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Abstract

The rapid spread of hateful videos online has
sparked growing social concerns, driving re-
search efforts to detect and limit their dissem-
ination. However, existing methods rely on
opaque models that offer no insight into their
decisions, eroding trust in detection systems.
Large Multimodal Models (LMMs) provide
a compelling alternative, thanks to their abil-
ity to generate free-text explanations for mul-
timodal content. Yet, their high computational
demands and pronounced bias toward benign
predictions limit their practicality. We intro-
duce LEAF, the first Lightweight, Explainable
hAteful video detection Framework. At its
core, LEAF distills the “explainability” from
LMMs into efficient Smaller Multimodal Mod-
els (SMMs) through a controlled, de-biasing
process, enabling lightweight yet interpretable
Hateful Video Detection (HVD). We achieve
this with a novel Self-Grounding Chain-of-
Thought mechanism that guides LMMs to gen-
erate high-quality, unbiased explanatory super-
vision signals for videos. These signals then
progressively train the SMM via a new Stage-
Wise Distillation paradigm, resulting in faithful,
human-readable natural language explanations
for HVD. Extensive experiments on three video
benchmarks demonstrate that LEAF not only
outperforms prior methods in detection accu-
racy but also provides strong explainability —
all with a lightweight design.

1 Introduction

The rise of video-sharing platforms like YouTube
and TikTok has made video consumption a dom-
inant form of online media (Lang et al., 2026b).
Unfortunately, this surge also accelerates the dis-
semination of hateful content through these plat-
forms, which targets race, gender, and religion,
exacerbating severe social instability (Das et al.,
2023; Hebert et al., 2024; Lang et al., 2026a). Con-
sequently, developing robust methods for Hateful
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Figure 1: Concept diagram of our proposed LEAF. Ex-
plainability is distilled from LMM (Teacher) to SMM
(Student) for lightweight yet interpretable HVD.

Video Detection (HVD) has become a critical re-
search priority with significant implications.
Existing HVD methods primarily extract and
fuse shallow multimodal features from videos for
prediction (Wang et al., 2024b; Lang et al., 2025;
Hong et al., 2025b; Li et al., 2026). For instance,
MHCL (Wang et al., 2024b) leverages pre-trained
vision-language models to extract features from the
videos and performs detection on these features.
Despite their encouraging performance, current ap-
proaches lack transparency. They operate as black
boxes, offering no clear evidence to justify their
classifications (e.g., highlighting specific visual, au-
dio, or textual elements indicative of hate). This
opacity hinders content moderators and viewers
from understanding the rationale behind decisions,
ultimately undermining trust in the systems.
Explainable HVD fundamentally requires two
abilities: (1) understanding deep multimodal se-
mantics and subtle hateful cues in videos, often
drawing on contextual or background knowledge
(e.g., recognizing a neutral-seeming gesture as
derogatory in certain cultures), and (2) explain-
ing prediction rationales in human-understandable
terms. Advanced Large Multimodal Models
(LMMs) such as GPT-40 and Grok-4 excel at this,
thanks to their vast pre-trained knowledge and skill
in generating free-text explanations (Huang et al.,
2024; Nguyen et al., 2024). However, their mas-
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sive computational needs make them impractical
for low-latency platforms. Moreover, since most
LMMs are trained on benign data (Dubey et al.,
2024; Bai et al., 2025), they exhibit a strong bias to-
ward non-hateful predictions. Our empirical analy-
sis shows that 54.4% and 56.9% of videos predicted
as “benign” by LMMs are actually hateful on the
MHClip-Y and MHClip-B datasets, respectively.
This bias worsens when LMMs are tasked with
both predicting and explaining: 81.0% and 80.4%
of “benign” videos predictions on those datasets
are hateful (see our Preliminary Experiment). As
prior work notes (Guo et al., 2024; Liu et al., 2024),
such bias often yields unfaithful explanations that
mismatch or ignore the prediction — e.g., claiming
hate without citing video-specific cues. Fine-tuning
LMMs on task data could help, but it’s computa-
tionally prohibitive (Mei et al., 2025).

In contrast, Small Multimodal Models (SMMs)
like Gemma3-4B (Team et al., 2025) have sub-
stantially fewer parameters and lower overhead,
making them ideal for fine-tuning and real-time
deployment on video platforms (Marafioti et al.,
2025). They can interpret simple multimodal in-
puts in natural language, but their limited capacity
hinders handling complex hateful video semantics
or producing reliable, human-aligned explanations.

In light of the above insights, we combine
the strengths of LMMs and SMMs to overcome
their weaknesses, proposing LEAF: the first
Lightweight Explainable hAteful video detection
Framework via Self-Grounding Chain-of-Thought
(CoT (Wei et al., 2022)) Guided Stage-Wise Dis-
tillation. As illustrated in Figure 1, a large-scale
LMM serves as an offline expert, generating high-
quality explanatory supervision signals to train a
lightweight SMM as the online executor, enabling
strong explainability in HVD.

Specifically, to instill the explainability in
the SMM, we introduce a novel three-step
Self-Grounding CoT (SG-CoT) mechanism that
prompts the LMM to create high-quality, unbiased
supervision signals for videos. In the Reason step,
the LMM analyzes multimodal content, supply-
ing rich semantics and context to identify potential
harmful elements. The Explain step then produces
clear natural language explanations tied to this rea-
soning, plus a prediction, without conditioning on
ground-truth labels to avoid label-driven rational-
ization (Turpin et al., 2023) and ensure the explana-
tion reflects the model’s genuine reasoning. Finally,
the Ground step counters benign bias by compar-

ing the prediction to the ground-truth label; if they
match, it further utilizes the LMM’s verification
strengths (Pang et al., 2023) to self-assess whether
the explanation adequately supports the prediction
by grounding it in the video, yielding faithful ra-
tionales as teaching signals. Moreover, based on
these fine-grained supervision signals, we design a
new Stage-Wise Distillation paradigm to progres-
sively train the SMM. Specifically, in Understand
Stage, using Reason outputs, the SMM learns to
detect nuanced hateful cues by absorbing distilled
semantic and contextual knowledge from the LMM.
In Explain Stage, leveraging Explain and Ground
outputs, a multi-task distillation strategy guides the
SMM to generate faithful, human-aligned explana-
tions while predicting labels — boosting detection
accuracy and ensuring explanation-prediction con-
sistency. Our contributions are listed as follows:

* We present LEAF, the first lightweight explain-
able framework for hateful video detection,
which pioneers in distilling explainability from
LMMs into lightweight SMMs to provide faith-
ful, human-readable explanations for HVD.

* We introduce a novel self-grounding CoT guided
stage-wise distillation paradigm that extracts reli-
able, unbiased supervision signals from LMMs
to enhance SMMs’ explainability in HVD.

» Extensive experiments on three video datasets
show LEAF achieves state-of-the-art detection
performance and superior explainability with
minimal computational costs.

Code and data are at https://github.
com/Jian-Lang/LEAF.

2 Related Work

Hateful Video Detection. Hateful Video Detec-
tion (HVD) aims to identify harmful content in
videos by analyzing their multimodal information.
Recent studies employ deep learning methods and
utilize multiple modalities to effectively detect hate-
ful videos (Das et al., 2023; Wang et al., 2024b;
Lang et al., 2025; Wang et al., 2025). For instance,
MOoRE (Lang et al., 2025) proposed a mixture-of-
experts (Eigen et al., 2013) network that dynam-
ically assigns sample-specific modality contribu-
tions for improved detection. Despite encouraging
performance, existing methods perform black-box
detection, which hinders users from understanding
the prediction rationale and weakens credibility of
the detection systems. To address this issue, we
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propose LEAF, the first lightweight explainable
framework for HVD, which distills the explainabil-
ity of LMMs into SMMs to facilitate interpretable
yet efficient video-based hateful detection.
Knowledge Distillation from LL.M. Recent ad-
vances in prompting strategies, such as CoT reason-
ing (Wei et al., 2022), have significantly enhanced
the reasoning capabilities of LLMs and LMMs by
encouraging them to decompose complex prob-
lems into natural language reasoning steps (Wang
et al., 2023; Zhang and Zhang, 2025), e.g., Ope-
nAl 03 (OpenAl, 2025). Motivated by this, recent
work explored transferring such strong reasoning
abilities into SLMs via rationale-based distillation,
where rationales from LLMs serve as supervision
signals to guide the SLMs in mimicking their rea-
soning process (Hsieh et al., 2023; Zhuang et al.,
2025). Building upon these studies, we further steer
these natural language reasoning steps to human-
aligned explanation supervision signals in HVD.

3 Methodology

HVD Task Definition. We define a hateful video
detection dataset: D = {S1,--- , Sy}, where M
is the number of videos. Each video S; contains
its textual, visual, and audio modalities: S; =
{Ti, Vi, A;}, along with a ground-truth label g;.
HVD aims to judge whether S; is hateful or benign
by considering its modalities: f(7;, Vi, Ai) — v;.
To address the black-box limitation of prior meth-
ods, we extend the definition of HVD by introduc-
ing an explainability requirement, where the model
is expected to justify its predictions in a human-
aligned manner: f(7;,V;, A;) — (&i,y;), where
&; is the explanation for prediction y;.
Methodology Structure. We first present the video
preprocessing pipeline. We then introduce our Self-
Grounding CoT mechanism for explanation data
annotation, followed by a Stage-Wise Distillation
paradigm that supervises SMMs to acquire inter-
pretability. Finally, we provide a complete infer-
ence process of the proposed LEAF. The overall
framework of LEAF is presented in Figure 2.

3.1 Video Data Preprocessing

We convert each video S; into an input format com-
patible with mainstream SMMs and LMMs. For
visual modality, we uniformly sample a few frames
from S; and concatenate them to obtain the visual
input V;. For textual modality, we combine the
video title with on-screen text extracted from the

sampled frames to construct the textual input 7;.
For audio modality, we transcribe the audio into
text to form the audio input A;.

3.2 Self-Grounding CoT Mechanism

Endowing lightweight SMMs with explainable ca-
pabilities in HVD requires first fostering their un-
derstanding of complex multimodal semantics (i.e.,
subtle hateful cues) in videos, followed by guid-
ing them to generate clear and human-aligned
natural language explanations for their predic-
tions. A naive approach is to follow prior work
by prompting an LMM to directly process videos
and generate corresponding annotated supervision
signals (Hsieh et al., 2023). However, the benign
prediction bias (Dubey et al., 2024; Bai et al., 2025)
in current LMMs undermines the quality of the su-
pervision data for explainability in HVD, as LMMs
frequently misclassify hateful videos as benign and
generate rationales that are either contradictory to
or irrelevant to their own predictions. To tackle
this issue, we propose a novel Self-Grounding CoT
(SG-CoT) mechanism. As presented in Figure 2,
SG-CoT facilitates LMM:s to produce reliable and
unbiased explanation-oriented supervision signals
via a three-step multimodal CoT reasoning.
Step1: Reason. We first guide the LMM to Rea-
son over the video sample S;, yielding rich seman-
tic and contextual knowledge for objects, people
or other elements that aids the understanding of
potential hateful cues within S; (e.g., a historical
symbol which conveys hate when used in a specific
context). This process can be written as:

Ri = (I)LMM([’]% Vi; A’L]v Preason)a (1)

where @1\ denotes the LMM, R; is the reasoning
output, Preason 18 the prompt for the Reason step.
Step2: Explain. Based on the reasoning output,
we instruct the LMM to Explain its rationale for de-
termining whether the video S; is hateful or benign
in clear natural language, by considering both the
video input and the reasoning context. We do not
provide the ground-truth labels to the LMM in this
stage to avoid label-driven rationalization (Turpin
et al., 2023) and ensure the explanation reflects its
intrinsic reasoning process:

(Eivvi) = Pomm([Ti; Vi Ais Ril, Pexplain),  (2)

where &; is the vanilla explanation derived from
LMM for its prediction y; on video S;, Pexplain
denotes the prompt designed for the Explain step.
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Figure 2: Overall framework of LEAF. (a) The LMM serves as the teacher and is guided by a three-step SG-CoT
mechanism to produce high-quality and unbiased explanation supervisions. (b) The efficient SMM acts as the
student, progressively acquiring explainability for HVD from the LMM through a Stage-Wise Distillation paradigm.

Step3: Ground. To mitigate the benign prediction
bias in LMMs and guarantee high-quality expla-
nation data annotation, we prompt the LMM to
Ground its vanilla explanation. Specifically, we
first verify the LMM’s prediction for S; against the
ground-truth label to ensure that the explanation
is oriented towards the correct direction. If the
prediction is incorrect, we then guide the LMM
to generate an explanation conditioned on the cor-
rected label to tackle potential explanation errors.
Formally, we unify the vanilla explanation genera-
tion in both the Explain and Ground steps:

(cji £ {q)LMM([,]; Vi; Ais Ri; yz] ) Péxplain)7 Yi 7 Yi
@LMM([’E§ Vis -Ai; Rz]a pexplain)a otherwise
3)
where the label y; is explicitly incorporated as a
“golden prior” to anchor the explanation toward
the correct direction, and Pg, i, is the prompt for
label-guided explanation. Notably, if the prediction
in the Explain step is correct, the original explana-
tion 51 is retained without modification.
Subsequently, to further eliminate the benign
bias and ensure that explanations are closely
aligned with predictions (e.g., the explanation for a
hateful prediction should clearly identify potential
hateful elements), we instruct the LMM to ground
both the prediction and the explanation in the video
content, enabling verification and refinement of the
vanilla explanation. This process can be written as:

gi = @LMM([’]% Vi; Ai; gz] , Pground)7 “4)

where &; is the unbiased and faithful explanation
related to hateful content detection on video S;, and
Peground is the prompt designed to guide the LMM in
grounding the relevance and consistency between
the prediction and the rationale and perform ex-
planation refinement if necessary. Importantly,
the LMM is instructed to autonomously decide
whether refinement is needed, based on the align-
ment between the explanation and prediction. By
instructing the LMM to perform the three-step SG-
CoT reasoning on each video instance S; in train-
ing set Dy.in, We obtain an explainable-oriented

.« . Drain
annotated training set: DLb = {S;, Ry, Ei}L:‘l 3

3.3 Stage-Wise Distillation Paradigm

Building upon high-quality annotated explanation
data, we introduce a new Stage-Wise Distillation
paradigm that incrementally guides the SMMs to-
ward explainable HVD.

Stagel: Understand. In the first stage, we uti-
lize the reasoning outputs from the Reason step of
SG-CoT as supervision to guide the SMM in under-
standing complex semantics and nuanced hateful
cues within videos. Specifically, we train the SMM
to generate descriptive summarization of video con-
tent, focusing on elucidating specific elements that
contribute to understanding its meaning:

N T;
1 - ' '
L=~ 73 o P} S0P,

i=1 j=1
&)
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where N is the batch size, r§- denotes the j-th token
in the reasoning sequence R; distilled from the
LMM, and 7; is the length of that sequence, S; =
{T:, Vi, A;} is content of video S;, and Py is the
prompt designed to guide the SMM in describing
the content of S; in the first-stage distillation.
Stage2: Explain. After being endowed with
rich contextual and background knowledge for un-
derstanding complex hateful semantics in videos,
the SMM is further prompted to generate human-
aligned natural language explanations for its pre-
dictions, supervised by the outputs of the Explain
and Ground steps in SG-CoT. To facilitate the
prediction-consistent explanation and improve the
detection capability of SMM, we develop a multi-
task distillation strategy, which jointly trains the
SMM to yield both predictions and explanations:

ESZ = »Cexpl + A »Cpreda (6)

where ) is the balance ratio for the two objectives:

pred = - ;;Z Z( )1nglc ’ (7)
N M;

Z Z log PSMM(e ‘ Si, Ps2, 6<])

11]1

£expl

®)

Here, C' = 2 is the total number of video classes, eé
represents the j-th token in the explanation output
&; extracted from the LMM, and M; is the length
of the explanation sequence, and Pso is the prompt
designed to guide the SMM in explaining its pre-
diction for S; in the second-stage distillation. By
progressively distilling valuable and fine-grained
knowledge from the SG-CoT guided LMM, the
SMM acquires not only enhanced detection capabil-
ity but also the ability to generate clear and faithful

explanations for its predictions in HVD.

3.4 Inference

We present the complete inference workflow of our
LEAF for explainable HVD. Specifically, the mul-
timodal content of each video S; from test set Dy
is fed into the SMM to produce both a prediction
and its corresponding explanation.

(gia yz) (I)SMM([’]; Vla A ] mference) (9)

where &; is the rationale for predicted result y;,
and Pipference 1S the inference prompt. The details
of Stage-Wise Distillation paradigm are provided
in the experiment section, while the prompts and
training algorithm are in the Appendix A — B.

4 Experiments

4.1 Experimental Setup

We present a brief setup, with a detailed one and
additional experimental results in the Appendix C.
Datasets. We conduct experiments on three video
benchmarks in HVD: MultiHateClip- YouTube
(MHClip-Y), MultiHateClip-Bilibili (MHClip-
B) (Wang et al., 2024b), and HateMM (Das et al.,
2023). Each dataset is split into training, valida-
tion, and test sets in a 7:1:2 ratio, following prior
work (Lang et al., 2025).

Baselines. We compare LEAF with 9 base-
lines with three groups: (1) Multimodal detec-
tion methods, including HTMM (Das et al., 2023),
MHCL (Wang et al., 2024b), CMFusion (Zhang
et al., 2024), and MoRE (Lang et al., 2025); (2)
LMM-based methods that employ powerful LMMs
with the same inference prompt as LEAF for zero-
shot prediction, including GPT-4.1-mini (OpenAl,
2024), Gemma3-27B (Team et al., 2025), and
Qwen2.5-VL-72B (Bai et al., 2025); (3) SMM-
based methods that utilize lightweight SMMs with
the same inference prompt as LEAF for zero-shot
detection, including Gemma3-4B (Team et al.,
2025) and Qwen2.5-VL-3B (Bai et al., 2025). No-
tably, these SMMs are also the backbone of LEAF
for a fair evaluation.

Evaluation Metrics. For detection performance,
following prior studies (Lang et al., 2025), we
adopt four metrics: Accuracy (ACC), Macro-F1
score (M-F1), Macro-Precision (M-P), and Macro-
Recall (M-R). Moreover, we quantitatively assess
the explanations from LEAF using G-Eval (Liu
et al., 2023), a reference-free, LLM-based evalua-
tion framework. We utilize GPT-4.1-mini (OpenAl,
2024), an advanced and powerful LLM, and fol-
low prior work (Wang et al., 2024a; Hong et al.,
2025a) to score each rationale with five criteria:
(1) Informativeness (I): the explanation offers new
insights, such as additional contextual knowledge;
(2) Soundness (S): the explanation is logical, valid,
coherent, and aligns well with the video content;
(3) Persuasiveness (P): the explanation is faithful to
the prediction and compelling in justifying the de-
cision; (4) Readability (R): the explanation follows
standard grammar and structure; (5) Fluency (F):
the explanation is smooth and natural. Each one is
rated on a 5-point Likert scale (Joshi et al., 2015)
(1 lowest and 5 highest quality) and the evaluation
is repeated multiple times, and the final scores are
reported as the average across runs. The evaluation
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MHClip-Y MHClip-B HateMM

Method ACC M-FI M-P M-R ACC M-F1I M-P MR ACC M-F1 M-P M-R
HTMM 7153 63.19 6830 62.64 71.02 61.83 6654 61.36 76.03 72.78 77.94 72.01
MHCL 7103 6547 6722 6486 7650 73.11 7320 73.02 7741 7654 7649 76.59
CMFusion 67.50 63.39 6344 6334 7050 6336 6596 6498 78.80 77.23 78.62 76.60
MoRE 77.50 75.19 7567 74.82 7850 7475 75.68 7410 8341 8235 81.78 8334
GPT-4.1-mini 7136 5582 7799 5820 7739 6690 8344 6567 81.02 80.16 80.22 80.10
Gemma3-27B 76.88 70.06 7746 68.61 8040 75.07 79.92 7323 79.63 79.60 8148 82.29
Qwen2.5-VL-72B 7387 6324 7649 63.03 79.40 73.80 7844 7208 78.70 78.67 80.54 8132
Gemma3-4B 7136 64.39 66.55 63.69 71.86 6627 6732 6570 75.00 7499 77.46 77.85

+ LEAF 7487 7311 72.62 7445 7387 7259 72.65 7581 85.65 8521 84.91 85.72
Qwen2.5-VL-3B 7337 6282 7488 62.65 7538 6454 7736 63.77 7778 7677 78.69 79.77

+ LEAF 7990 7614 78.49 7493 8141 7714 80.11 7561 8472 83.30 86.05 82.19

Table 1: Detection results on the MHClip-Y, MHClip-B, and HateMM datasets. The best are in bold and the second

underlined. Higher value of ACC, M-F1, M-P, and M-R indicate better performance.

0.00

Predict
(a) MHClip-Y Dataset.

Explain Predict Explain

(b) MHClip-B Dataset.

Figure 3: False Positive Rate (FPR) and False Negative
Rate (FNR) of the Qwen2.5-VL-72B under prediction-
only and prediction-with-explanation settings.

prompts in prior work are modified to better align
with HVD, and provided in the Appendix C.3.
Implementation Details. We primarily adopt
the popular open-source Qwen2.5-VL-72B
model (Bai et al., 2025) as the LMM teacher and
its lightweight counterpart, Qwen?2 . 5-VL-3B, as
the SMM backbone. However, LEAF is model-
agnostic and we also apply LEAF on Gemma3-4B
model (Team et al., 2025) for detection evaluation
to showcase its generalizability. The Stage-Wise
Distillation is implemented using LoRA-based fine-
tuning with the Unsloth (Daniel Han and team,
2023) framework, and the vision and language
components are jointly optimized. Training is per-
formed with a batch size of 8 using AdamW opti-
mizer. All experiments use NVIDIA L40S GPUs.

4.2 Preliminary Experiment: Benign Bias

We empirically assess the benign prediction bias ex-
hibited by current LMMs. Specifically, we prompt
the Qwen2.5-VL-72B model to perform two pre-
diction settings: prediction-only and prediction-
with-explanation, on the MHClip-Y and MHClip-B
datasets. To quantify the benign bias, we report the
False Negative Rate (FNR), which reflects the ra-

tio of hateful samples misclassified as benign. For
comparison, we also report the False Positive Rate
(FPR), which measures the ratio of benign samples
predicted as hateful. As shown in Figure 3, the
FNR is much higher than the FPR on both datasets,
and this discrepancy is amplified when the LMM
generates explanations alongside predictions, show-
casing severe benign bias in current LMMs.

4.3 Detection Performance

We report the detection performance in Table 1,
with observations as follows: (01): Multimodal
detection methods present strong capability on
HVD, benefiting from their effective harnessing
of the multimodal features with task fine-tuning.
However, their performance remains limited when
handling challenging samples that demand deep
semantic understanding of hateful clues and broad
contextual knowledge (i.e., interpreting the use of
a monkey emoji as a racial slur in certain contexts).
LMM-based methods alleviate this limitation by
leveraging their extensive pre-trained knowledge
to aid prediction. Nonetheless, their performance
is hindered by the benign prediction bias, and de-
biasing through fine-tuning incurs substantial com-
putational overhead. (02): SMM-based methods
exhibit lower zero-shot performance compared to
their large-scale LMM counterparts due to their
insufficient parametric knowledge. In contrast, our
LEAF combines the strengths of both multimodal
detection and LMM-based baselines by fine-tuning
lightweight SMMs on HVD, while equipping them
with valuable semantic and contextual knowledge
distilled from LMMs, achieving superior detection
performance with a lightweight structure.
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MHClip-Y MHClip-B HateMM

Module Variant M-F1 M-F1 M-F1
w/o Ground 75.96 76.54 80.59

SG-CoT (o sG-coT 7291 7409 7731
w/o Understand ~ 72.33 71.57 80.38

Distillation =~ w/o Explain 67.85 67.50 71.75
w/o Label 69.84 68.49 73.33

LEAF ALL 76.14 77.14 83.30

Table 2: Ablation study on core components.

(~>=Vanilla SMM _—=-LEAF w/o SG-CoT

LEAF

(a) MHClip-Y Dataset. (b) MHClip-B Dataset.

Figure 4: Quantitative comparisons of explanation.

4.4 Ablation Study

We assess the role of component in LEAF, with the
results in Table 2. To assess the SG-CoT mecha-
nism, we develop variants: (1) w/o Ground, which
drops the Ground step from the SG-CoT, and (2)
w/o SG-CoT, which directly prompts the LMM to
generate annotated explanations. Both variants re-
sult in degraded SMM performance, as the absence
of proper guidance from SG-CoT compromises the
quality of the distilled knowledge from the LMM.
To validate the Stage-Wise Distillation paradigm,
we design variants: (1) w/o Understand, and (2)
w/o Explain, where each variant skips one of the
distillation stages, and (3) w/o Label, which dis-
ables the multi-task distillation by removing HVD
task fine-tuning in the Explain stage. The first two
variants achieve degraded performance, highlight-
ing the importance of both distillation stages in
aiding the SMM to detect complex hateful clues
in videos. The w/o Label variant also achieves
suboptimal results, as lightweight SMMs, with lim-
ited model capacity and internalized knowledge,
struggle to generalize to HVD without task-specific
fine-tuning. We do not present the ablations of the
Reason and Explain steps of SG-CoT, as removing
them is equivalent to the ablations of the Under-
stand and Explain distillation stages.

4.5 Explainability Evaluation

Quantitative Explainability Analysis. We quanti-
tatively evaluate the explainability of LEAF against

one character gets mad and says “those vile monkeys.” It

@ Explanation: The video is like, an animated thing, where

|

< looks kind of like a funny part, because the way the l

character is mad is really over the top, maybe for jokes. |
Then at the end there’s suddenly a real person’s face

shown, which maybe makes it funnier. When they say |
“monkeys,” it doesn’t look like they mean a real group of

people. The whole thing feels more like silly anger, not |

. actual hate. So yeah, based on what’s shown, this yideo

|Dual1Stage | doesn’t really seem hateful. X l

| Distiflation |

|

|

|

|

|

|

o

Explanation: The video contains a scene where a character
expresses frustration with the phrase "those vile monkeys."
This language is historically and culturally associated with
& racist terminology, targeting people of African descent.

° The video's intent may be humorous, but the choice of
words and the visual context, including the superimposed

image of a real person, can be interpreted as reinforcing

negative and offensive stereotypes. Therefore, the video

should be classified as hateful due to its potential to c:
harm and offense.

Figure 5: Case study of the explanations generated from
the vanilla SMM and LEAF for a hateful video.

two baselines via G-Eval: (1) the vanilla SMM, and
(2) the SMM that distills coarse explanation super-
vision data from LMM without the guidance of our
proposed SG-CoT (dubbed as LEAF w/o SG-CoT)
on five metrics defined in experimental setup: In-
formativeness (I), Soundness (S), Persuasiveness
(P), Readability (R), and Fluency (F), with results
reported as average scores over the test set samples
from both datasets. In Figure 4, LEAF achieves
superior explainability compared to both baselines
on all metrics (especially in I, S, and P), show-
casing its strong capability to deliver faithful and
compelling explanations for HVD.

Qualitative Explainability Analysis. To further
validate the explainability of LEAF, we select a
hateful video from the HateMM test set and qual-
itatively compare the relevant explanations from
LEAF and the vanilla SMM. In Figure 5, the SMM
produces a factually incorrect rationale, providing
a misleading explanation for its benign decision
due to its limited ability to understand and explain
complex hateful cues (e.g., misinterpreting phrase
“those vile monkeys” as humorous content). In con-
trast, LEAF distills the capabilities to understand
and explain nuanced hateful elements in videos
from SG-CoT guided LMMs, enabling it to gener-
ate clear and faithful natural language explanations
that accurately identify specific hateful cues (e.g.,
recognizing “those vile monkeys” as a racist slur).
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Figure 6: Case study of the explanation supervision
signal generation guided by our SG-CoT mechanism.

I SMM
I SMM w/ LEAF

I SMM
I SMM w/ LEAF

F
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(a) MHClip-Y Dataset.

R
(b) HateMM Dataset.

Figure 7: Comparison of explainability on much smaller
SMM with and without our proposed LEAF.

4.6 Exploration on Much Smaller SMMs

We further investigate the feasibility of achieving
explainability in HVD with much more lightweight
SMMs than those employed in our main experi-
ments. Specifically, we select a SMM with par-
ticularly low model capacity, namely SmolVLM2-
500M-Video-Instruct (Marafioti et al., 2025), with
only 500M parameters. We then apply our pro-
posed LEAF framework to endow it with explain-
ability in HVD transferred from the LMM teacher,
Qwen2.5-VL-72B. As shown in Figure 7, both
SMMs exhibit noticeable improvements across all
five explainability metrics, demonstrating the scal-
ability of our framework to even more compact
model scale. These results showcase the poten-
tial of LEAF to support highly lightweight and
edge-adaptable models, making it particularly well-
suited for latency-sensitive applications such as

Performance / Efficiency

| S P R F

ACC M-F1 Time GPU

Figure 8: Inference efficiency and performance compar-
ison between LEAF and the vanilla large-scale LMM.

real-time video understanding on online platforms.

4.7 Case Study on Self-Grounding CoT

We conduct an in-depth analysis of how the pro-
posed SG-CoT mechanism guides the LMM (i.e.,
Qwen2.5-VL-72B) to generate unbiased and faith-
ful explanation supervisions for SMMs through
a case study. We select a hateful video from the
HateMM dataset, where the initial rationale from
the Explain step is factually incorrect (i.e., over-
looking violent acts of racial discrimination) due
to the LMM’s benign prediction bias. The Ground
step first identifies this incorrect explanation trajec-
tory and explicitly provides the ground-truth label
“hateful” as a golden prior to guide the regeneration
process. Besides, to ensure consistency and rele-
vance between the prediction and the explanation,
the Ground step further grounds both the rationale
and the prediction in the video to produce a more
faithful and compelling explanation (i.e., explicitly
identifying the racial discrimination, where two
white individuals violently restrain a black person).

4.8 Inference Efficiency Analysis

To showcase that LEAF achieves both cost effi-
ciency and strong explainability on HVD, we com-
pare its average per-sample inference cost on run-
time and GPU memory, as well as its explainability
in HVD on the MHClip-Y dataset, against the large-
scale LMM (Qwen2.5-VL-72B). As shown in Fig-
ure 8, LEAF achieves comparable or even superior
explainability to the vanilla LMM by alleviating its
benign bias through the high-quality explanation
supervised distillation. Meanwhile, LEAF incurs
significantly lower resource overhead, making it
compatible for online video platforms.

4.9 Low-Resource Dataset Evaluation

Beyond transferring explainability, the proposed
LEAF also reduces the reliance of SMMs on large-
scale training data for HVD owing to the knowl-
edge distillation. To validate this, we conduct a data
low-resource evaluation, where the vanilla SMM
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Figure 9: Performance comparison between label fine-
tuned SMM and LEAF on varying training size.

(with only detection label fine-tuning) and SMM
with LEAF are evaluated under progressively re-
duced training set sizes (from 100% to 20%). As
shown in Figure 9, LEAF achieves superior per-
formance in low-resource settings, benefiting from
the additional contextual and semantic knowledge
from the LMM via the Stage-Wise Distillation.

5 Conclusion

In this study, we introduced LEAF, the first
lightweight explainable framework for HVD.
Specifically, we proposed a novel three-step SG-
CoT mechanism to guide the LMM in generating
high-quality explanation supervisions on videos.
Supervised by these annotated signals, the SMM
progressively acquires strong interpretability for
HVD via a fresh Stage-Wise Distillation paradigm.
Experiments presented that LEAF achieves supe-
rior detection performance and strong explainabil-
ity in HVD, with lightweight overhead.

Limitations

While this work focuses on generating explanations
in natural language form, we envision that future
research can expand this by leveraging multiple
modalities in the context of hateful video detection.
For example, providing key visual, audio, and tex-
tual cues alongside natural language explanations
could deliver more comprehensive and convincing
justifications for detection outcomes. Nevertheless,
LEAF is still powerful as the first lightweight yet
effective explainable HVD framework.

Ethical Considerations

This work aims to mitigate the spread of hateful and
discriminatory content in online videos by develop-
ing lightweight and explainable hateful video de-
tection models that assist human moderation. Our
proposed framework LEAF is designed solely for
analysis and detection purposes and does not gen-
erate, promote, or endorse any harmful, hateful,

or discriminatory content. While we acknowledge
the potential risk that automated systems may be
misused or circumvented by malicious actors, such
behavior is strongly discouraged and beyond the
intended scope of this research. LEAF is not in-
tended to replace human judgment; instead, it pro-
vides grounded, human-readable explanations to
support content moderators in understanding model
decisions and decoding implicit hateful cues. We
believe this approach contributes to more transpar-
ent, responsible, and human-aligned Al systems
for online content moderation.
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A Detailed Prompt Content for LEAF
A.1 Prompt for SG-CoT Mechanism

In this section, we provide the detailed content of
prompts fed to Large Multimodal Models (LMMs)
for yielding fine-grained and unbiased explanation
supervisions via the three step multimodal Self-
Grounding Chain-of-Thought (CoT (Wei et al.,
2022)) mechanism, including the prompt for Rea-
son, Explain, and Ground steps.

* Prompt for Reason Step: “You are a video con-
tent analyzer on a video platform. You are pro-
vided with the following inputs from a video: - 16
consecutive video frames (visual context), - the
video title, - its full transcript, - any on-screen
text extracted via OCR. Video Title: [{title}]
Video Transcript: [{transcript}] On-screen Text:
[{ocr}] Your task is to consider all the inputs and
write a detailed and logically complete analysis
of the video that clearly conveys the main story-
line. Try to understand the nuanced sentiment of
the content, identify key people or objects, pro-
vide relevant background context, and describe
important visual elements such as symbols or
actions. Avoid using bullet points or headings.
The goal is to produce an output that is clear,
consistent, and easy for a smaller student model
to learn from. Respond in the following format:
“The video describes [analysis]”.. ”

Prompt for Explain Step: “ You are a moderator
on a video platform. You are provided with the
following inputs from a video: - 16 consecutive
video frames (visual context), - the video title, -
its full transcript, - any on-screen text extracted
via OCR. Video Title: [{title}] Video Transcript:
[{transcript}] On-screen Text: [{ocr}] You are
also provided with a detailed description of the
video content which is generated by previous
steps, along with relevant background knowledge.
Video Description: [{description}] Hateful video
definition: The video is classified as hateful as
it contains hateful content targeting individuals
or groups based on race, religion, gender, sexu-
ality, or other identities. Your task is to consider
all the inputs and incorporate contextual back-
ground knowledge of the video to understand
the nuanced sentiment of the content. Based on
this, judge whether the video is hateful or benign.
Provide a clear and easy-to-understand reasoning
for your judgment. Avoid using bullet points or
headings. The goal is to produce an output that is
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clear, consistent, and easy for a smaller student
model to learn from. Respond in the following
format: Thought: [your reasoning in natural lan-
guage] Answer: [hateful/benign]

Prompt for Ground on label: You are a moder-
ator on a video platform. You are provided with
the following inputs from a {text_label} video:
- 16 consecutive video frames (visual context), -
the video title, - its full transcript, - any on-screen
text extracted via OCR. Video Title: [{title}]
Video Transcript: [{transcript}] On-screen Text:
[{ocr}] You are also provided with a description
of the video for its hate prediction. Video De-
scription: [{description}] The video has been
classified as {text_label} by the standard of the
platform. Your task is to consider the video con-
tent and provide a clear and easy-to-understand
resoning for judging the video as {text_label}.
Avoid using bullet points or headings. The goal
is to produce an output that is clear, consistent,
and easy for a smaller student model to learn
from. Respond in the following format: Thought:
[your reasoning in natural language] Answer:
[{text_label}]

Prompt for Ground on Video: You are a moder-
ator on a video platform. Given the following in-
formation: - 16 consecutive video frames (visual
context), - Video Title: [{title}] - Video Tran-
script: [{transcript}] - On-screen Text (OCR):
[{ocr}] - Video Description: [{description}] -
Your Previous Explanation: [{explanation}] The
video has been classified as prediction by both the
platform standard and your previous prediction.
Hateful video definition: A video is hateful if it
targets individuals or groups based on race, reli-
gion, gender, sexuality, or other identities. Your
ONLY task is to verify if your previous explana-
tion faithfully matches the prediction based on
the video content. If your previous explanation
accurately reflects the prediction, respond ONLY
with: “OK” ONLY IF your previous explanation
does NOT faithfully match the prediction, pro-
vide a revised explanation. In this case, clearly
provide a brief, faithful, and easy-to-understand
revised explanation WITHOUT changing the pre-
diction. Do NOT provide any analysis, reasoning
or other comments if your original explanation is
already faithful. Your response must strictly fol-
low ONE of these formats: If faithful: OK If not
faithful: Respond in the following format: Re-



vised Explanation: [your brief and clear revised
explanation] Answer: [{prediction}]

A.2 Prompt for Stage-Wise Distillation
Paradigm

In this section, we provide the detailed content of
prompts for Smaller Multimodal Models (SMMs)
from LMMs in acquiring explainability for in-
terpretable HVD via the Stage-Wise Distillation
paradigm, including the prompts for Understand
and Explain stages.

* Prompt for Understand Step: “You are a video
content analyzer on a video platform. You are
provided with the following inputs from a video: -
4 consecutive video frames (visual context), - the
video title, - its full transcript, - any on-screen
text extracted via OCR. Video Title: [{title}]
Video Transcript: [{transcript}] On-screen Text:
[{ocr}] Your task is to consider all the inputs and
write a detailed and logically complete analysis
of the video that clearly conveys the main story-
line. Try to understand the nuanced sentiment of
the content, identify key people or objects, pro-
vide relevant background context, and describe
important visual elements such as symbols or
actions. Avoid using bullet points or headings.
The goal is to produce an output that is clear,
consistent, and easy for a smaller student model
to learn from. Respond in the following format:

9

“The video describes [analysis]”.

Prompt for Explain Stage: “ You are a modera-
tor on a video platform. You are provided with
the following inputs from a video: - 4 consec-
utive video frames (visual context), - the video
title, - the full transcript, - any on-screen text
extracted via OCR. Video Title: [{title}] Video
Transcript: [transcript] On-screen Text: [{ocr}]
Hateful video definition: The video is classified
as hateful as it contains hateful content target-
ing individuals or groups based on race, religion,
gender, sexuality, or other identities. Your task
is to consider all the inputs and incorporate con-
textual background knowledge of the video to
understand the nuanced sentiment of the con-
tent. Based on this, judge whether the video is
hateful or benign. Provide a clear and easy-to-
understand reasoning for your judgment. Re-
spond in the following format: Thought: [your
reasoning in natural language] Answer: [hate-
ful/benign]

Characteristics MHClip-Y MHClip-B HateMM
Total Videos 1,000 1,000 1,083
Hateful Videos 338 322 431
Benign Videos 662 678 652
Avg. Duration (s) 33.8 31.8 150.0
Languages English Chinese English
Platforms YouTube Bilibili BitChute

Table 3: Characteristics of three video datasets in HVD.

A.3 Prompt for Inference

In this section, we provide the detailed content of
prompt for SMMs in delivering both prediction
and human-aligned explanation for videos in the
reference phase:

“ You are a moderator on a video platform. You
are provided with the following inputs from a video:
- 4 consecutive video frames (visual context), - the
video title, - the full transcript, - any on-screen text
extracted via OCR. Video Title: [{title}] Video
Transcript: [{transcript}] On-screen Text: [{ocr}]
Hateful video definition: The video is classified
as hateful as it contains hateful content targeting
individuals or groups based on race, religion, gen-
der, sexuality, or other identities. Your task is to
consider all the inputs and incorporate contextual
background knowledge of the video to understand
the nuanced sentiment of the content. Based on
this, judge whether the video is hateful or benign.
Provide a clear and easy-to-understand reasoning
for your judgment. Respond in the following for-
mat: Thought: [your reasoning in natural language]
Answer: [hateful/benign] ”

B Algorithm of Proposed LEAF

In this section, we present the detailed algorithms
of our proposed framework LEAF, including both
the SG-CoT mechanism guided explanation an-
notation process and the Stage-Wise Distillation
paradigm. The algorithm for explanation data an-
notation is presented in Algorithm 1, while the
distillation procedure is provided in Algorithm 2.

C Detailed Experimental Settings
C.1 Datasets

We conduct extensive experiments on three
real-world public video datasets: MultiHateClip-
YouTube (MHClip-Y), MultiHateClip-Bilibili
(MHClip-B) (Wang et al., 2024b), and
HateMM (Das et al., 2023). Each dataset is
split into training, validation, and test sets in a
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Algorithm 1 SG-CoT Guided Explanation Data
Annotation

Require: Training HVD dataset Dy, = {Si}f\i’fl.
Ensure: Explanation-annotated HVD dataset
Do = (S5 Ri €)1
1: for each sample S; € Dyin do
2 // Video Preprocessing
3: Sample frames to construct visual input V;.
4 Extract on-screen text and combine with
title to obtain textual input 7;.
Transcribe audio to obtain audio input .A;.
// Step 1: Reason
: Generate contextual reasoning output R;
via Eq.(1).
8: // Step 2: Explain
: Generate vanilla explanation and LMM

AN

prediction via Eq.(2).
10: // Step 3: Ground
11: if Yi 7& :l)z then
12: Re-generate explanation <5~’Z using

ground-truth label as golden prior via Eq.(3).
13: end if
14: Refine explanation with video content
grounding via Eq.(4).
15: Store (S;, R, &;) into Dy .
16: end for

17: return DOF

train®

7:1:2 ratio, following prior work (Lang et al.,
2025). The detailed dataset statistics are provided
in Table 3. Below, we present the detailed dataset
descriptions for each dataset.

* MHClip-Y and MHClip-B (Wang et al., 2024b):
These two datasets are specifically constructed
for the task of hateful video detection on
YouTube and Bilibili, two of the most popular on-
line video-sharing platforms. Each data instance
comprises a video along with its corresponding
metadata, including the title, transcript, and fine-
grained human annotations. The annotations indi-
cate whether the content is hateful, offensive, or
benign for downstream analysis. Following prior
work (Lang et al., 2025), we group hateful and
offensive categories under a unified hateful label,
thereby framing the task as a binary classification
problem (hateful vs. benign).

 HateMM (Das et al., 2023):This dataset col-
lects videos from BitChute, an alternative video-
sharing platform known for its minimal content

Algorithm 2 Stage-Wise Distillation Paradigm

exXp

Require: Explanation-annotated dataset D, ;| =

{(Slv Ri, 52)}z]\it1
Ensure: Trained SMM model with explainability
in HVD.
1: // Stage 1: Understand
2: for each (S;,R;) in D,.0 do
3: Encode video content S; = {7;,V;, A;}
into SMM.

4: Generate reasoning output Ri using
prompt P .

5: Compute cross-entropy loss for reasoning
supervision via Eq.(5).

6: end for

7: Update SMM parameters using reasoning loss
L.
8: // Stage 2: Explain
9: for each (S;,&;) in D,k do
10: Encode video content S; with SMM.
11: Predict class label g; and explanation &
using prompt Pso.
12: Compute classification loss via Eq.(7).
13: Compute explanation distillation loss via
Eq.(8).
14: Combine both into multi-task objective via
Eq.(6).
15: end for
16: Update SMM parameters using final loss L.
17: return Trained SMM model.

moderation. Each video sample is manually an-
notated by trained experts to ensure labeling qual-
ity. For each sample, the full video content is
provided along with a binary label indicating
whether the video is hateful or benign, enabling
standard supervised learning for binary classifi-
cation.

C.2 Baselines

In this study, we compare our proposed LEAF with
9 competitive baselines, which can be grouped into
three classes: (1) Multimodal detection methods
that model cross-modal relationships for detection,
including HTMM (Das et al., 2023), MHCL (Wang
et al., 2024b), CMFusion (Zhang et al., 2024),
and MoRE (Lang et al., 2025); (2) LMM-based
methods that employ powerful LMMs for predic-
tion, including GPT-4.1-mini (Hurst et al., 2024),
Gemma3-27B (Team et al., 2025), and Qwen2.5-
VL-72B (Bai et al., 2025); (3) SMM-based meth-
ods that utilize lightweight SMMs for prediction,
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including Gemma3-4B (Team et al., 2025) and
Qwen2.5-VL-3B (Bai et al., 2025). Notably, the
prompts for both LMM- and SMM-based baselines
are the same as our LEAF utilized in inference
stage. Below we provide detailed descriptions for
each baseline model.

e« HTMM (Das et al., 2023): HTMM encodes
multimodal inputs, including transcripts, visual
frames, and audio signals—into unified represen-
tations via modality-specific feature extractors.
The concatenated features are then processed by
an MLP-based classifier to identify hateful con-
tent in short-form videos.

* MHCL (Wang et al., 2024b): MHCL evaluates
the contribution of each modality, audio, text,
and vision, in detecting hateful content in videos.
It employs LSTM-based encoders to extract and
integrate temporal features across modalities for
final hate classification.

¢ CMFusion (Zhang et al., 2024): CMFusion en-
hances multimodal hate video detection by in-
troducing a channel-wise and modality-wise fu-
sion mechanism. It first captures temporal depen-
dencies between audio and visual streams via a
temporal cross-attention module, then adaptively
fuses text, audio, and video features to generate
discriminative representations for classification.

* MoRE (Lang et al., 2025): MoRE introduces a
retrieval-augmented mixture of multimodal ex-
perts framework to enhance HVD. It retrieves
semantically relevant video instances to improve
generalization to emerging hateful content and
employs a multimodal MoE network to adap-
tively fuse modality-specific experts at the in-
stance level.

* GPT-4.1-mini (OpenAl, 2024): GPT-4.1-mini
is a lightweight member of the GPT-4.1 model
family recently released by OpenAl. This model
achieves strong performance on instruction fol-
lowing and code generation tasks, outperforming
previous models such as GPT-40 and GPT-4o-
mini. GPT-4.1-mini also supports long-context
processing, with improved ability to utilize ex-
tended context for reasoning and generation. In
this study, we choose it as a strong and competi-
tive baseline with zero-shot setting.

¢ Gemma-3 (Team et al., 2025): Gemma 3 is a
latest released LMM that integrates visual and

textual inputs within a unified architecture. It
employs a SigL.IP-based vision encoder to trans-
form video frames into a fixed set of visual to-
kens, which are interleaved with text tokens and
processed using alternating local and global self-
attention layers to support long-context under-
standing (up to 128K tokens). This design en-
ables Gemma 3 to perform a variety of multi-
modal reasoning and understanding tasks in a
zero-shot setting through instruction tuning. In
this study, we adopt two model sizes from the
Gemma-3 family, Gemma-3-4B and Gemma-3-
27B, as our SMM and LMM baselines, respec-
tively. The 4B model also serves as our SMM
backbone in the detection experiment.

¢ Qwen2.5-VL (Bai et al., 2025): Qwen2.5-VL
is the latest flagship model in the Qwen vision-
language series, showcasing substantial improve-
ments in both core capabilities and advanced
functionalities. It marks a significant step for-
ward in visual understanding and interaction, ex-
celling in fine-grained visual recognition, accu-
rate object localization, robust document pars-
ing, and comprehensive long-video analysis. In
this work, we employ two model sizes from
the Qwen2.5-VL family, Qwen2.5-VL-3B and
Qwen2.5-VL-72B, as our SMM and LMM base-
lines, respectively. The 3B model also serves
as our primary SMM backbone in most experi-
ments.

Notably, both the LMM- and SMM-based baselines
are evaluated using the same inference prompt as
our proposed LEAF to ensure a fair comparison.

C.3 Quantitative Explainability Evaluation
Details

As mentioned in the main paper, we adopt five
metrics for quantitative evaluation of explainability,
including:

* Informativeness (I): the explanation offers new
insights, such as additional contextual knowl-
edge.

* Soundness (S): the explanation is logical, valid,
coherent, and aligns well with the video content.

* Persuasiveness (P): the explanation is faithful to
the prediction and compelling in justifying the
decision.

* Readability (R): the explanation follows stan-
dard grammar and structure.
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* Fluency (F): the explanation is smooth and natu-
ral.

Each criterion is rated on a 5-point Likert
scale (Joshi et al., 2015), where 1 denotes the low-
est and 5 the highest quality. To facilitate eval-
uation, we employ GPT-4.1 mini (gpt-4.1-mini-
2025-04-14 ) as the assessment LLM and construct
tailored prompts corresponding to each evaluation
criterion. The prompt for each criterion are pro-
vided below:

* Prompt for Informativeness Evaluation: You
will be given a video including title and textual
content. You will be provided with an explana-
tion regarding whether this video contains hate-
ful content. Your task is to rate the explanation
on one metric. Please make sure you read and
understand these instructions carefully. Please
keep this document open while reviewing, and
refer to it as needed. Evaluation Criteria: Infor-
mativeness (1-5) - assesses whether the expla-
nation offers new insights and additional con-
textual knowledge beyond the basic classifica-
tion. A high score indicates that the explanation
provides valuable contextual information, back-
ground knowledge, or deeper insights that en-
hance understanding of why the content may or
may not be hateful. Evaluation Steps: 1. Care-
fully review the video’s title and textual content.
2. Read the provided explanation about whether
the video contains hateful content. 3. Assess how
much new insights and contextual knowledge the
explanation provides, including background de-
tails and additional context that helps understand
the situation better. 4. Assign a score for In-
formativeness on a scale of 1 to 5, where 1 is
the lowest (providing little to no new insights or
contextual knowledge) and 5 is the highest (offer-
ing extensive new insights and contextual knowl-
edge). Example: video: Title: {Title} Content:
{Content} Explanation: {Explanation} Evalua-
tion Form (score ONLY): - Informativeness:

Prompt for Readability Evaluation: You will
be given a video including title and textual con-
tent. You will be provided with an explanation
regarding whether this video contains hateful con-
tent. Your task is to rate the explanation on one
metric. Please make sure you read and under-
stand these instructions carefully. Please keep
this document open while reviewing, and refer
to it as needed. Evaluation Criteria: Readability
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(1-5) - evaluates whether the explanation follows
standard grammar and structure. A high score
indicates that the explanation adheres to proper
grammatical rules, maintains consistent structure,
and is well-organized according to standard writ-
ing conventions. Evaluation Steps: 1. Carefully
review the video’s title and textual content. 2.
Read the provided explanation about whether the
video contains hateful content. 3. Assess the
explanation’s readability by considering: - Ad-
herence to standard grammar rules - Consistency
in structural organization - Proper use of punctu-
ation and sentence construction - Overall confor-
mity to standard writing conventions 4. Assign a
score for Readability on a scale of 1 to 5, where
1 is the lowest (poor grammar and structure) and
5 is the highest (excellent grammar and struc-
ture). Example: video: Title: {Title} Content:
{Content} Explanation: {Explanation} Evalua-
tion Form (score ONLY): - Readability:

Prompt for Soundness Evaluation: You will
be given a video including title and textual con-
tent. You will be provided with an explanation
regarding whether this video contains hateful con-
tent. Your task is to rate the explanation on one
metric. Please make sure you read and under-
stand these instructions carefully. Please keep
this document open while reviewing, and refer to
it as needed. Evaluation Criteria: Soundness (1-
5) - evaluates whether the explanation is logical,
valid, coherent, and aligns well with the video
content. A high score indicates that the explana-
tion demonstrates logical consistency, valid rea-
soning, coherent structure, and strong alignment
with the actual video content. A low score sug-
gests that the explanation lacks logical validity,
contains inconsistencies, or poorly aligns with
the video content. Evaluation Steps: 1. Carefully
review the video’s title and textual content. 2.
Read the provided explanation about whether the
video contains hateful content. 3. Assess the
explanation’s soundness by considering: - Log-
ical consistency and validity of the reasoning -
Coherence of the overall structure and arguments
- Alignment between the explanation and the ac-
tual video content - Absence of logical fallacies
or contradictions 4. Assign a score for Soundness
on a scale of 1 to 5, where 1 is the lowest (not
sound, poor alignment) and 5 is the highest (very
sound, excellent alignment). Example: video:
Title: {Title} Content: {Content} Explanation:



{Explanation} Evaluation Form (score ONLY): -
Soundness:

Prompt for Persuasiveness Evaluation: You
will be given a video including title and textual
content. You will be provided with an explana-
tion regarding whether this video contains hateful
content. Your task is to rate the explanation on
one metric. Please make sure you read and un-
derstand these instructions carefully. Please keep
this document open while reviewing, and refer
to it as needed. Evaluation Criteria: Persuasive-
ness (1-5) - evaluates whether the explanation is
faithful to the prediction and compelling in justi-
fying the decision. A high score indicates that the
explanation accurately reflects the model’s pre-
diction and provides compelling justification for
the classification decision. A low score suggests
that the explanation is unfaithful to the prediction
or lacks compelling justification for the decision.
Evaluation Steps: 1. Carefully review the video’s
title and textual content. 2. Read the provided
explanation about whether the video contains
hateful content. 3. Assess the explanation’s per-
suasiveness by considering: - Faithfulness to the
actual prediction/classification - Compelling na-
ture of the justification provided - Effectiveness
in supporting the classification decision - Overall
convincingness in explaining why the decision
was made 4. Assign a score for Persuasiveness
on a scale of 1 to 5, where 1 is the lowest (unfaith-
ful and unconvincing) and 5 is the highest (highly
faithful and compelling). Example: video: Title:
{Title} Content: {Content} Explanation: {Expla-
nation} Evaluation Form (score ONLY): - Per-
suasiveness:

Prompt for Fluency Evaluation: You will be
given a video including title and textual content.
You will be provided with an explanation regard-
ing whether this video contains hateful content.
Your task is to rate the explanation on one met-
ric. Please make sure you read and understand
these instructions carefully. Please keep this doc-
ument open while reviewing, and refer to it as
needed. Evaluation Criteria: Fluency (1-5) - eval-
uates whether the explanation is smooth and nat-
ural. A high score indicates that the explanation
flows smoothly, uses natural language patterns,
and reads effortlessly with seamless transitions
between ideas. A low score suggests that the ex-
planation is choppy, unnatural, or difficult to read

[~ Vanilla LMM —=-LMM w/ SG-CoT

(a) MHClip-Y Dataset. (b) MHClip-B Dataset.

Figure 10: Comparison of quality of the annotated ex-
planation data between the Vanilla LLM and the LMM
with our proposed SG-CoT mechanism.

smoothly. Evaluation Steps: 1. Carefully review
the video’s title and textual content. 2. Read the
provided explanation about whether the video
contains hateful content. 3. Assess the explana-
tion’s fluency by considering: - Smoothness and
naturalness of language flow - Natural rhythm
and pacing in sentence construction - Seamless
transitions between ideas and sentences - Overall
ease and comfort in reading the text 4. Assign a
score for Fluency on a scale of 1 to 5, where 1
is the lowest (choppy and unnatural) and 5 is the
highest (smooth and natural). Example: video:
Title: {Title} Content: {Content} Explanation:
{Explanation} Evaluation Form (score ONLY): -
Fluency:

In practice, for evaluation generation, we set the
temperature to 2.0 and the n (the number of com-
pletions) to 20. The final result is reported as the
average over these completions.

C.4 Implementation Details

In this section, we provide implementation details
related to our work, including the video data pre-
processing, the LMM and SMM backbone, the
explanation data annotation, the Stage-Wise Distil-
lation, and the running environment.

* Video Data Preprocessing: We detail our video
data preprocessing for both visual and textual
modalities. For the visual modality, we sample
16 frames per video when annotating explana-
tion data to ensure sufficient temporal coverage
for reasoning. In contrast, we sample 4 frames
for Stage-Wise Distillation to stabilize training
and reduce inference overhead. For the textual
modality, we use PaddleOCR (Li et al., 2022)
to extract on-screen text and Whisper (Radford
et al., 2023) to transcribe audio.
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(a) Inference efficiency and performance comparison between
LEAF and vanilla LMM on the MHClip-B dataset.
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(b) Inference efficiency and performance comparison between
LEAF and vanilla LMM on the HateMM dataset.

Figure 11: Inference efficiency and performance comparison between LEAF and vanilla LMM on the MHClip-B

and HateMM datasets.

* LMM and SMM backbone: We mainly adaopt
the popular open-source Qwen?2.5-VL-72B
model (Bai et al., 2025) as the LMM teacher and
its lightweight counterpart, Qwen?2 .5-VL-3B
model, as the SMM backbone. However, LEAF
is model-agnostic and we also apply LEAF on
Gemma3-4B model (Team et al., 2025) for de-
tection evaluation to showcase its generalizabil-

ity.

* Explanation Data Annotation: We employ
Qwen2.5-VL-72B-unsloth-bnb-4bit
as the teacher model, and set the temperature to
0.000001.

» Stage-Wise Distillation: We adopt Un-
sloth (Daniel Han and team, 2023) as our
fine-tuning framework and utilize two SMM:
Qwen?2.5-VL-3B-unsloth-bnb-4bit

and gemma-3-4b-it-unsloth-bnb-4bit.

To mitigate category imbalance in the training
data, we apply negative sampling during data
preprocessing, ensuring a more balanced label
distribution. For LoRA (Hu et al., 2022)
fine-tuning, we configure the rank r to 16 and set
lora alpha to 16, enabling joint fine-tuning of
both vision and language modules. Our training
setup accommodates a maximum sequence
length of 32,768 tokens and a batch size of 8. We
employ the AdamW 8-bit optimizer (Dettmers
et al., 2022), with a warmup cosine scheduler,
using a weight decay of 0.01 and a warmup
ratio of 0.1. Learning rates are adjusted in a
stage-specific manner: during the understand
stage, we explore learning rates in the range
of 5e-5 to 9e-5, while in the explain stage, we
increase this range from 6e-4 to 9e-4.

* Running Environment: All experiments are
conducted on a system equipped with an AMD

EPYC 7K62 CPU, an NVIDIA L40s GPU, and
128 GB of system RAM.

D Quantitative Evaluation on SG-CoT
Mechanism

In the main paper, we have demonstrated the ef-
fectiveness of SG-CoT through both detection per-
formance and a quantitative explainability analy-
sis within the LEAF framework. However, this
evaluation is indirect. In this section, we present
a more straightforward assessment by evaluating
the quality of the annotated explanation-oriented
data generated by SG-CoT, providing further evi-
dence of its efficacy. Specifically, we compare the
quality of annotated data generated by the vanilla
LMM (Qwen2.5-VL-72B) and by the same LMM
guided by our SG-CoT mechanism (LLM w/ SG-
CoT), using five pre-defined explainable evaluation
criteria. As illustrated in Figure 10, the annota-
tions produced by the vanilla LMM exhibit com-
promised quality across almost all metrics, with
particularly low quality in Informativeness, Sound-
ness and Persuasiveness due to its severe benign
bias. In contrast, the annotations generated under
the guidance of SG-CoT demonstrate significantly
enhanced quality, showcasing its efficacy in steer-
ing the LMM to produce more faithful and unbi-
ased explanation supervision signals.

E Additional Efficiency Analysis

In this section, we additionally provide the infer-
ence efficiency comparison on the MHClip-B and
HateMM datasets to complement the results in the
main paper, which were omitted due to space con-
straints. As illustrated in Figure 11a and Figure 11b,
LEAF achieves comparable and even better explain-
ability than the vanilla LMM on some metrics, as
LEAF alleviates the severe benign bias of the LMM
through the Stage-Wise Distillation. Meanwhile,
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passionately about various topics, including racial issues. The
| < individual uses offensive language, which can be considered

o
é hateful towards certain groups based on race. However, the

i @ Explanation: The video shows a person speaking

video does not explicitly target individuals or groups based
on race, religion, gender, sexuality, or other identities. Instead,
| SMM the content seems to be a personal expression of
H frustration and anger. Therefore, while the content is
I controversial and may be considered offensive by , it
Dual+S§tage | does not meet the criteria for being classified as h:xl.

Distillation

Explanation: The video contains several elements that
| indicate it is hateful. The speaker uses racial slurs and
. derogatory terms multiple times, targeting individuals
| based on their race. The use of words like "nigger" is
° particularly offensive and promotes harmful stereotypes. The
speaker also expresses frustration and anger, which, while

not directly related to hate speech, contributes to the overall
negative tone. Despite the lack of direct violence, the

SMM combination of the offensive language and the SW'S
! aggressive demeanor makes the video hateful.

Text: There are several different versions of the Ten Little Nigger Boys.
Here is ours, sung by Stanley, Doris, and the children...

participants engage in a conversation. The chat includes |
o various messages, some of which contain offensive |
é language. However, the overall context suggests that these

@ Explanation: The video shows a live stream where two

messages are part of a typical online interaction. The |
participant in the red cap appears to be responding to the .
SMM offensive comments with frustration and amusement, |

indicating that they are trying to navigate through the .
challenging environment. The presence of offgngive |
Dual+$tage | language does not necessarily make the video hatefyl® |

Distillation l

Explanation: The video content includes multiple instances |
of offensive and derogatory language directed at various |

groups, particularly targeting Black individuals and people X
& associated with the "Jewish" community. The speaker uses |

° terms like "nigger," "jew," and other racial slurs, which are .
ﬁ deeply hurtful and promote hate. The chatroom is filled |
with similar hateful messages, creating a hostile and .
discriminatory environment. Given the promotion of hate |
SMM towards specific groups, this video clearly falls under N
category of hateful content. |

: Text: Hey guys, what's up? So | am here stuck at the Chaz because |
|| gave away my last $20 that my parents fed to me to two black ...

LMM Stepl: Redson on Video

LMM Stepl: Reason on Video

| Reasoning: The video describes a controversialchildren's rhyme titled "Ten
| Little Nigger Boys," which is presented through a series of illustrated

frames. The video begins with a colorful illustration of ten boys, setting the
stage for a countdown narrative.The video serves as a historical artifact,
showcasing the racist attitudes prevalent in the past, but it is important to
approach such content with caution and awareness of its impact.

LMM  Step2: Explain Rationale and Predict

Explanation: The video presents a children's rhyme titled "Ten Little Nigger
Boys," which is a historically insensitive and offensive piece of content. The
use of the word "nigger" is a racial slur that has been used to demean
| and discriminate against Black people... Therefore, based on the hateful
content targeting individuals based on race, the video is classifi S
hateful... Prediction: Hateful.

Reasoning: The video describes a satirical and provocative fitness class |
set in a protest camp environment, likely referencing the Capitol Hill .
Autonomous Zone (CHAZ) protests. The presenter, dressed in a red shirt |
and a colorful beanie, introduces a series of exercises named
"Chazercise," which are laden with social commentary and irony ... |

LMM  Step2: Explain Rationale and Predict |

Explanation: The video appears to be a satirical take on social and |
political issues. The presenter uses exaggerated and provocative language
and gestures to critique and mock certain aspects of these movements. |
The use of satire can sometimes be misunderstood, but in this case, '
the context and delivery indicate that the intent is not to promote hatesbu |
to comment on it... Prediction: Benign. |

| LMM  Step3: Ground on Label and Video

LMM  Step3: Ground on Label and Video

Explanation: The video presents a historical children's rhyme that includes
offensive language and imagery. The video appears to document and
present the rhyme as it was historically recorded, possibly for
educational or awareness purposes. The visual frames and the
accompanying text serve to illustrate the rhyme's narrative, .... The
video's intent seems to be to inform viewers about past cultural practiﬁ

and the evolution of societal norms, rather than to perpetuate thesi.
Therefore, it can be considered benign. Prediction: Benign.

Explanation: The video content includes several elements that contribute '
to its classification as hateful. The presenter uses derogatory language, |
such as referring to white people as "crackers" and encouraging N
violent actions like "chopping off the heads of white supremacists." I
The exercises described in the video, while presented in a satirical manner, |
promote harmful stereotypes and encourage discrimination against certain ,
racial and political groups. Therefore, considering the offensive nat |
the content, the video is judged as hateful... Prediction: Hateful.

Figure 13: Cases of the explanation supervision signal generation process guided by our SG-CoT mechanism.

LEAF incurs significantly lower resource overhead
compared to the LMM in terms of runtime latency
and GPU memory consumption, making it more
suitable for real-world video platforms.

F Additional Case Study on
Explainability

In this section, we provide more cases from
HateMM dataset to qualitatively demonstrate the

explainability of our proposed LEAF in Figure 12.

G Additional Case Study on SG-CoT
Mechanism

As illustrated in Figure 13, we present more cases
from HateMM dataset to showcase the effective-
ness of our proposed SG-CoT mechanism in guid-
ing LMMs to provide high-quality explanation su-
pervisions for videos.
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