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Abstract

Hateful video detection is a critical task for
maintaining a healthy online ecosystem. How-
ever, existing methods are limited in their abil-
ity to deeply comprehend hateful semantics in
videos and lack an effective mechanism for han-
dling ambiguous cases near the decision bound-
ary, making implicit hate detection particularly
challenging. In this work, we address these lim-
itations through both internal meaning forma-
tion from the video itself and external evidence
consultation, and propose a novel framework,
HATELENS. Internally, we design perception-
to-cognition reasoning to perceive multimodal
cues, perform cognition-level deep understand-
ing, and progressively construct structured hate-
ful meaning. Externally, we propose a test-time
retrieval and adaptation mechanism to provide
richer local evidence to help disambiguate im-
plicit hate, which operates on fused multimodal
representations to exploit annotated precedents.
Extensive experiments on four public datasets
demonstrate that our method achieves state-of-
the-art performance, with macro-precision im-
provements of up to 16%. The code of our
project is available at https://github.com/
JunyiChen-ai/HATELENS.

Warning: This paper contains content that may
be disturbing to some readers.

1 Introduction

The proliferation of short-form video platforms
such as YouTube Shorts, TikTok, and Bilibili has
created new vectors for the dissemination of hateful
content (Das et al., 2023; Wang et al., 2024a; Lang
et al., 2025; Jing et al., 2025). Unlike text-only hate
speech, hateful videos embed harmful messages
across multiple modalities (e.g., visual imagery,
spoken language, on-screen text, and audio cues),
making them particularly challenging to detect and
moderate (Kiela et al., 2020; Lang et al., 2025;
Mathew et al., 2021).
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Figure 1: Illustration of two critical challenges in hate-
ful video detection. (1) Hate Understanding: It requires
structured semantic decomposition of hateful meaning
in videos, instead of surface-level multimodal cue identi-
fication. (2) Ambiguity Resolution: Hate expressions in
videos are often implicit, rendering a substantial portion
of hateful samples ambiguous and distributed along the
decision boundary.

Previous methods address hateful video detec-
tion through multimodal feature fusion, where rep-
resentations from different modalities are extracted
using pretrained encoders and combined via at-
tention mechanisms (Das et al., 2023; Céspedes-
Sarrias et al., 2025; Tsai et al., 2019), mixture-of-
experts architectures (Lang et al., 2025), or graph-
based fusion (Yue et al., 2025). More recently,
MLLMs have been explored in hateful video de-
tection (Jing et al., 2025; Yang et al., 2025), typ-
ically through chain-of-thought (CoT) prompting
that first interprets visual and textual elements and
then produces a final judgment. Despite these ad-
vances, two key limitations remain insufficiently
addressed.

C1: Missing structural understanding of hate-
ful meaning. Hateful meaning in videos is rarely
conveyed by isolated modality cues. Instead, it of-
ten emerges from the contextual relations among
multimodal cues, requiring structured semantic de-
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composition for proper interpretation. As illus-
trated in Fig. 1 (a), understanding hate requires
moving beyond surface-level cues to semantically
understand where the supporting evidence appears,
what hateful content is expressed, who is targeted,
and why it is hateful. Existing multimodal fusion
methods can encode multimodal cues, but they
typically aggregate these cues into holistic repre-
sentations directly without explicitly decomposing
the hateful meaning they convey. As a result, the
learned global representations tend to encode sur-
face correlations rather than transferable hate se-
mantics, limiting their generalizability to evolving
hateful videos. Recent MLLM-based approaches
(Jing et al., 2025; Yang et al., 2025, 2026) partially
improve reasoning capability, yet they still mainly
rely on surface-level descriptions and free-form
reasoning rather than structured semantic decom-
position for hate interpretation.

C2: Missing intervention mechanisms for re-
solving ambiguous cases. As illustrated in Fig. 1
(b), some implicit hateful videos lie near the deci-
sion boundary and are difficult to distinguish from
normal content. This suggests that general global
representations learned during training are insuf-
ficient to reliably resolve such cases without ad-
ditional external intervention. Although retrieval-
based methods (Lang et al., 2025) introduce ex-
ternal evidence from similar annotated cases, they
typically rely on early multimodal features with
manually designed modality weights, causing re-
trieved neighbors to be surface-similar rather than
decision-relevant.

To alleviate these challenges, we propose HATE-
LENS, a new method inspired by structured sense-
making (Weick, 1995), which organizes frag-
mented observations into coherent interpretations,
and case-based reasoning (Aamodt and Plaza,
1994), which resolves uncertain cases through sim-
ilar annotated precedents. Specifically, HATELENS

advanced hateful video detection through internal
meaning formation and external ambiguity reso-
lution. The P2C Generator leverages the MLLM
to transform multimodal observations into a struc-
tured perception-to-cognition reasoning schema,
summarizing where the evidence appears, what
hateful content is expressed, who is targeted, why
it is hateful, and how it may promote hostility. The
Schema-guided Modality Router then fuses raw
multimodal features with this structured reason-
ing schema to obtain discriminative feature rep-
resentations. Finally, the Whitened Neighbor In-

terpolator performs test-time decision calibration
for ambiguous cases by retrieving annotated prece-
dents in a geometry-conditioned fused representa-
tion space and interpolating their label distribution
with the classifier output. Compared with prior
retrieval-based methods that rely on early multi-
modal features and manually specified modality
weights, our interpolator retrieves neighbors that
are more aligned with the final decision seman-
tics, providing local evidence beyond surface-level
similarity. Our contributions are summarized as:

• We propose a new paradigm for hateful video
detection, formulating the task as evidence-
grounded decision formation from both inter-
nal and external environments.

• We introduce the P2C Generator, which uses
an MLLM to transform internal multimodal
observations into a structured interpretive
schema through perception-to-cognition rea-
soning.

• We propose the Whitened Neighbor Interpola-
tor, a geometry-conditioned test-time retrieval
module that refines ambiguous decisions with
external annotated precedents that are more
closely aligned with the final prediction space.

• Extensive experiments are conducted on four
datasets across two languages, achieving state-
of-the-art results with detailed analysis of both
reasoning quality and retrieval effectiveness.

2 Method

Problem Formulation. Let q denote a video on
online platforms. Each video q is represented by
its multimodal content, including textual (t), vi-
sual (v), and audio (a) modalities. For each video,
we extract textual, visual, and audio information.
Specifically, for the textual modality t, we extract
the video title and description; for the visual modal-
ity v, we uniformly sample n frames from the
video, denoted as v = {v1, . . . , vn}; and for the
audio modality a, we obtain a global transcript ta
using automatic speech recognition. The goal of
hateful video detection is to determine whether a
video q contains hateful content by jointly model-
ing the modalities t, v, and a.

Overview. The overall framework of HATELENS

is illustrated in Fig. 2. Following the formulation
in the introduction, HATELENS decomposes hate-
ful video detection into internal meaning formation
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Figure 2: Overview of the HATELENS framework. Given a short video, (1) the P2C Generator prompts an MLLM
through a perception-to-cognition CoT to produce a structured reasoning schema encoding where the evidence
appears, what the hateful content is, who the target is, why it is harmful, and how it may cause harm; (2) the
Schema-guided Modality Router fuses raw multimodal features with the interpretive schema via multi-head gated
routing, yielding discriminative representations; (3) the Whitened Neighbor Interpolator geometry-conditions
these representations via covariance whitening and retrieves the k nearest annotated neighbors at inference time,
interpolating their labels with the classifier output to resolve ambiguous predictions.

over the input video and external precedent consul-
tation over annotated training cases. The pipeline
follows a perception-cognition-response process:
it first observes the video, organizes the observa-
tions into a structured interpretive schema, and then
predicts the label with support from similar cases.
The framework consists of three modules. (1) The
P2C Generator prompts the MLLM to transform
scene-level perception into a structured interpre-
tive schema, including where the evidence appears,
what hateful content is expressed, who is targeted,
why it is harmful, and how it may promote hateful
activity. (2) The Schema-guided Modality Router
fuses multimodal features with the generated inter-
pretive schema to produce discriminative represen-
tations. (3) The Whitened Neighbor Interpolator
performs gradient-free test-time adaptation by re-
trieving annotated nearest neighbors in a whitened
representation space and interpolating their label
evidence with the classifier output to support am-
biguous cases.

2.1 P2C Generator

To address the challenge of structurally interpret-
ing hateful videos, we design the P2C Genera-
tor to mimic the evidence-building process of hu-
man annotators in hateful video assessment: from
perception of multimodal content, to cognition
about targets and harms, and then to an evidence-
supported answer. This design provides a struc-
tured alternative to conventional multimodal fusion,
which often maps observable features directly to

labels, and to generic MLLM prompting, which
may stop at surface description or reason from an
implicit judgment without explicit decomposition.
Specifically, P2C prompts the MLLM to reason
within <think>...</think> tags and summarize
the perception-to-cognition process into structured
interpretive fields in <answer>...</answer> tags.
The full prompt is provided in Appendix D.5. The
workflow contains the following three stages.
Stage 1: Perception. Given video information
t, ta, v, P2C first asks the MLLM to observe what is
directly perceivable rather than make an immediate
label judgment. It performs scene-level perception
through Scene and Context Description (Step 1),
which summarizes the environment, participants,
visible text, symbols, and overall activity, and cue-
level perception through Hateful Cues Description
(Step 2), which identifies verbal, textual, visual, or
symbolic cues that may indicate hateful expression.
Stage 2: Cognition. After acquiring sufficient
surface-level information, humans conduct reason-
ing based on the perceived cues and infer possible
consequences. In hateful video assessment, this
process moves from shallow to deep understand-
ing: it first identifies who or what is being targeted,
if anyone, and explains the type of attack involved,
such as insult, harassment, or humiliation, which
we term Target and Attack Identification (Step 3);
it concludes with Contextual Harm and Norm Rea-
soning (Step 4), which explains why the content
should be considered hateful in context.
Stage 3: Answer. After completing the reasoning
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process, the MLLM is expected to provide a short
structured summary related to the key evidential di-
mensions of hateful content in the video, including
the classification label, the spatio-temporal-audio
key evidence (where, e), a description of the hate-
ful content (what, w), the target (who, τ ), the rea-
son (why, r) for this classification, and how (o) it
may promote hateful activity and cause harm.

Note that all three stages are completed within a
single prompt call.

2.2 Schema-Guided Modality Router
Modality routing has been shown to be an effective
fusion paradigm for multimodal feature integration
(Vaswani et al., 2017; Tsai et al., 2019). In this
regard, we view the structural fields returned by
the MLLM (i.e., e, w, τ , r, and o) as a reasoning
schema that can more effectively guide multimodal
fusion.

We map each modality input into latent features
using the corresponding off-the-shelf encoders, in-
cluding a pre-trained language model (LM), visual
transformer (VT), and audio transformer (AT), as:

ht = LM(t; ta) ,

hv = VT(v),

ha = AT(a),

(1)

where h∗ ∈ Rd denotes the extracted feature vector
after applying mean pooling, and ; denotes concate-
nation. Accordingly, we also encode the textual
structural fields separately using the same LM, re-
sulting in he/w/τ/r/o.

Subsequently, we fuse the eight resulting feature
vectors using a multi-head gated routing mecha-
nism:

α(j)
m =

exp(fj(hm))∑
m′∈M exp(fj(hm′))

,

g(j) =
∑

m∈M
α(j)
m hm,

(2)

where M = {t, v, a, e, w, τ, r, o}. The final repre-
sentation is formed by concatenating the outputs
of all routing heads with a mean-pooled modality
summary, and is then passed through a classifica-
tion MLP:

ḡ = MLP([g(1); . . . ; g(H)])

pcls = MLP (ḡ) ,
(3)

where ḡ is the fused representation and pcls ∈ R2

denotes the predicted probability distribution over
the hateful and normal classes for the input video.
The model is trained with the cross-entropy loss.

2.3 Whitened Neighbor Interpolator
In the video setting, hateful expression can be
highly diverse and implicit, making the general
representations learned during training less reliable
for capturing such cases at inference time. To ad-
dress this, we propose leveraging training samples
with similar fused features and annotated ground
truth to sharpen the decision boundary. This de-
sign mirrors content moderation practice, where
moderators learn general policies but consult prior
precedent cases for difficult judgments (Klonick,
2018; Clarke et al., 2023; Snell et al., 2017). Specif-
ically, we split this into two steps.
Geometric Conditioning. Previous methods
(Lang et al., 2025; Lewis et al., 2020; Karpukhin
et al., 2020) for multimodal retrieval typically
operate directly on the initially extracted multi-
modal features with manually configured modal-
ity weights. This is problematic for two reasons.
First, such designs are difficult to adapt to dynami-
cally varying cases. Second, the initial features are
not sufficiently discriminative for the final classi-
fication objective, which limits the usefulness of
the retrieved cases for informing decisions. This
motivates us to instead leverage the fused penul-
timate representations ḡ. However, these repre-
sentations combine heterogeneous sources, includ-
ing raw multimodal features and LLM-derived rea-
soning, which results in an anisotropic embedding
space where distances become unreliable (Yi et al.,
2025; Tsukagoshi and Sasano, 2025; Gao et al.,
2019). To enable meaningful decision semantic-
based retrieval, we apply covariance-based whiten-
ing:

ĝ =
(ḡ − µ)Wwhiten

∥(ḡ − µ)Wwhiten∥2
, (4)

where µ is the training set mean and Wwhiten is
derived from shrinkage-regularized covariance esti-
mation (Yi et al., 2025). This conditioning ensures
that similarity computations reflect genuine seman-
tic proximity rather than artifacts of the heteroge-
neous feature geometry.
Retrieval and Interpolation. At inference,
we store whitened penultimate representations
{ĝi}Ni=1 from the training set along with their la-
bels. For a test sample with representation ĝtest, we
retrieve its k nearest neighbors and compute a soft
label distribution:

pkNN(y = c) =

∑
i∈Nk

⊮[yi = c] · κ(ĝtest, ĝi)∑
i∈Nk

κ(ĝtest, ĝi)
,

(5)
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where Nk denotes the k nearest neighbors and
κ(·, ·) = exp(sim(·, ·)) is a similarity kernel,
which enhances weights from more similar neigh-
bors. The final prediction interpolates the classifier
logits with the retrieval distribution:

pfinal = (1− α) · pcls + α · pkNN, (6)

where α is the trade-off parameter.

3 Experiments

3.1 Experimental Setup

Datasets. We evaluate our method on four hate-
ful video detection datasets: HateMM (Das
et al., 2023), MultiHateClip-Youtube (MHClip-Y),
MultiHateClip-Bilibili (MHClip-B) (Wang et al.,
2024a), and ImpliHateVid (Rehman et al., 2025).
We follow the data splits used in prior work (Lang
et al., 2025; Rehman et al., 2025) for fair evalua-
tion. Detailed dataset descriptions and statistics are
provided in Appendix B.
Baselines. We compare against baselines from
three categories: (1) Unimodal: BERT (Devlin
et al., 2019), ViViT (Arnab et al., 2021), MFCC
(Davis and Mermelstein, 1980); (2) Multimodal
fusion: Pro-Cap (Cao et al., 2023), HateMM (Das
et al., 2023), MHCL (Wang et al., 2024a), MoRE
(Lang et al., 2025), ImpliHateVid (Rehman et al.,
2025), CMFusion (Zhang et al., 2024); (3) MLLM-
based: MiniCPM-V (Yao et al., 2024), LLaVA-OV
(Li et al., 2024), Qwen2-VL (Wang et al., 2024b),
HVGuard (Jing et al., 2025). Details of baselines
are in Appendix C.
Metrics. Following previous work (Lang et al.,
2025; Jing et al., 2025), we report Accuracy (ACC),
Macro-F1 (M-F1), Macro-Precision (M-P), and
Macro-Recall (M-R). The best checkpoint and hy-
perparameter configuration selected on the valida-
tion set is then evaluated on the test set for perfor-
mance reporting.
Implementation Details. We use GPT-5.4-nano
as the MLLM backbone, with frozen BERT (De-
vlin et al., 2019), ViT (Dosovitskiy et al., 2021),
and WavLM (Chen et al., 2022) encoders for text,
visual, and audio features, respectively. The fu-
sion module uses H=4 routing heads with hidden
dimension h=192. For the interpolator, we set
(k, α) = (3, 0.3), (3, 0.5), (25, 0.1), (25, 0.5) for
HateMM, MHClip-Y/B, and ImpliHateVid based
on validation set. Further details and hyperparame-
ter analysis are in Appendix D and E.2.

3.2 Comparison with SOTA

Table 1 presents the main results, from which we
highlight three key observations. (O1): Multi-
modal fusion outperforms unimodal approaches,
as hateful expression may emerge across different
modalities that single-modality models cannot cap-
ture. (O2): Incorporating MLLMs into multi-
modal modeling further improves performance.
MLLM-based methods (e.g., HVGuard) can outper-
form feature-fusion baselines, and our method ex-
tends this advantage further by guiding the MLLM
through a structured perception-to-cognition pro-
cess that explicitly models evidence, targets, and
contextual harm. (O3): HATELENS achieves the
strongest performance across all four datasets
on all metrics. Compared with the best competitor,
HATELENS yields absolute accuracy gains of 3.7%,
7.3%, 9.6%, and 6.8% respectively, while its higher
precision and recall indicate more hateful content
detected with fewer false positives. These results
validate our paradigm of first examining videos
through progressively deeper perception and cogni-
tion, then consulting external cases to support the
final decision.

3.3 Ablation Study

Table 2 reports ablation results across four
datasets. Effect of P2C Generator. At the
answer level, removing individual fields (w/o
where/what/why/how) consistently degrades per-
formance, indicating that complete structural un-
derstanding is essential. At the prompting level,
restricting the pipeline to surface-level observation
(Perception only) or high-level reasoning (Cogni-
tion only) alone underperforms the full two-stage
design, confirming their complementary roles; sim-
ilarly, eliciting fields without the perception-to-
cognition decomposition (Generic prompt) or re-
placing our prompt with a describe-analyze-judge
pipeline (HVGuard CoT) both cause significant
drops. Effect of Schema-guided Router. Sub-
stituting our router with prior advanced fusion
methods (i.e., MoRE and HVGuard) leads to no-
table degradation, demonstrating that our schema-
conditioned routing more effectively integrates
LLM-derived reasoning with raw modality features.
Effect of Whitened Neighbor Interpolator. Re-
moving the interpolator entirely (w/o interpolation)
confirms the value of consulting annotated cases at
test time; removing only the whitening step (w/o
whitening) also hurts, as anisotropic representa-
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Table 1: Comparison with state-of-the-art methods on four hateful video detection datasets. Best results in bold,
second best underlined. ↑ indicates the improvement of HATELENS over the best baseline. a−b denotes a× 10−b;

HateMM MHClip-Y MHClip-B ImpliHateVid

Method ACC M-F1 M-P M-R ACC M-F1 M-P M-R ACC M-F1 M-P M-R ACC M-F1 M-P M-R

Unimodal Methods
BERT 69.1 63.7 70.1 64.0 65.5 49.1 55.2 52.2 72.5 67.7 68.4 62.8 75.2 75.2 75.3 75.2
ViViT 68.2 66.7 66.8 66.6 61.4 61.4 62.2 61.1 71.0 66.1 66.6 65.8 76.5 76.5 76.7 76.5
MFCC 65.4 60.3 64.1 60.7 46.5 47.2 58.8 52.2 63.1 52.5 54.1 53.0 70.0 70.0 70.1 70.0
Multimodal Fusion Methods

Pro-Cap 64.5 63.3 63.4 63.2 70.1 66.3 66.3 66.3 72.5 66.8 66.1 68.3 82.3 82.3 82.4 82.3
HateMM 76.0 72.8 77.9 72.0 71.5 63.2 68.3 62.6 71.0 61.8 66.5 61.4 76.6 76.5 76.8 76.6
MHCL 77.4 76.5 77.5 76.6 65.4 65.4 67.2 64.9 76.5 73.1 73.2 73.0 85.2 85.2 85.4 85.2
MoRE 83.4 82.4 81.8 83.3 77.5 75.2 75.7 74.8 78.5 74.8 75.7 74.1 84.8 84.7 85.4 84.8
ImpliHateVid 82.8 82.0 82.1 82.0 76.1 71.7 71.6 71.8 78.3 72.8 74.4 71.8 87.5 87.5 87.6 87.5
CMFusion 75.6 74.1 75.3 73.7 72.2 68.8 69.5 68.2 73.8 70.1 71.0 69.4 68.5 68.4 68.9 68.6
MLLM-based Methods

MiniCPM-V 72.4 72.3 77.8 76.4 69.1 67.4 69.3 67.4 73.5 73.2 72.0 73.0 77.5 77.5 77.6 77.5
LLaVA-OV 75.6 75.6 77.9 78.3 73.7 70.5 70.5 66.8 75.2 70.2 71.4 70.3 79.0 79.2 79.0 79.0
Qwen2-VL 73.7 73.7 78.1 77.3 70.5 66.8 66.8 66.7 73.3 74.0 73.9 72.9 73.4 74.9 73.5 73.4
HVGuard 87.9 87.5 87.3 87.6 79.8 76.2 77.0 75.6 79.6 75.6 76.0 75.3 86.0 86.0 86.1 86.0

HATELENS 91.6 91.4 91.0 91.9 87.1 84.0 85.9 82.6 89.2 85.6 92.0 82.5 94.3 94.3 94.4 94.3
↑ Improv. +3.7 +3.9 +3.7 +4.3 +7.3 +7.8 +8.9 +7.0 +9.6 +10.0 +16.0 +7.2 +6.8 +6.8 +6.8 +6.8
p-val 3.2−3 1.8−3 7.4−3 9.1−4 5.6−4 8.3−4 2.1−4 4.7−4 1.4−4 3.7−4 6.2−4 2.8−4 8.9−4 6.3−4 2.1−3 7.5−4

Table 2: Ablation study (%). ∆: mean ACC drop across
four datasets; darker shading indicates larger drop.

HateMM MH-Y MH-B ImpliHV

ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ∆

Full 91.6 91.4 87.1 84.0 89.2 85.6 94.3 94.3 —

P2C Generator
w/o what 87.4 86.7 82.1 77.0 86.6 83.0 91.3 91.3 −3.7
w/o where 87.9 87.3 82.8 79.8 84.7 83.1 92.8 92.8 −3.5
w/o why 87.6 87.0 82.2 78.4 85.4 84.0 92.3 92.3 −3.7
w/o how 87.1 86.2 81.9 76.6 84.7 82.2 92.8 92.8 −3.9
Perception only 87.9 87.4 80.9 75.1 83.5 80.9 91.8 91.8 −4.5
Cognition only 86.0 85.5 80.2 74.3 82.1 81.1 89.5 89.5 −6.1
Generic prompt 86.4 85.8 80.5 74.8 83.0 81.4 90.2 90.2 −5.5
HVGuard CoT 85.1 84.3 79.1 73.2 78.3 73.2 89.3 89.3 −7.6

Schema-guided Router
MoRE fusion 85.6 84.8 77.9 70.7 81.5 79.1 91.3 91.3 −6.5
HVGuard fusion 87.0 86.2 80.4 75.1 80.9 76.9 92.0 92.0 −5.5

Whitened Neighbor Interp.
w/o interpolation 87.0 86.4 80.4 75.4 86.0 82.9 91.0 91.0 −4.5
w/o whitening 88.4 87.7 81.0 74.9 85.4 82.2 93.5 93.5 −3.5
Pre-fusion retrieval 85.6 84.4 82.8 77.2 82.2 73.7 91.0 91.0 −5.2

tions yield unreliable neighbors. Finally, perform-
ing retrieval on raw pre-fusion features (Pre-fusion
retrieval) further degrades results, showing that re-
trieval quality critically depends on the discrimina-
tiveness of the embedding space.

3.4 P2C CoT Analysis

An effective MLLM-based CoT should exhibit two
properties: (1) the output reasoning should pro-
vide informative evidence that aids human decision-
making, and (2) the CoT design should generalize
across different MLLMs with consistent perfor-

Table 3: Explanation quality evaluated by GPT-4o (5-
point Likert).

Method Info. Sou. Per. Rea. Flu. Avg.

HVGuard 3.42 3.51 3.28 4.15 4.20 3.71
RAMF 3.38 3.45 3.35 4.02 4.21 3.68
MARS 3.41 3.34 3.57 3.96 4.18 3.69
Ours 4.12 4.05 3.92 4.28 4.21 4.12

mance gains.
Explanation Quality. We randomly sample 100
videos of each dataset and evaluate the reasoning
outputs from four methods using GPT-4o as an ex-
pert judge across five criteria: (1) Informativeness:
whether the explanation provides background and
context beyond surface description; (2) Soundness:
whether the reasoning is valid and logically coher-
ent; (3) Persuasiveness: whether the conclusion
is convincing; (4) Readability: whether the text
follows proper grammar and structure; and (5) Flu-
ency: whether the explanation flows smoothly with
well-connected ideas. Each criterion is rated on a
5-point Likert scale. The detailed judge prompt is
provided in Table 6 in the Appendix. We evalu-
ate this by comparing against HVGuard (Jing et al.,
2025), MARS (Yang et al., 2026) and RAMF (Yang
et al., 2025).

As shown in Table 3, our P2C reasoning achieves
the highest scores across all five criteria. This sug-
gests that the structured perception-to-cognition
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Figure 3: Generalizability of P2C CoT across different
MLLMs. Applying our CoT design consistently im-
proves performance over each MLLM’s default prompt-
ing across all four datasets.
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Figure 4: Interpolator gain by classifier confidence quar-
tile across four datasets. Gains are concentrated in low-
confidence bins.

decomposition produces more thorough and well-
grounded explanations compared to the describe-
analyze-judge paradigm.
Generalizability across MLLMs. To assess
whether our CoT design transfers across different
MLLMs, we apply the P2C prompt to three models
of varying scale: GPT-5.4-nano, Qwen2-VL (Wang
et al., 2024b), and LLaVA-OV (Li et al., 2024). As
shown in Figure 3, applying our P2C CoT consis-
tently improves each MLLM’s performance. This
confirms that the perception-to-cognition decom-
position is a generalizable design principle.

3.5 Interpolator Analysis

Correcting Hard Samples. To validate that the
Whitened Neighbor Interpolator addresses the de-
cision challenge on ambiguous content, we ana-
lyze where interpolator helps by binning test sam-
ples into quartiles based on the classifier’s predic-
tion confidence. As shown in Figure 4, interpola-
tor gains are overwhelmingly concentrated in low-
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Figure 5: Cross-dataset transferability comparison.
Solid/dashed lines show baselines with and without our
Whitened Neighbor Interpolator.

confidence bins. This pattern is consistent across
all four datasets, confirming that retrieval acts as tar-
geted decision support for ambiguous cases rather
than a uniform post-hoc adjustment.

Enhancement of Transferability. Hateful video
detection models are often trained on one plat-
form but deployed on another (Lu et al., 2019).
To evaluate cross-domain robustness, we conduct
exhaustive transfer experiments: for each of the
four datasets, we train on one (source) and directly
evaluate on the test set of another (target). We
mainly focus on the performance of the baselines
after plug-and-play integration of our interpolator
module, where training instances from the source
domain are used as the neighbor bank.

Figure 5 shows the transfer results for HateMM
↔ MHClip, with exhaustive transfer directions pro-
vided in Appendix E.5. We observe that after ap-
plying our interpolator module, the performance of
all baselines improves substantially. This provides
strong evidence that the interpolator can serve as
an effective test-time adaptation module across var-
ied contexts. Furthermore, when combined with
P2C reasoning, our method achieves the strongest
performance, benefiting from the complementary
strengths of both components and yielding a more
transferable decision boundary.
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who: Richard, accused of  trying to 
meet a 14-year-old boy. 
what: The video depicts an alleged 
predator and treats humiliation as fun. 
where: Cues come from commentary, 
top text, and image cues. 
why: It endorses humiliating the 
accused in a minor-related context. 
how: It may encourage harassment, 
stigma, and hostile treatment.

who: No target is clearly identified in 
the visible frames. 
what: No clear hateful or abusive visual 
content is shown here. 
where: Cues come from shelter 
handling and transcript/title only.
why: The visible evidence shows no 
explicit cruelty, humiliation, or hostility. 
how: The available frames alone do not 
demonstrate harmful expression.

Method
MoRE
HVGuard
ImpliHateVid
HATELENS

Pred.
Normal
Normal
Normal
Hateful

Method
MoRE
HVGuard
ImpliHateVid

Pred.
Normal
Normal
Normal
WNI: 

Hateful
HATELENS cls: 

Normal
0.167 0.833

Figure 6: Case study of two hateful videos. Reasoning
fields have been simplified for demonstration purpose.
The colored bar chart shows the KNN voting result.

3.6 Case Study

Figure 6 presents predictions for two representative
cases. In the first, the hateful expression is implicit
and all baselines fail to identify it. Our method suc-
ceeds by grounding the prediction in a structured
interpretive schema, which captures discrimina-
tive multimodal representations that surface-level
analysis misses. The second case is more chal-
lenging: all methods including ours initially pre-
dict non-hateful, as the hateful cues are too sub-
tle to be captured by MLLM-based reasoning or
multimodal-based feature fusion. Nevertheless, the
Whitened Neighbor Interpolator recovers the cor-
rect prediction at inference time by retrieving se-
mantically aligned annotated neighbors in the geo-
metrically conditioned embedding space to provide
local precedent evidence, whose majority vote over-
rides the classifier output. More case studies are
provided in Appendix E.8.

4 Related Work

The proliferation of harmful multimodal content,
such as manipulated media and multimodal misin-
formation, has attracted growing research attention
(Zhang et al., 2026a; Lian et al., 2026; Zhang et al.,
2026b). Among these threats, this work focuses on
hate speech conveyed through videos. Early hate
speech detection research mainly focused on text-
based settings, typically using traditional machine
learning classifiers (Davidson et al., 2017; Mathew
et al., 2021). With the rise of deep learning, increas-

ing attention has been devoted to hate detection
in multimodal settings, from the introduction of
image-text meme datasets (Kiela et al., 2020; Hee
et al., 2022) to more recent studies on hateful video
detection (Das et al., 2023; Wang et al., 2024a;
Rehman et al., 2025). For videos, most existing
work extends conventional visual-textual feature
fusion to three modalities, i.e., visual, textual, and
audio fusion, through different fusion mechanisms
(Céspedes-Sarrias et al., 2025; Zhang et al., 2024;
Lang et al., 2025; Yue et al., 2025; Rehman et al.,
2025; Zadeh et al., 2017). With the emergence of
LLMs, their strong reasoning capability has been
successfully applied across diverse domains (Chen
et al., 2025, 2026a; Lu et al., 2026b; Liu et al.,
2025; Jia et al., 2026; Chen et al., 2026b; Lu et al.,
2026a). Specifically, in the area of hateful video de-
tection, some studies have begun to explore differ-
ent prompting techniques with MLLMs, either by
generating rationales to assist the training of down-
stream conventional models (Jing et al., 2025; Cao
et al., 2023), or by directly performing zero-shot
inference (Yang et al., 2025, 2026). However, most
existing methods share two common limitations:
they do not provide a well-grounded understanding
of video content, but mainly model what is in the
video, and they lack an effective mechanism for
handling ambiguous cases involving implicit and
diverse hateful expression. In this work, we first
propose to internally understand videos through
a perception-to-cognition reasoning process, and
then resolve ambiguity by consulting annotated
precedents that provide meaningful local precedent
evidence.

5 Conclusion

In this work, we presented HATELENS, a dual-
perspective framework for hateful video detection.
In particular, we identify two key challenges: exist-
ing methods model surface-level features without
understanding how hateful meaning is formed, and
lack effective mechanisms for resolving the inher-
ent ambiguity of implicit hate. By addressing these
challenges, we arrive at two findings: (1) intro-
ducing a structured reasoning schema grounded in
explicit evidence about content, targets, and contex-
tual harm, into latent multimodal feature modeling
yields substantially more discriminative represen-
tations and largely boosts detection performance,
and (2) consulting annotated precedent samples at
inference time through geometry-conditioned re-
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trieval provides targeted correction for ambiguous
predictions near the decision boundary, a comple-
mentary benefit that neither parametric modeling
nor reasoning alone can achieve. Together, these
findings suggest that structured internal reasoning
combined with external precedent consultation of-
fers a productive path toward more nuanced and
trustworthy hateful video detection.

Limitations

While HATELENS achieves strong empirical re-
sults, several limitations remain. First, hateful con-
tent evolves rapidly on real-world platforms, with
new memes, slang, and cultural references emerg-
ing continuously; our method trained on static
datasets may struggle to generalize to unseen ex-
pressions without periodic retraining. Second, the
retrieval bank is populated from a fixed training
set, meaning the framework provides limited bene-
fit in truly zero-shot scenarios where no annotated
precedents exist for a given domain or language.
Third, our evaluation covers English and Chinese
content; how well the perception-to-cognition rea-
soning transfers to other languages and cultural con-
texts remains unclear. Finally, hateful content in
the wild increasingly appears in longer-form videos
where harmful intent may be sparsely distributed
or gradually escalated across extended temporal
spans, yet our evaluation is conducted primarily
on short-video datasets, and whether our frame-
work generalizes to such settings remains an open
question.

Ethics Statement

This work involves detecting hateful content in on-
line videos, which necessarily requires engaging
with offensive material. All datasets used are pub-
licly available and were collected with appropriate
ethical oversight by their original creators. We note
several ethical considerations: (1) Hate speech an-
notations are inherently subjective and may reflect
annotator biases and our method inherits these bi-
ases through training data. (2) Automated detection
systems risk both false positives (censoring legit-
imate speech) and false negatives (failing to flag
harmful content), with disparate impacts across
communities. (3) Our system should be used as a
decision-support tool alongside human review, not
as an autonomous moderator. (4) The LLM com-
ponent operates on potentially sensitive content;
researchers and practitioners should be aware that

prompting MLLMs with hateful material may pro-
duce harmful outputs as a byproduct of the reason-
ing process. (5) Deploying hate detection systems
without community consultation risks dispropor-
tionate harm to marginalized groups whose speech
patterns may be misclassified and we encourage
practitioners to conduct community-specific evalu-
ations before deployment. (6) We open-source our
code and release the LLM-generated reasoning out-
puts to facilitate reproducibility, while committing
to responsible access practices to prevent misuse
of the released resources.
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A Definition of Hateful Video

Hateful video can be understood as a multimodal
vehicle for the propagation of hate speech and
prejudicial views. The precise definition of hate
speech varies across platforms and cultural con-
texts, but can be coherently summarized from mul-
tiple sources (Das et al., 2023; Rehman et al., 2025;
Wang et al., 2024a; Davidson et al., 2017) as speech
that promotes discrimination or hostility, or that
disparages, abuses, or humiliates individuals or
groups based on characteristics such as race, eth-
nicity, nationality, religion, disability, age, veteran
status, sexual orientation, or gender identity. Be-
yond the content-level characterization, scholars
(Waldron, 2012; Tsesis, 2002) have also defined
hate speech from a consequentialist perspective,
emphasizing the tangible harms it inflicts on tar-
geted groups’ dignity, social standing, and sense of
belonging.

B Dataset Descriptions

We use four public datasets for evaluation, adher-
ing to official splits where available, or otherwise

Table 4: Dataset statistics. Abbreviations: Norm. de-
notes Normal, Dist. denotes Distribution, Off. denotes
Offensive, and Hat. denotes Hateful. Note that Offen-
sive is mapped to Hateful in binary setting.

Split Class Dist.

Dataset Total Train Val Test Norm. Off. Hat.

HateMM 1,066 744 107 215 639 — 427
MHClip-Y 891 618 91 182 601 218 72
MHClip-B 897 633 88 176 605 180 112
ImpliHateVid 2,009 1,283 325 401 1,000 — 1,009

following the splits adopted by (Lang et al., 2025)
for fair comparison. We note that MultiHateClip
(Wang et al., 2024a) does not provide download-
able videos directly, but only raw metadata required
to manually retrieve content from the source plat-
form. However, due to platform content modera-
tion policies, a significant portion of hateful videos
have since been removed and are no longer accessi-
ble. This issue persists despite contacting the orig-
inal authors. We summarize the detailed dataset
statistics in Table 4, followed by detailed descrip-
tions below.

HateMM (Das et al., 2023) is the first large-scale
multimodal hateful video dataset. It comprises
approximately 43 hours of videos collected from
BitChute using hate lexicon-based keyword search,
with 1,083 videos manually annotated as hate or
non-hate. Each video is also annotated with frame-
level rationale spans to explain labeling decisions.
The dataset covers English-language content and
employs a binary classification scheme.

MultiHateClip-YouTube (MHClip-Y) and
MultiHateClip-Bilibili (MHClip-B) (Wang
et al., 2024a) are two subsets of MultiHateClip,
a multilingual benchmark introduced by Wang
et al. at ACM Multimedia 2024. The original
dataset contains 2,000 short video clips (1,000 per
language) curated from YouTube (English) and
Bilibili (Chinese) via gender-based hate lexicons,
and annotated into three categories: Hateful,
Offensive, and Normal. Annotations additionally
identify hateful segments, target victims, and
contributing modalities (text, visual, audio). The
dataset provides a cross-cultural perspective on
gender-based hate speech. In the main body of
the paper, we evaluate this dataset under a binary
setting by mapping both Offensive and Hateful
labels to Hateful, following prior work (Jing et al.,
2025; Lang et al., 2025). We additionally report
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results for the original three-way classification
setting in Table 5 to provide a more comprehensive
benchmark comparison.

ImpliHateVid (Rehman et al., 2025) is a bench-
mark dataset specifically curated for implicit hate
speech detection in videos, published at ACL
2025. It contains 2,009 videos annotated into three
classes: Non-hate (1,000), Implicit Hate (509), and
Explicit Hate (500), making it one of the first video
datasets to explicitly distinguish implicit from ex-
plicit hateful content. The videos average approxi-
mately 2 minutes in length. Unlike prior datasets
that primarily focus on explicit or overt hate, Im-
pliHateVid targets veiled, context-dependent ex-
pressions of hate that lack explicit slurs or insults,
posing a substantially greater detection challenge.

C Baseline Descriptions

We compare HATELENS against three categories
of baselines.

Unimodal Baselines.

• BERT (Devlin et al., 2019) is a bidirectional
transformer pre-trained via masked language
modeling. We fine-tune bert-base-uncased
on the concatenation of the video title and
ASR transcript.

• ViViT (Arnab et al., 2021) is a pure-
transformer model for video classification
that extracts spatio-temporal tokens from uni-
formly sampled frames (Feichtenhofer et al.,
2019; Liu et al., 2022). We use the factorized
encoder variant pre-trained on Kinetics-400
and fine-tune it on the visual stream of each
dataset.

• MFCC (Davis and Mermelstein, 1980) is
a classical audio feature based on Mel-
frequency cepstral coefficients. We extract 40-
dimensional MFCC features, compute mean
and standard deviation pooling, and train an
MLP classifier on the resulting representation.

Multimodal Fusion Baselines.

• Pro-Cap (Cao et al., 2023) prompts a frozen
vision-language model (Radford et al., 2021;
Li et al., 2022) with hateful-content-related
questions in a zero-shot VQA manner and
uses the answers as informative captions for
a downstream text classifier. We adapt this

pipeline to video by applying it to a represen-
tative frame.

• HateMM (Das et al., 2023) encodes text with
BERT, visual content with a 3D-CNN, and au-
dio with a pre-trained audio model, then fuses
the three streams via cross-modal attention.

• MHCL (Wang et al., 2024a) is the baseline in-
troduced alongside the MultiHateClip dataset.
It aligns all three modality representations
through contrastive learning objectives for
cross-lingual hate-video detection.

• MoRE (Lang et al., 2025) is a retrieval-
augmented mixture-of-experts model that em-
ploys modality-specific experts and retrieves
annotated neighbors using early-fusion repre-
sentations with manually specified modality
weights.

• ImpliHateVid (Rehman et al., 2025) pro-
poses a two-stage contrastive learning frame-
work for implicit hate video detection. The
first stage aligns modality representations, and
the second stage contrasts hateful with non-
hateful examples to improve detection of sub-
tle cues.

• CMFusion (Zhang et al., 2024) applies sep-
arate attention mechanisms along both the
channel and modality dimensions for multi-
modal feature fusion in hate video detection.

MLLM-based Baselines.

• MiniCPM-V (Yao et al., 2024) is a
series of efficient MLLMs designed
for end-side deployment. We use the
MiniCPM-Llama3-V-2.5 variant and apply
it in a zero-shot prompting setting with a
representative frame grid and video metadata.

• LLaVA-OV (Li et al., 2024) (LLaVA-
OneVision) supports single-image, multi-
image, and video understanding via a uni-
fied architecture. We prompt it in a zero-shot
chain-of-thought setting to describe the con-
tent and produce a binary judgment.

• Qwen2-VL (Wang et al., 2024b) encodes
images and videos at their native resolution
via a Naive Dynamic Resolution module and
Multimodal Rotary Position Embedding (M-
RoPE). We evaluate it under the same zero-
shot prompting setting as LLaVA-OV.
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• HVGuard (Jing et al., 2025) prompts an
MLLM with a describe-then-analyze chain-
of-thought to generate rationales, and then
fine-tunes a downstream fusion classifier on
the rationales together with multimodal fea-
tures.

All baselines strictly follow the released data
splits from (Lang et al., 2025) and (Rehman et al.,
2025) and adopt their optimal settings. For fair
comparison, all MLLM-based baselines are evalu-
ated under two settings: using the backbone spec-
ified in their original papers, and using the same
backbone adopted in this work. In both cases, each
method follows its optimal configuration.

D Implementation Details

D.1 Preprocessing

Following (Jing et al., 2025), we uniformly sample
n=32 frames from each video and arrange them
into eight 2×2 quad images (four frames per quad)
in chronological order for MLLM input, which sub-
stantially reduces API cost compared to processing
individual frames. The raw 32 frames are retained
as input to the visual encoder. We apply Whisper
(Radford et al., 2023) to obtain the full spoken tran-
script of each video.

D.2 LLM Configuration

We use GPT-5.4-nano as the backbone MLLM
for the P2C Generator. The model receives eight
2×2 quad images, obtained by arranging the 32
uniformly sampled frames in chronological order
with four frames per quad, together with the video
title and ASR transcript. Both the <think> and
<answer> stages are completed within a single
prompt call, with structured JSON parsing applied
to extract the six answer fields. The average cost
per video is approximately $0.002.

D.3 Encoder Backbones and Fusion Module

Text features are encoded with
bert-base-uncased (Devlin et al., 2019),
visual features with vit-base-patch16-224
(Dosovitskiy et al., 2021), and audio features
with WavLM-Base+ (Chen et al., 2022). All three
encoders are kept frozen throughout training.
The Schema-guided Modality Router uses H=4
routing heads with hidden dimension h=192,
followed by a two-layer MLP classifier with ReLU
activations.

D.4 Training Details

All models are trained with AdamW (β1=0.9,
β2=0.999, weight decay 10−4) for up to 50 epochs
with early stopping based on validation Macro-F1,
using a cosine learning-rate schedule with linear
warm-up over 5 epochs and peak learning rate
5×10−4. Batch size is 32. For the Whitened Neigh-
bor Interpolator, covariance whitening follows (Yi
et al., 2025) with the shrinkage coefficient deter-
mined by the Ledoit-Wolf estimator.

D.5 P2C Prompt

The full prompt template used by the P2C Gen-
erator is shown in Figure 16. Notably, the def-
inition of hateful content varies across datasets,
which also reflects real-world moderation settings,
where different platforms may adopt different def-
initions of what constitutes hateful content. For
each benchmark, we therefore summarize the defi-
nition of hateful content and the annotation criteria
described in the corresponding dataset paper (Das
et al., 2023; Wang et al., 2024a; Rehman et al.,
2025), and insert the resulting dataset-specific def-
inition into the prompt. The prompt instructs the
MLLM to reason through four structured steps en-
closed in <think> tags, progressing from scene and
context description to hateful cues description to
target and attack identification to contextual harm
and norm reasoning, before producing a six-field
structured answer in <answer> tags.

E Additional Experiments

E.1 Three-Way Classification

Table 5 reports results under the full three-way clas-
sification setting (Normal / Offensive / Hateful) on
MHClip-Y and MHClip-B. This is a strictly harder
task than the binary setting in the main paper, as
the model must additionally distinguish offensive
content from hateful content, a boundary that is
inherently subjective and often ambiguous. HATE-
LENS achieves the best performance on all metrics
across both datasets. The gains in M-P are particu-
larly large, suggesting that both the structured P2C
reasoning and the Whitened Neighbor Interpolator
contribute to suppressing false positives: the for-
mer grounds predictions in an explicit interpretive
schema about targets, intent, and contextual harm,
while the latter retrieves annotated precedents that
help resolve ambiguous cases near the decision
boundary. The improvement in M-F1 over the best
baseline is more modest, reflecting the inherent dif-
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Figure 7: Sensitivity of test accuracy to the number of
retrieved neighbors k and the interpolation weight α
across all four datasets. Darker cells indicate higher
accuracy.
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Figure 8: Effect of the number of routing heads in the
Schema-guided Modality Router. The dashed vertical
line marks the default setting of H=4.

ficulty of the offensive class, which is small and
semantically close to both Normal and Hateful.

E.2 Hyperparameter Sensitivity
Interpolator. Figure 7 reports the accuracy
of HATELENS as a function of the two key
hyperparameters of the Whitened Neighbor In-
terpolator: the number of retrieved neighbors
k ∈ {1, 3, 5, 10, 15, 25, 50} and the interpolation
weight α ∈ {0.1, 0.15, 0.2, 0.3, 0.4, 0.5}. Across
all four datasets the method is broadly stable. Per-
formance improves as more neighbors are included,
and is further boosted when α is set to a moderate
value that balances the parametric classifier signal
with the local retrieval evidence. The tuning of
hyperparameters is searched on validation set and
then evaluated on test set.
Number of Routing Heads. Figure 8 shows the
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Figure 9: Retrieval robustness analysis.

effect of varying the number of routing heads
H ∈ {1, 2, 4, 6, 8} in the Schema-guided Modal-
ity Router. Performance consistently peaks at
H=4 across all four datasets, suggesting that four
heads provide sufficient capacity to capture diverse
modality interactions without overfitting. Fewer
heads underperform as a single routing perspec-
tive is insufficient to model the heterogeneous mul-
timodal and schema-derived inputs, while more
heads yield diminishing returns and slight degrada-
tion, likely due to increased optimization difficulty
with a fixed hidden dimension.

E.3 Retrieval Robustness

Figure 9a varies the fraction of the training set used
to populate the retrieval bank from 5% to 100%.
Performance improves monotonically and plateaus
around 75%–100%, confirming that the interpola-
tor benefits from a larger and more diverse evidence
pool. Notably, even with only 25% of the bank the
model retains most of the improvement from full-
bank retrieval, showing robustness to partial-bank
settings.

Figure 9b evaluates robustness by randomly flip-
ping a fraction of training-set labels (0%–20%
noise rate) before populating the retrieval bank.
Accuracy degrades gracefully: even at 20% label
noise the model retains strong performance across
all datasets. This is because the whitening step geo-
metrically conditions the embedding space, which
reduces the influence of outlier neighbors that are
likely to correspond to mislabeled instances.

E.4 Router Weight Analysis

Figure 10 visualizes the learned routing weights
across the H=4 attention heads for each of the
eight modality inputs (Txt, Aud, Frm, What, Who,
Whr, Why, How) on all four datasets. The weights
are fairly distributed across modalities, indicating
that all inputs contribute to the fused representa-
tion. On ImpliHateVid, frame features (Frm) and
content-description schema fields (What) receive
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Table 5: Three-way classification results (Normal / Offensive / Hate-
ful) on MHClip-Y and MHClip-B. Best results in bold, second best
underlined. ↑ indicates the improvement of HATELENS over the best
baseline.

MHClip-Y (3-way) MHClip-B (3-way)

Method ACC M-F1 M-P M-R ACC M-F1 M-P M-R

Unimodal Methods
BERT 69.8 41.9 38.9 40.1 69.3 34.5 36.9 36.5
ViViT 73.0 40.5 57.9 38.3 70.1 27.5 49.5 34.2
MFCC 69.9 27.4 24.5 33.1 70.1 27.5 23.7 33.2
Multimodal Fusion Methods

Pro-Cap 73.6 46.9 58.4 44.1 68.8 43.5 48.9 41.7
HateMM 73.0 47.0 59.1 46.6 70.1 44.7 48.6 43.4
MHCL 73.6 53.9 51.8 47.8 72.6 51.6 49.7 46.5
MoRE 71.8 39.7 41.6 40.6 72.0 33.7 44.1 36.7
CMFusion 73.6 47.9 59.9 44.8 71.3 47.1 50.5 43.0
ImpliHateVid 69.9 27.4 23.3 33.3 73.3 45.9 42.8 50.2
MLLM-based Methods

HVGuard 73.6 41.8 66.3 41.2 71.3 36.7 47.3 38.0

HATELENS 79.1 57.0 86.2 52.4 77.1 58.2 63.5 55.5
↑ Improv. +5.5 +3.1 +19.9 +4.6 +3.8 +6.6 +13.0 +5.3
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Figure 10: Mean routing weights per head and modality
input on the four test sets.

notably higher average weight, consistent with the
visually implicit nature of that dataset. Across
datasets, the schema-derived fields (What, Who,
Whr, Why, How) collectively account for roughly
35–45% of the total routing mass, confirming that
the P2C reasoning schema provides complementary
discriminative signal beyond the raw multimodal
features.

E.5 Full Cross-Dataset Transfer Results

Figure 11 presents the remaining eight
source→target directions of the cross-dataset
transfer experiment, complementing the four
directions in Figure 5 and together covering all
twelve pairs. The Whitened Neighbor Interpo-
lator (w/ WNI) consistently improves over the
no-retrieval baseline (w/o WNI) across all methods

and directions. HATELENS achieves the best or
second-best result in all twelve settings, with the
largest gains on directions involving ImpliHateVid
as the target domain, where the implicit nature
of the hate expressions makes retrieval-based
disambiguation most valuable.

Table 6: GPT-4o judge prompt for explanation quality
evaluation.

System: You are an expert annotator evaluating the quality
of machine-generated explanations for hateful video detec-
tion.

User: Given the following video metadata, frames and tran-
script, and the reasoning produced by a detection system,
please rate the explanation on five criteria, each on a scale
of 1 (very poor) to 5 (excellent):
1. Informativeness: Does the explanation provide back-
ground, context, or cultural knowledge beyond surface-level
description?
2. Soundness: Is the reasoning logically coherent and free
of contradictions?
3. Persuasiveness: Is the conclusion convincing given the
provided evidence?
4. Readability: Does the text follow proper grammar and
sentence structure?
5. Fluency: Does the explanation flow smoothly with well-
connected ideas?
Return your ratings as a JSON object:
{"informativeness": X, "soundness": X,
"persuasiveness": X, "readability": X,
"fluency": X}

E.6 Feature Visualization
Figure 12 visualizes the fused representations af-
ter the Schema-guided Modality Router via t-SNE.
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Figure 11: Cross-dataset transfer results for the remaining eight source→target pairs. Radar plots show ACC, M-F1,
M-P, and M-R. Colors denote methods: HATELENS (blue), HVGuard (orange), ImpliHateVid (green), and MoRE
(red); solid and dashed lines denote each method with (w/ WNI) and without (w/o WNI) our Whitened Neighbor
Interpolator.

Across all four datasets, HATELENS produces
markedly better-separated clusters than the base-
lines, with Normal and Hateful samples forming
more compact and distinct groups. This separation
stems from the P2C Generator, which supplies a
structured interpretive schema about targets, intent,
and contextual harm; the Schema-guided Modality
Router then models the interaction between this
schema and the raw multimodal features in the la-
tent space, yielding representations that reflect the
semantic structure of hateful content rather than
surface-level feature correlations. Notably, the ad-
vantage is most pronounced on MHClip-B and Im-
pliHateVid, where implicit and diverse expressions
render competing methods’ clusters heavily entan-
gled. The already-discriminative fused representa-
tions shown here are further geometry-conditioned
by the whitening step in the Whitened Neighbor
Interpolator, which corrects the anisotropy intro-
duced by heterogeneous feature sources (Gao et al.,
2019; Zhuo et al., 2023) and ensures that similarity-
based retrieval operates in a metrically meaningful
space, enabling the kNN search to identify semanti-
cally relevant precedents rather than spurious near-
est neighbors, and ultimately contributing to the
significant performance gains reported in Table 1.

E.7 Modality Robustness

Figures 13–15 evaluate robustness by randomly
corrupting one modality (Text, Audio, or Visual)
at rates of 25%–100% under three settings: train-
time only, test-time only, and both simultaneously.
Specifically, text corruption replaces sample tokens
with random words, audio corruption substitutes
the waveform of sampled clips with Gaussian noise,
and visual corruption randomly masks or shuffles
sampled frames. HATELENS consistently main-
tains the highest accuracy across all corruption set-
tings, modalities, and datasets, with a notably flatter
degradation curve compared to all baselines. This
robustness stems from two complementary compo-
nents. The P2C Generator produces a structured
interpretive schema grounded in explicit reasoning
about targets, intent, and contextual harm, which
means HATELENS does not over-rely on any sin-
gle raw modality stream; even when one modality
is heavily corrupted, this schema provides a sta-
ble signal that the Schema-guided Modality Router
can leverage to compensate, a property that pure
feature-fusion baselines fundamentally lack. The
margin over MLLM-based baselines is particularly
large under text corruption, where competing meth-
ods degrade more sharply because they rely on
surface-level textual analysis rather than higher-
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level semantic judgments. Beyond the parametric
model, the Whitened Neighbor Interpolator pro-
vides an additional layer of robustness at test time:
by consulting geometrically well-conditioned near-
est neighbors from the training bank, it can correct
uncertain predictions even when the input represen-
tation is partially distorted by corruption, further
stabilizing performance at high corruption rates.

E.8 More Case Studies

Figures 17 and 18 present two representative cases
where HATELENS succeeds while the strongest
baseline fails. Figures 19 and 20 examine error
cases of our full model.

Comparison with Baseline. In Case 1 (Fig-
ure 17), the baseline’s visual and textual analyses
identify violent wording and shooting-related visu-
als, yet its final MLLM judgment interprets these
observations as gaming-style dark humor and pre-
dicts Normal. Our method instead connects the
transcript’s celebratory killing language with the
visual gunfire, identifies the attacked group, and
interprets the speaker’s stance as endorsement of
targeted lethal violence. In Case 2 (Figure 18),
the baseline similarly recognizes media manipula-
tion and mind-control rhetoric, but its final judg-
ment treats them as generic anti-media commentary.
Our structured interpretation identifies the target as
“the media/TV” and implied elites, grounds the evi-
dence in repeated subtitles and transcript cues, and
explains why portraying this target as deceptive and
mind-controlling constitutes hostile delegitimiza-
tion. These cases show that the key difference
is not cue perception, but the mechanism used to
interpret those cues. The baseline first performs
modality-wise analysis and then passes the result-
ing visual and textual evidence to an MLLM for
free-form hate judgment, leaving the model to de-
cide on its own whether the observations jointly
support a hateful interpretation. In contrast, our
P2C Generator forces the model to organize the
same observations into structured interpretive fields
before prediction, explicitly specifying where the
evidence appears, what hostile content is expressed,
who is targeted, why the content is hateful, and
how the framing may cause harm. This structured
interpretation links evidence, target, stance, and im-
plication into decision-relevant semantic relations,
reducing the chance that suspicious cues are ab-
sorbed into benign surface frames such as gaming
humor or general conspiracy commentary.

Error Case Analysis. For this diagnostic analy-
sis, we report kNN votes over an enlarged neigh-
borhood of k=40 rather than the per-dataset k used
for prediction, which provides a more complete
and balanced view of the local precedent distribu-
tion around each error case. Figure 19 shows two
false positive cases whose benchmark labels are
Normal. In the first case, the transcript contains re-
peated racial slurs, dehumanizing language, and an
explicit exclusionary plan, while the visual frame
also contains racially loaded signage. After manual
inspection, we find that this sample is highly harm-
ful despite its Normal label, suggesting a possible
annotation inconsistency in the benchmark. The
strong kNN vote (23:17) is also consistent with
this observation. The second case presents a chal-
lenging reporting-versus-endorsement distinction:
the speaker discusses antisemitic tropes such as
“Jews run the banks” and “Jews dominate the me-
dia” in an ostensibly analytical context, making the
boundary between neutral discussion and propaga-
tion of hateful claims difficult to determine. The
near-balanced kNN vote (21:19) further reflects
this uncertainty.

Figure 20 shows two false negative cases where
the hateful implication is subtle and context-
dependent. The first case hinges on a single am-
biguous utterance (“up yours, Diger?”), whose
harmful implication is difficult to decode without
knowing the intended reference and cultural con-
text. As a result, the structured interpretation treats
it as a minor personal remark rather than group-
directed hate. The second case is a single-sentence
microaggression (“why didn’t you stay in Mexico”)
whose xenophobic implication is expressed very
indirectly. Apart from this sentence, the remain-
ing visual frames and transcript appear largely nor-
mal, making the hateful signal sparse and easy for
an MLLM to miss. The overwhelmingly Normal
kNN vote (34:6) suggests that similar implicit at-
tacks are also underrepresented in the retrieval set.
Overall, these cases show that the remaining errors
mainly arise from challenging annotation bound-
aries, reporting-versus-endorsement distinctions,
coded language, and highly implicit microaggres-
sions.
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Figure 12: t-SNE visualization of learned representations on the test sets of all four datasets. Rows correspond to
datasets; columns correspond to methods. Blue and red dots denote Normal and Hateful samples respectively.
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Figure 13: Modality robustness under train-time corrup-
tion. Each column corrupts one modality (Text / Audio /
Visual) at increasing rates; rows correspond to datasets.
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Figure 14: Modality robustness under test-time corrup-
tion.
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Figure 15: Modality robustness under train-and-test-
time corruption.
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P2C Generator Prompt Template

System: You are a content moderation expert. You analyze videos represented by multiple 2×2
quad images, where each quad contains four consecutive frames in temporal order.

User: Your task is to determine whether the given video should be classified as Hateful or Normal.
A video is Hateful when {benchmark-specific definition}. Consider all available signals in
the video, including visual scenes, on-screen text, subtitles, spoken language, gestures, and symbols.
Generate two components in order:
1. A structured reasoning process enclosed in <think></think> tags.

2. A final explanation enclosed in <answer></answer> tags.

Thinking <think>: For all videos, the reasoning should follow this structured 4-step process
enclosed in corresponding tags:

<step1> Scene and Context Description: Summarize the visible scene, participants, actions, on-
screen text, and spoken or subtitle content.
<step2> Hateful Cues Description: Describe specific abusive, offensive, or hostile cues in the video,
if any, and note where they appear.
<step3> Target and Attack Identification: Identify who or what is targeted and the type of attack
involved. Distinguish endorsement from quotation, criticism, or neutral discussion.
<step4> Contextual Harm and Norm Reasoning: Explain why the content should be considered
hateful in context, based on severity, target, intent, and norm violations.

Answer <answer>: Write a single coherent paragraph containing exactly the following tags in order:
<which> Hateful or Normal
<what> content description
<who> who is targeted
<where> key evidence location
<why> classification reason
<how> potential consequence

Input: Video Title: {title} Video Transcript: {transcript} Video Frame: {frames}

Figure 16: P2C Generator prompt template.
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Transcript: 
On my way to the clan rally to celebrate my highest kill 
tally, my GPS miscalculated directions into the wrong 
neighborhood. I glanced over and there they stood — a 
group of emaciated men. I walked behind one and blew 
out his brains, trampled over the dead remains and fired 
into the backs of the others. Despite not arriving at the 
rally on time, it was splendid. Next time I'll get here a bit 
earlier. San Bernardino will look like child's play after the 
moon rises.

HVGuard LLM Output — Wrong (Normal)

Text Analysis: 
The transcript appears to be a distorted, possibly humorous or 
satirical narrative that uses dark imagery, slang, and violent 
wordplay. It interprets cues like "clan rally," "kill tally," "ammo," 
and "killing street" as part of a gaming/combat-style scenario 
rather than direct hateful endorsement. Homophonic puns and 
euphemisms such as "pack of flags," "sending lead flags," and 
"killing street" are treated as wordplay rather than targeted slurs. 
The references to "emaciated men" and "underweight" are read 
as character descriptions in a fictional scenario rather than 
dehumanizing language toward a real group.
Visual Analysis: 
The video depicts a scene viewed through the reflection in a 
person's sunglasses, showing two men standing next to a campfire 
or an outdoor cooking setup with nearby containers. One man is 
shirtless; the other wears a brown shirt with white pants. There is 
visible movement, smoke, and sparks from the fire, but no clear 
special symbols, hate markers, or readable text in the visual 
content. The scene appears to be a casual outdoor gathering with 
no indicators of hatred or targeted hostility.
Final Judgment: 
The content portrays murder and chaos through euphemism and 
wordplay, mimicking gaming or military scenarios in a darkly 
humorous tone. It does not promote real violence or hatred 
toward any specific group. The tone is read as satirical rather 
than genuinely threatening, and no explicit hate markers are 
identified in either the visual or textual content. The overall 
narrative is interpreted as dark entertainment rather than hateful 
endorsement. Therefore, the prediction is Normal.

Our P2C CoT Output — Correct (Hateful)

Step 1 (Scene Description):
The frames show an animated first-person shooter scene with weapons, 
ammunition, explosions, and gunfire, while the transcript repeatedly 
describes shooting and killing a group as celebratory violence.
Step 2 (Hateful Cue Identification):
The transcript explicitly celebrates mass violence and uses 
dehumanizing, hostile framing toward a targeted group, reinforced by 
visuals of active shooting and explosions.
Step 3 (Target Recognition):
The target is a specific group implied by the “clan rally” and “pack of 
flags,” and the attack is direct physical violence presented with 
enjoyment and endorsement. 
Step 4 (Classification Reasoning):
Because the video endorses targeted killing of a group through 
celebratory framing and graphic violence, it meets the criteria for 
Hateful content.
Answer:
<which> Hateful
<what> The video depicts an animated shooting attack; the 
transcript celebrates targeted killing using dehumanizing language 
and graphic violence.
<who> A specific group associated with the "clan rally" and 
"pack of flags."
<where> Foreground gunfire in the frames and the transcript 
describing the "killing street."
<why> The message endorses targeted lethal violence ("celebrate 
my highest kill tally," "wipe out"), not condemnation or neutral 
reporting.
<how> By narrating celebratory violence toward a targeted 
group, it normalizes hostility and encourages real-world harm.

Figure 17: Case study 1: A video celebrating targeted lethal violence against a specific group.
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Transcript: 
Me so hypnotizing, never do a fact check. The media 
cover our power — by studying your DNA, to gain 
control of the world, we took control of information while 
we pull the mission lies. To our distant TV infecting your 
subconscious, fill your head with fake theory. You're the 
only victim your mind's for. Infecting your conscience, fill 
you with fake. It's unbelievable, it's unbelievable, but they 
are in this for real.

HVGuard LLM Output — Wrong (Normal)

Text Analysis: 
The transcript appears to be a distorted, intentionally jumbled 
reflection on themes of media manipulation, hypnosis, control, 
and misinformation. Phrases like "fact check," "study your 
DNA," and "infecting your subconscious" read as conspiratorial 
commentary rather than direct hate. Cues such as "mesmerizing 
numbers," "many statistics we want you afraid," and "Your blind 
belief is tragic" are treated as general anti-establishment rhetoric 
rather than targeted hostility toward a protected group. The 
fragmented and incoherent nature of the transcript further 
suggests distorted satire rather than genuine hate messaging.
Visual Analysis: 
The video appears to be a collage of media clips, public figures, 
television screens, symbols, protest scenes, and textual overlays 
about deception, mind control, and societal manipulation. 
Recurring phrases like "expose this and we will fall" and 
"controlling at all levels," as well as visual motifs of skulls, tanks, 
and crowds with protest signs, are present. The overall imagery 
conveys conspiracy-themed propaganda about hidden 
controlling forces rather than direct hate content. The presence 
of news anchors and media figures reinforces a general distrust 
narrative, not targeting any specific protected group.
Final Judgment: 
The video promotes conspiracy theories about media 
manipulation, mind control, societal deception, and covert 
influence. Although it evokes fear, suspicion, and hostility toward 
mainstream institutions, it does not target a protected group with 
explicit hate speech or calls to violence, and therefore predicts 
Normal.

Our P2C CoT Output — Correct (Hateful)

Step 1 (Scene Description):
The video is a montage of news/TV clips, edited graphics, and 
overlaid subtitles. The text repeatedly claims that “the 
media/TV” controls people, infects their subconscious, and lies 
for control.
Step 2 (Hateful Cue Identification):
The harmful cues are not explicit slurs or direct violence, but 
hostile conspiratorial messaging aimed at "the media/TV," 
portraying viewers as victims of deception and brainwashing.
Step 3 (Target Recognition):
The target is a collective institution — “the media,” “TV,” and 
implied elites/public figures. The attack is rhetorical, portraying 
them as deceptive and manipulative adversaries.
Step 4 (Classification Reasoning):
Because the video repeatedly portrays this group as deceptive 
and mind-controlling, it functions as hostile propaganda and 
should be classified as Hateful.
Answer:
<which> Hateful
<what> The video uses conspiracy-style messaging accusing 
"the media/TV" of lying and "infecting your subconscious" 
through repeated accusatory subtitles.
<who> "The media/TV" and implied elites/public figures 
shown in thumbnails.
<where> On-screen subtitle overlays including "All we publish 
is lies" and "Your blind belief is tragic."
<why> It promotes a hostile narrative of mind-control and 
deception, framing an adversary as controlling people's minds.
<how> Such content reinforces paranoia and normalizes 
hostile suspicion toward a targeted institution.

Figure 18: Case study 2: A video framing media institutions as deceptive mind-controlling entities.
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Transcript:
“We’ve set up a 20 man committee to do away with this vulgar animalistic nigger 
rock and roll... our committee will check with restaurant owners and cafes... if they 
can’t tell whether it’s a nigger singer or a nigger version... they’ll play the record and 
use their judgment... we won’t object as long as it is a white band, but don’t want 
this nigger version of the rock and roll.”
P2C Raw Answer:
Which: Hateful
What: Repeated racial slurs (“nigger”), dehumanizing language 
(“animalistic”), and an exclusionary plan to remove/deny music 
associated with Black people while permitting only “white” bands.
Who: Black people, implied by repeated racial slurs and “nigger 
singer/version” references.
Where: In the spoken/recorded transcript; on-screen overlays include 
“WHITE” and “SERVE,” consistent with the discriminatory framing.
Why: Explicitly hostile and discriminatory toward a protected group, 
using severe hate speech and promoting exclusion based on race 
rather than condemning or neutrally discussing it.
How: Could reinforce racial hatred, normalize discriminatory 
exclusion, and encourage social harm by advocating removal/denial of 
cultural expression tied to Black people.
kNN vote bar:

Ground Truth:
Our Prediction:

Normal
Hateful

0.425 0.575

Normal = 17 Hate = 23

Transcript:
“Well, let me take the ultimate example, what remains the big taboo in society, 
which is antisemitism... the Jews run everything... the Jews run all the banks... the 
Jews run the media... Jews completely dominate the media... that’s just a fact, it’s 
not in debate... There’s the Jew question... what is your opinion on Jewish influence 
in the media?”
P2C Raw Answer:
Which: Hateful 
What: Antisemitic conspiracy/stereotype claims that Jews “run the 
banks,” “dominate the media,” and “Jewish control,” presented as 
factual/statistical, alongside discussion of the “Jew question.” 
Who: Jewish people (Jews). 
Where: On-screen subtitle/text area in later frames, including 
“Jewish control” and “anti-semitic” discussion, and in the speaker’s 
statements across the interview frames. 
Why: Targets a protected group with collective, conspiratorial claims 
of control over major institutions, which is a hostile antisemitic trope 
rather than neutral reporting or condemnation. 
How: Can reinforce prejudice and normalize hostility by portraying 
Jews as inherently controlling/behind societal outcomes, thereby 
legitimizing antisemitic beliefs.
kNN vote bar:

Ground Truth:
Our Prediction:

Normal
Hateful

0.475 0.525

Normal = 19 Hate = 21

Figure 19: False positive error cases.
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Transcript:
“Good morning, ma'am, and in it a lovely morning up yours, Diger?”
P2C Raw Answer:
Which: Normal
What: A brief rude/insulting remark (“up yours”) during a 
conversation, with no hate speech, slurs, threats, or violence 
shown.
Who: None; no protected group targeted, and the insult 
appears directed at an individual.
Where: In the spoken audio/transcript line near the 
beginning, with the interaction in the center/right doorway 
area.
Why: No hateful or dehumanizing cues, no slurs, and no 
hostility directed at a protected class; the content is treated as 
non-hateful rudeness.
How: It does not promote hatred or targeted harm toward a 
group, and is unlikely to reinforce hostility beyond a 
momentary insult.
kNN vote bar:

Ground Truth:
Our Prediction:

Hateful
Normal

0.75 0.25

Normal = 30 Hate = 10

Transcript:
“I remember when I went to his bedroom to say good night and he was crying 
because of the abuse that he was endured in this school system... why didn’t you stay 
in Mexico... that’s indicative of what these kids are doing, that’s indicative of what 
our kids are experiencing... because this is the greatest country in the world... well 
you’re complaining about being here.”
P2C Raw Answer:
Which: Normal 
What: A heated discussion about abuse in a school system and an 
argument involving Mexico/immigration, but no clear hate speech, 
slurs, dehumanization, threats, or endorsement of harm is evident in 
the excerpt. 
Who: None. 
Where: Spoken by the main speaker with audience interaction; no 
on-screen text showing hate or slurs. 
Why: Although the exchange is argumentative and references “abuse,” 
the evidence does not show targeted hateful hostility toward a 
protected group or explicit endorsement of violence or harm. 
How: The content is treated as a personal/community debate rather 
than directed hate, and therefore not as something that normalizes 
harm toward a group.
kNN vote bar:

Ground Truth:
Our Prediction:

Hateful
Normal

Normal = 34 Hate = 6

0.85 0.15

Figure 20: False negative error cases.
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