClip
model performs single-modal feature modeling
via multiple FC layers, and subsequently con-
catenates the feature of the three modalities for
subsequent classification.

e HCCI1 (Koushik et al., 2025): The HCC1 model
utilizes HateXplain (Mathew et al., 2021), CLAP
(Elizalde et al., 2023), and CLIP (Radford et al.,
2021) for textual, audio, and visual feature ex-
traction, respectively, and subsequently employs
a simple fusion strategy for classification.

* MoRE (Lang et al., 2025): MoRE utilizes a joint
multimodal video retriever to retrieve contex-
tual knowledge, deploys context-enhanced multi-
modal experts tailored to the evolution of hateful
content, and integrates a sample-aware integra-
tion network for dynamic modality weighting.
This integrated architecture equips MoRE with
the ability to adapt to the evolving nature of hate-
ful content across multiple modalities.

LLM-based hateful video detection model

e Qwen-VL (Bai et al., 2023): A multimodal LLM
capable of processing both textual and visual
inputs. It leverages large-scale pretraining on
text-image pairs to generate rich semantic repre-
sentations, which can be directly used for hateful
content detection in videos.

e LLaMA-3.2 vision (Grattafiori et al., 2024): A
multimodal extension of LLaMA-3.2 that can
process both texts and images. By integrating
visual features from video frames with textual
information, it is capable of reasoning over mul-
timodal content and detecting hateful videos.

* Keye-VL (Team et al., 2025): A vision-language
model specifically designed for short-video un-
derstanding. It combines temporal modeling of
video frames with visual feature extraction and
textual context integration. By jointly reasoning
over visual, textual, and temporal cues, Keye-
VL can effectively detect subtle and context-
dependent hateful content.

* GPT-4 (Achiam et al., 2023): A text-only large
language model endowed with strong logical

and causal reasoning capabilities, comprehensive
cross-domain knowledge, and robust long-range
contextual understanding of sequential text.

¢ GPT-4V: A multimodal extension of GPT-4, ca-
pable of processing both text and video frames.
By combining textual and visual cues, GPT-4V
can analyze the full video content to detect hate-
ful elements, benefiting from its powerful reason-
ing and cross-modal understanding.

E Implementation Details

We randomly split the HateMM dataset into train-
ing, validation, and test sets with a ratio of 7:1:2.
For the MHClip dataset, we follow the original
data splitting strategy (Wang et al., 2024b) to en-
sure fair comparison with existing baselines. We
adopt the AdamW optimizer with a learning rate of
le-4, weight decay of 5e-5, and batch size of 16. A
linear warmup followed by cosine decay learning
rate scheduler is employed to stabilize training and
accelerate convergence. To assess statistical signif-
icance, we conduct a one-tailed paired t-test based
on results obtained from multiple random seeds,
comparing SAGE with each baseline model on the
test set. The results show highly significant dif-
ferences (p < 0.001), indicating that the model’s
performance is stable and reliable.

F Prompt Design

To leverage large language and vision-language
models for hateful video detection, we design task-
specific prompts that guide the models to ana-
lyze both visual frames and textual content. This
prompt-based adaptation allows the models to trans-
fer their general reasoning and multimodal under-
standing capabilities to our specific task without
task-specific fine-tuning.

For models that take modal information ex-
tracted from video as input, the designed prompts
are shown in Table 7.

Since Keye-VL directly takes raw video as input
while the other adopts extracted video information,
we have specifically designed two distinct prompts
to align the input format as shown in Table 8.

G Data Processing

Modality Extraction: For each video, we uni-
formly sample 16 frames to represent the visual
modality, ensuring balanced temporal coverage
while maintaining computational efficiency. For



Table 7: Example prompts used for Qwen-VL, LLaMA-
3.2, GPT-4 and GPT-4V in the hateful video detection
task. The prompt includes the textual features (in blue),
visual features (in ), the instruction question (in
green), and the generated outputs example (in ).

Inputs: Title, Description, Transcription, Video frames.

Binary Classification Prompt:

System: You are a video content moderation expert. Given
the textual and visual information of the video, your task is to
pinpoint any instances of hate speech, discrimination, or other
types of content that could be regarded as hateful.

User: Video with title:{Title}, description:{Description},
transcript:{ Transcript}; Visual content are shown in images:
{ }. Combine the video information above, de-
termine whether the video contains hateful content. If it is
hateful, output ‘Hateful’; if it is normal, output ‘Normal’.

Output:

Three-class Classification Prompt:

System: You are a video content moderation expert. Given
the textual and visual information of the video, your task is to
pinpoint any instances of hate speech, discrimination, or other
types of content that could be regarded as hateful.

User: Video with title:{Title}, description:{Description},
transcript:{ Transcript}; Visual content are shown in images:
{ }. Combine the video information above, de-
termine whether the video contains harmful content. If it is
hateful, output ‘Hateful’; if it is offensive, output ‘Offen-
sive’; if it is normal, output ‘Normal’.

Output:

the audio modality, we extract acoustic feature us-
ing the MFCC implementation from the torchaudio
library, delivering a lightweight but effective repre-
sentation of speech characteristics. Additionally, to
obtain high-quality transcribed text from the audio,
we adopt OpenAl Whisper Turbo, a large-scale
automatic speech recognition (ASR) model. This
choice achieves a balance between transcription
accuracy and computational efficiency, providing
reliable multilingual transcriptions to support tex-
tual analysis.

Encoder Configuration: For textual feature ex-
traction, we adopt ROBERTa (cardiffnlp/twitter-
xlm-roberta-base-sentiment-multilingual), with the
maximum text length fixed to 128, to obtain X1
with dpr = 768. For the audio modality, the feature
dimension is set to 128. We use an FFT window
length of 400, a hop length of 160, and 128 Mel
filter banks to extract Mel-frequency features, pro-
ducing audio representations X 4 with d4 = 128.
For the visual modality, the sampled video frames
are first augmented using random flipping, scaling,
and cropping to enhance robustness. Feature ex-

Table 8: Example prompts used for Keye-VL in the
hateful video detection task. The prompt includes the
video (in purple), the instruction question (in green),
and the generated outputs example (in ).

Inputs: Video.

Binary Classification Prompt:

System: You are a video content moderation expert. Given
a raw video, your task is to pinpoint any instances of hate
speech, discrimination, or other types of content that could be
regarded as hateful.

User: You receive a {Video} and need to determine whether
the video contains hateful content. If it is hateful, output
‘Hateful’; if it is normal, output ‘Normal’.

Output:

Three-class Classification Prompt:

System: You are a video content moderation expert. Given
a raw video, your task is to pinpoint any instances of hate
speech, discrimination, or other types of content that could be
regarded as hateful.

User: You receive a { Video} and need to determine whether
the video contains hateful content. If it is hateful, output
‘Hateful’; if it is offensive, output ‘Offensive’; if it is nor-
mal, output ‘Normal’.

Output:

traction is then performed using VideoMAE (MCG-
NJU/videomae-base), yielding visual representa-
tions X; with d; = 768.

H Additional Experiments

H.1 Three-class Classification Task

To further evaluate the detection performance of
SAGE on hateful videos, we additionally con-
ducted experiments on the three-class classifica-
tion task using the MHClip dataset with fine-
grained annotations. The performance of all mod-
els on MHClip-YouTube and MHClip-Bilibili is
presented in the Table 9 and Table 10.

The experimental results demonstrate that when
extending from binary classification to fine-grained
three-class classification task, the performance of
all models undergoes a significant decline. This is
primarily due to the fact that fine-grained classifica-
tion requires models to possess more robust infor-
mation integration and more refined discriminative
capabilities. Nevertheless, the relative performance
hierarchy of the models in the three-class task re-
mains consistent with the basic conclusions we
observed in the binary classification experiments.
Notably, some baseline models have almost com-
pletely lost their ability to detect Hateful content,
often misclassifying it as Offensive, indicating fun-



Table 9: Experimental results of all baselines and our proposed SAGE on MHClip-YouTube dataset for ternary
classification. T: Text, A: Audio, I: Image, V: Video. H: Hateful, O: Offensive. The best results are in bold and the

second-best are underscored.

Type \ Model |  Modality | MHClip-YouTube
\ T A1 V| Acc M-F1 F1H) R@#H) PH) F1(0) R@©O) PO)
mBert v 0.7063 0.3478 0.0000 0.0000 0.0000 02222 0.1471 0.4545
Uni- MFCC v 0.7000 0.2916 0.0000 0.0000 0.0000 0.0526 0.0294 0.2500
Modal ViViT v [ 06875 04152 0.1111 0.0833 0.1667 0.3214 0.2647 0.4091
LB v'| 07063 0.2935 0.0000 0.0000 0.0000 0.0541 0.0294 0.3333
HateMM v v v 07063 04079 0.0000 0.0000 0.0000 03939 0.3824 0.4062
Multi. Mo-Hate v v v | 07188 05420 03333 0.5000 02500 0.4528 0.3529 0.6316
Modal MHClip v v v 07125 04509 0.1111 0.0833 0.1667 0.4138 0.3529 0.5000
HCC1 v v v 07125 03531 0.0000 0.0000 0.0000 02273 0.1471 0.5000
MoRE v v v 07000 04925 02069 0.1200 0.7500 0.4155 0.4604 05161
Qwen-VL7B | v v | 05319 04189 02222 02727 0.1875 03516 0.5517 0.2581
MLLM | FLaMA32VLIB | v v 106950 04754 02353 01818 03333 03492 03793 0.3235
Keye-VL 8B v'| 07086 0.4578 03158 02727 0.3750 02326 0.1562 0.4545
GPT-4 v 0.6809 05018 0.2500 0.2727 0.2308 0.4167 05172 0.3488
GPT-4V v v 07021 05581 03636 03636 03636 04737 0.6207 0.3830
Ours | SAGE v v v | 07500 0.6127 04706 0.3333 0.8000 0.5278 0.5588 0.5000

damental limitations in their capacity to distinguish
the boundary between Hateful and Offensive. In
contrast, the SAGE model still maintains robust
overall performance and outperforms all baseline
models in terms of Accuracy and Macro-F1 score.

H.2

In this section, we will discuss the effects of two
key hyperparameters on model performance: the
number of iterations L in the global expert delibera-
tion module and the value of K in the Top-K expert
selection within instance-level expert tribunal and
decision module. The experimental results on the
HateMM dataset are shown in Table 11.

Since the two modules in SAGE are independent
of each other, we evaluate their impact on model
performance by varying one hyperparameter while
keeping the other fixed. The analysis is divided
into two parts: the effect of L and the effect of K.

Effect of L: With K fixed at 2, the results show
that when L = 2, the model achieves optimal per-
formance while maintaining a moderate parameter
size. When L = 1, the global expert deliberation
module contains only a single layer, resulting in
insufficient cross-modal fusion and a subsequent
drop in performance. In contrast, when L = 3,
multiple global expert deliberation layers may in-
duce modality interference and noise accumulation,
which amplify noise across all modalities, impair-
ing modal discriminative ability and diminishing
generalization performance.

Hyper-Parameter Analysis

Effect of K: With L fixed at 2, the model at-
tains optimal performance when K = 2. Setting
K =1 (i.e., only a single expert is selected) results
in inadequate decision-level fusion and may lead to
the loss of complementary cues from other neutral
or potential hateful modalities. Although K = 3
theoretically enables the utilization of more modal
information, in practice, noise accumulation and
cross-modal interference may elevate misclassifi-
cation rates and degrade overall performance.

Overall, a moderate number of global expert de-
liberation layer and an adaptive expert selection
strategy achieve an effective balance between in-
formation utilization and noise robustness.

H.3 Error Analysis

Although SAGE demonstrates strong performance
in binary classification, it still faces challenges in
fine-grained three-class classification, particularly
in distinguishing between Offensive and Hateful
content. Errors mainly arise from unclear bound-
aries between Offensive and Hateful. In addition,
the model sometimes fails to effectively correct
biases in expert predictions.

Case A is essentially normal content objectively
discussing a sensitive topic. However, the model
incorrectly classifies it as offensive because the vi-
sual expert dominates the decision with a weight
of 0.57, assigning the highest offensive probability
(0.51). In contrast, the audio modality is discarded,
and the textual expert’s hateful cues are underuti-



Table 10: Experimental results of all baselines and our proposed SAGE on MHClip-BiliBili dataset for ternary
classification. T: Text, A: Audio, I: Image, V: Video. H: Hateful, O: Offensive. The best results are in bold and the

second-best are underscored.

Type \ Model |  Modality | MHClip-BiliBili
\ T A1 V| Acc M-F1 F1H) R@#H) PH) F1(0) R@©O) PO)
mBert v 0.6852 0.3982 0.0952 0.0556 03333 02917 0.2188 0.4375
Uni- MFCC v 0.6605 0.2822 0.0000 0.0000 0.0000 0.0526 0.0312 0.1667
Modal ViViT v 106914 03416 0.1000 0.0556 0.5000 0.1053 0.0625 0.3333
LB V| 0.6852 05030 0.4444 03333 0.6667 02545 02188 0.3043
HateMM v v v | 06975 04288 0.1000 0.0556 0.5000 03704 03125 0.4545
Multi. Mo-Hate v v v | 07160 04725 0.1730 0.1111 04000 0.3934 0.3750 0.4138
Modal MHClip v v v 07037 04057 0.1000 0.0556 0.5000 0.2857 02188 0.4118
HCC1 v Vv | 06667 04039 02400 0.1667 04286 0.1702 0.1250 0.2667
MoRE v v v 07076 05620 04117 03589 04827 04354 04500 0.4218
Qwen-VL7B | v v | 05062 04260 0.2927 03333 02609 03333 0.5312 0.2429
MLLM | FLaMA32VLIB | v v 106111 04734 02667 02222 03333 03913 0.5625 0.3000
Keye-VL 8B v/ 0.6975 03434 0.0952 00556 0.3333 0.1111 0.0625 0.5000
GPT-4 v 0.5988 0.4951 03077 0.2222 0.5000 0.4505 0.7812 0.3165
GPT-4V v v 06481 0.6019 0.5882 0.5556 0.6250 0.4554 0.7188 0.3333
Ours | SAGE v v v | 07469 05676 03077 02222 0.5000 0.5278 0.5938 0.4750

Table 11: The impact of the global expert diliberation
layer IV and the selected experts counts K in the ex-
pert gating mechanism on model performance on the
HateMM dataset. Para: Parameters without encoders.
The best results are highlighted in bold.

Fixed Variable | ~ Variable | Value | Acc M-FI M-P  M-R Para

N 0.8433 0.8356 0.8371 0.8343 16M
N 0.8710 0.8628 0.8711 0.8572 28M
N=3] 08571 0.8531 0.8497 0.8597 4IM
K
K
K

Iteration
Number N

Selected Experts
Count K=2

W | =

0.8479 0.8371 0.8492 0.8301 28M

Iteration
Number N=2

Selected Experts

0.8710 0.8628 0.8711 0.8572 28M
Count K

0.8618 0.8537 0.8593 0.8495 28M

winjn
Wl | —

lized. As a result, the model confuses objective
references to sensitive vocabulary with genuine of-
fensive intent. Case B corresponds to offensive
content containing mixed and relatively weak hate
signals, where the intent is closer to provoking pub-
lic discussion rather than promoting targeted hatred.
Nevertheless, the model misclassifies it as hateful
because text contains hateful topic ‘racism’. Equal
weights amplify the textual expert’s slight bias to-
ward the hateful category and the visual expert’s
ambiguous judgment, while the audio modality,
which could have provided useful discriminative
cues, is discarded. Case C is intrinsically hateful
with explicit racial hate speech. All three experts
lean toward offensive, which results in the final
prediction being offensive regardless of how the
weights are allocated. Consequently, fused biased
expert judgments made the model overlook the core
hateful nature and misclassify it as Offensive.

Table 12: Examples of misclassifications by the SAGE
on MHClip-YouTube dataset. Each expert’s decision
in the three-class setting is shown in the format m :
N/O/H,wherem € {T, A, I'}. Component: Modality-
level harmfulness, and GT: Ground Truth.

Hatefulness (A) GT: Normal (B) GT: Offensive (C) GT: Hateful

Vision

[

NI o

MMMM.M.
Audio . . ‘ . PSargis
‘ ! ‘ ‘ ’ |
accused of sexual do wonyong have all white people are
misconduct...that princess syndrome? lots racist,period point
Text cruelty and of fans are accusing her ~ blank end of story. you

misogyny...and it was of racism and choleism can’t be white and not
horrifying...,
Text, Audio

1:0.15/0.51/0.34

Expert Diagnosis  A:0.24/0.36/0.40

T:0.17/0.35/0.48
0.57/0.00/0.24

Offensive

racist..

Text, Audio
1:0.21/0.65/0.14
A:0.16/0.43/0.41
T:0.21/0.57/0.22

0.00/0.37/0.32

Offensive x

Text, Audio, Image
1:0.25/0.38/0.37
A:0.25/0.36/0.39
T:0.29/0.32/0.39

0.37/0.00/0.37
Hateful x

Component

Tribunal
Weights
Output
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