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Abstract
Short video harmful content detection aims to au-
tomatically identify diverse anomalies from user-
generated media. This task presents unique chal-
lenges due to frequent editing cuts and highly
variable anomaly densities, limiting the effective-
ness of traditional surveillance-based approaches.
Moreover, existing Vision-Language Model-based
approaches typically rely on rigid instance se-
lection mechanisms that fail to adapt to the un-
predictable duration of anomalies in such uncon-
strained videos. To address these issues, we pro-
pose SVLA, a Shot-conditioned Vision-Language
Adaptation framework, for effectively detecting
harmful contents from online short videos. Our
approach introduces a novel π-adaptive strategy to
dynamically estimate shot-level anomaly density,
replacing rigid selection with calibrated supervi-
sion. Furthermore, we employ a shot-conditioned
temporal encoder to respect video hierarchy and
adopt a dual-path contextual adapter to resolve se-
mantic ambiguity. To benchmark this task, we con-
struct a new dataset (SVA) covering more genuine
online short videos that involve seven anomaly cat-
egories. Experiments on the SVA dataset demon-
strate that SVLA can achieve the state-of-the-art
performance and outperform its competitors across
diverse scenarios. Codes and datasets are available
at: https://github.com/xushuai7/IJCAI-SVLA.

1 Introduction
In recent years, detecting harmful content (referred to as
anomaly in some literature) from online video platforms
has gained widespread attention. Weakly Supervised Video
Anomaly Detection (WSVAD) only requires video-level an-
notations to achieve detection capabilities and it is expected
to become a general solution to this task. Most studies
in this field follow a standardized pipeline: first, videos
are formulated as “bags” composed of temporal snippets
in the multi-instance learning (MIL) framework [Sultani
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Figure 1: Comparison of instance selection paradigms. Top: The
traditional fixed Top-K strategy ignores structural boundaries and
density variations. Bottom: Our proposed shot-aware & π-adaptive
paradigm dynamically calibrates the selection scope based on shot-
level density π, enabling precise detection in both sparse and dense
scenarios.

et al., 2018] ; then, the 3D-CNN backbone network is
used to extract visual representations [Wu et al., 2020;
Tian et al., 2021]; in the end, anomalous bags are distin-
guished from normal ones through ranking-based constraints.
Although such uni-modal paradigm has matured, it does not
fully utilize the rich semantics from cross-modal data, es-
pecially when textual information is available. Over the
past few years, Vision-Language Models (VLMs) (such as
CLIP [Radford et al., 2021]) have made significant progress
in this field, achieving considerable anomaly detection ef-
fectiveness through semantic matching [Wu et al., 2024b;
Dev et al., 2024]. Given the breakthrough performance of the
large-scale pre-trained models, directly aligning visual fea-
tures with anomaly-related textual descriptions has become
an emerging research direction and has been widely applied
in downstream visual tasks [Xu et al., 2025].

However, existing studies have certain limitations when
dealing with the detection of harmful content from online
short videos. The methods heavily rely on the fixed priors
of surveillance videos, i.e., the assumption of temporal conti-
nuity and the assumption of anomaly sparsity. Unlike surveil-
lance videos, user-generated short videos in online platforms
like TikTok are usually edited and processed, characterized
by rapid shot transitions rather than maintaining temporal co-
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herence. If traditional temporal modeling methods are di-
rectly applied to such data, the features of different shots
will be mixed, resulting in the leakage of temporal informa-
tion. On the other hand, the “sparsity assumption” of surveil-
lance videos is no longer applicable to short videos. The
anomaly density of short videos varies greatly, which can
be either brief unexpected events or long-lasting abnormal
scenes. Therefore, the standard MIL paradigm based on the
fixed Top-K strategy may perform poorly: in sparse anomaly
scenarios, these methods are prone to incorporating noise in-
formation; while in dense anomaly scenarios, they will miss
complete abnormal events. Moreover, the unconstrained na-
ture of user-generated videos also brings semantic ambiguity
problems, making the static alignment mechanism difficult to
meet the requirements.

To address the aforementioned issues, in this paper, we
propose SVLA, a novel Shot-conditioned Vision-Language
Adaptation framework, for effectively detecting harmful con-
tent from online short videos. A key design of SVLA is the
shot-conditioned density-adaptive mechanism, which is com-
posed of two modules: the Shot-Conditioned Temporal En-
coder (SCTE) and the π-adaptive pooling strategy. SCTE
module can clearly define the shot boundaries and hierarchi-
cally aggregate features to prevent the leakage of temporal
information, while the π-adaptive pooling strategy estimates
the anomaly density at the shot level, where the obtained
anomaly density π can dynamically adjust the selection range
of instances. Figure 1 illustrates the advantage of our in-
stance selection paradigms. If a shot is abnormally dense,
we need to expand the range to capture the complete event;
while if it is abnormally sparse, we contract it to suppress
noise. We can see that our shot-aware and π-adaptive strategy
can effectively address the limitations of existing fixed Top-K
ranking methods. Moreover, unlike previous studies that only
use static alignment, we introduce the Dual-path Contextual
Adapter (DCA), which facilitates fine-grained cross-modal
alignment via bilateral interaction: a visual-side adapter is
adopted to respect dynamic textual prefixes, and a text-side
adapter is used to modulate text prototypes based on global
video contexts.

The main contributions of this paper are summarized as
follows:

• We propose a novel framework SVLA for effective
harmful content detection from online short videos. Un-
like surveillance-based approaches, SVLA is specifi-
cally tailored to capture the distinct structural hierarchy
and variable anomaly density of short video content via
a shot-conditioned density-adaptive mechanism.

• The reasoning ability of pre-trained vision-language
models is properly leveraged for fine-grained cross-
modal alignment. We introduce a dual-path contextual
adapter consisting of a visual-side adapter and a text-
side adapter to effectively mitigate semantic ambiguity
in unconstrained videos.

• For benchmarking the short video anomaly detection
task, a new dataset SVA with more short videos in its
true sense involving various categories is constructed
and partially released (for anonymous review in this

stage). Extensive experiments based on SVA dataset val-
idate the effectiveness and superior performance of our
approach against the state-of-the-art methods. Besides,
it demonstrates competitive robustness on two public
surveillance datasets.

2 Related Work
2.1 Weakly Supervised Video Anomaly Detection
Recently, extensive researchers have formulated the WSVAD
task under the Multiple Instance Learning (MIL) framework.
Sultani et al. [Sultani et al., 2018] firstly propose the deep
MIL ranking loss, which considers a video as a bag to dis-
tinguish between abnormal and normal ones. Then sev-
eral follow-up works make efforts to learn more discrimi-
native representations. For example, Tian et al. [Tian et
al., 2021] and Chen et al. [Chen et al., 2023] use fea-
ture magnitude learning to improve separability. Meanwhile,
Zhong et al. [Zhong et al., 2019] and Wu et al. [Wu and
Liu, 2021] propose GCN-based methods to model the rela-
tionships between snippets, while Cho et al. [Cho et al.,
2022] introduce context-motion relation modules. Recogniz-
ing the importance of global context, Li et al. [Li et al.,
2022] present a Transformer-based architecture, and Huang
et al. [Huang et al., 2022] also adopt similar mechanisms
to aggregate long-range features. Beyond feature enhance-
ment, some researchers also pay attentions to label noise.
For instance, Feng et al. [Feng et al., 2021] and Shi et
al. [Shi et al., 2024] propose two-stage self-training frame-
works, while other studies [Lv et al., 2021; Zhou et al., 2023;
Zhang et al., 2023] present uncertainty-aware schemes.

All the above studies are based on the uni-modal paradigm.
However, this paradigm relies on an assumption of temporal
continuity. On the contrary, montage-based short videos are
characterized by frequent shot cuts, which leads to temporal
information leakage when global smoothing is applied.

2.2 Vision-Language Models for VAD
Vision-Language Models (VLMs) such as CLIP have also re-
ceived significant attention in the field of anomaly detection.
Joo et al. [Joo et al., 2023] are the first to use the frozen
CLIP encoder as a feature extractor, and subsequent studies
have focused on exploring cross-modal correlations. For in-
stance, Wu et al. [Wu et al., 2024b] propose the VadCLIP
model to align visual features. Wang et al. [Wang et al.,
2025] study the context-aware prompt generator to incorpo-
rate local visual context information, and Dev et al. [Dev et
al., 2024] explore the reparameterized prompt learning strat-
egy for cross-modal semantic alignment. Apart from studies
at the network architecture level, some researchers have also
turned their attention to prompt construction. Specifically,
Yang et al. [Yang et al., 2023] and Chen et al. [Chen et
al., 2024] introduce normality guidance and normal context
prompts, while Pu et al. [Pu et al., 2024] utilize external
knowledge bases to construct richer semantic information.

Nevertheless, most of these studies are difficult to adapt to
online short videos, as they rely solely on the static text-visual
alignment while ignoring the dynamic variations of anomaly
density. Therefore, applying such rigid selection mechanism
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Figure 2: An overview of the proposed SVLA framework.

to short video anomaly detection task will inevitably leads to
suboptimal performance.

3 The Approach
Figure 2 displays an overview of the proposed Shot-
conditioned Vision-Language Adaptation (SVLA) frame-
work. In the following, we first introduce the preliminaries
and then elaborate on the key modules of SVLA.

3.1 Preliminaries
Problem Formulation
Given a set of N training videos V = {Vi}Ni=1, if all frames
of a video do not contain abnormal events (e.g., pornography,
violence, blood, etc), this video is defined as normal with the
label yi = 0; Otherwise, if there is at least one frame contains
abnormal events, this video is labeled as abnormal with the
label yi = 1. The goal of short video anomaly detection
task is to train a detection model that is able to predict frame-
level anomaly scores for unseen videos while only video-level
labels are provided.

CLIP-based Embeddings for Image and Text Encoders
The cross-modal reasoning ability of CLIP has revolutionized
many tasks in recent years. In this work, we use the frozen
visual encoder of CLIP as the backbone to extract snippet-
level visual features (as an input of the SCTE module), and
utilize the text encoder of CLIP to take full advantage of the
semantic association between visual contents and textual con-
cepts. Following the way adopted by [Zhou et al., 2022b],
we concatenate learnable context vectors with the category

token embeddings and feed them into the frozen text encoder
to generate the text prototypes, which are further encoded by
the DCA module.

3.2 Shot-Conditioned Temporal Encoder
Standard encoders tend to treat videos as flat sequences.
However, we argue that such a paradigm overlooks the hi-
erarchical structure in short videos. In this study, we made
an effort to explicitly model the transition from fine-grained
frame dynamics to coarse-grained shot semantics. Mean-
while, we also paid specific attentions to preventing infor-
mation leakage across scene cuts and capturing global depen-
dencies [Wu and Liu, 2021; Zhou et al., 2023]. Taking these
factors into account, we devise the shot-conditioned temporal
encoder (SCTE).

Local Temporal Modeling and Shot Detection
To begin with, the local transformer is deployed to capture
short-range dependencies. It is worth noting that standard
global attention inevitably leads to leakage; consequently, we
make use of a restricted window mask [Liu et al., 2021]. Fol-
lowing this line, we structuralize the video by simply iden-
tifying boundaries where adjacent frame similarity falls be-
low τshot, thus naturally partitioning it into M shots. In this
branch, we opt to aggregate features to represent these units.
The representation hj for the j-th shot is presented as follows:

hj = ϕshot

 1

ej − sj

ej−1∑
t=sj

xt

 (1)
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where a learnable projection ϕshot is applied to map the ag-
gregated features into the embedding space.

Shot-Conditioned Density Estimation
In the density branch, we make an effort to capture variable
anomaly densities via a lightweight head within the SCTE
module. Concretely, we process the shot representations via a
shot transformer to model inter-shot dependencies. Then, the
anomaly density πj ∈ (πmin, 1) for the j-th shot is derived
as follows:

πj = clamp(σ(ϕπ(hj)), πmin, 1− ϵ) (2)
where σ(·) is the sigmoid activation function. Crucially, we
simply introduce a learnable density floor πmin, thus natu-
rally preventing the supervision signal from collapsing. With
the estimated πj in hand, we use it as a dynamic prior to guide
the subsequent adaptive pooling.

Structure-Aware Graph Convolution
Having obtained density priors, we turn our attention to mod-
eling global contexts via a dual-stream GCN [Zhong et al.,
2019; Wu et al., 2020]. For the structure-aware stream,
we simply reinforce edges using a binary shot mask Mshot,
which naturally restricts message passing across cuts. In par-
allel, we also made an effort to model local proximity via
a distance-based matrix Adist. Ultimately, we concatenate
these outputs to yield the refined features F̂.

Coarse-grained Binary Scoring
In order to capture generic anomaly patterns directly from
the visual modality, we construct a lightweight binary branch
leveraging the structurally refined features F̂. Concretely, this
branch is implemented as a residual MLP cascaded with a sig-
moid classifier. Thus, the frame-level anomaly probabilities
Abin ∈ RT×1 are obtained. Such an implementation allows
the model to provide the coarse-grained supervision signal
Lbce. With the scores Abin in hands, we facilitate visual con-
text extraction in subsequent modules.

3.3 Dual-path Contextual Adapter
To bridge the semantic gap between visual and textual fea-
tures, we propose the Dual-path Contextual Adapter (DCA).
In this module, we employ a bidirectional interaction mecha-
nism, namely, the visual branch leverages fine-grained textual
semantics while the text branch modulates prototype features
under the guidance of global video context. This design al-
lows us to achieve co-optimization, which naturally ensures
robust modal alignment.

Visual-side Adapter mechanism
We inject fine-grained semantics using a cross-modal atten-
tion module. Concretely, we simply use F̂ as queries, while
the concatenation of dynamic prefixes [Ghadiya et al., 2024;
Zhou et al., 2022a] and prototypes serves as keys and values.
Then we obtain the attention output Hatt. We derive a mod-
ulation gate G via context-aware similarity to filter irrelevant
associations. Then, we update the features Fcfa as follows:

Fcfa = LN
(
Wfuse

(
F̂+ β · (MLP(Hatt)⊙G)

))
(3)

where ⊙ represents element-wise multiplication. We use β to
control the injection intensity.

Text-side Adapter mechanism
Since standard text prompts inevitably fail to cover context-
dependent variations, we propose a global modulation mech-
anism. Concretely, the static text prototypes are first projected
into the visual feature space to obtain Pbase. Then we ag-
gregate the visual features F̂ into a global context vector g
via mean pooling, and generate affine scale and shift parame-
ters. Finally, the context-aware text prototypes Pcfa are mod-
ulated, which is presented as follows:

Pcfa = LN (Pbase ⊙ (1 + tanh(γ(g))) + β(g)) (4)

In this formulation, we apply the tanh function to regulate
the scale parameter, and use LN for LayerNorm. With the
dynamic text prototypes in hand, the embedding space aligns
with the specific visual characteristics of the input video.

Dual-path Similarity Scoring
With the aim of balancing the stability of static priors and
the specificity of adapted contexts, we propose to fuse the
original and refined representations. The final visual features
V and text prototypes U are obtained via two learnable gates
λv, λt:

V = (1−λv)F̂+λvFcfa, U = (1−λt)Pbase+λtPcfa

(5)
where both gates are restricted in the range (0, 1). Then
the frame-level anomaly scores S are computed by the
temperature-scaled cosine similarity between V and U. Fi-
nally, these scores are used as the multi-class logits for the
alignment loss.

3.4 π-Adaptive Top-K Pooling and Training
In standard MIL approaches, a fixed Top-K [Sultani et al.,
2018; Tian et al., 2021] selection strategy is typically em-
ployed. However, this static design inevitably falls short for
short video anomaly detection as anomaly density varies dras-
tically, ranging from fleeting accidents to continuous fighting
scenes. To remedy this, we propose a π-adaptive Top-K pool-
ing strategy, where the supervision signal is dynamically cal-
ibrated based on the estimated shot density. Then the model
is updated via a joint optimization objective.

Density-Aware Instance Selection
Due to the varying density of the video, using a fixed set of
hyperparameters is not applicable to diverse video scenarios.
Toward this issue, we propose a dynamic selection strategy.
Specifically, the method takes the predicted abnormal density
πj and the shot duration Lj as inputs, and calculates the num-
ber of instances kj to be selected, which is defined as follows:

kj = Round
(
Lj

δ
· (1 + η(πj − π0))

)
(6)

In the above formula, we set δ as a reference divisor, and
η as the scaling factor. A higher density πj and a longer shot
duration Lj mean that we tend to select more instances in
dense shots and vice versa.
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Density-weighted Aggregation
For global anomalies, we aggregate frame-level predictions.
Specifically, we introduce a density-weighted mechanism. In
practice, we weigh the contribution of each shot based on its
estimated density πj , and the final score is presented as:

Svideo =
M∑
j=1

πj∑M
m=1 πm

· S(j)
shot (7)

where S(j)
shot refers to the average score of the top-kj in-

stances. A higher density πj means that anomalous shots are
prioritized. On the contrary, noise accumulation is suppressed
in sparse ones.

Joint Optimization Objective
For the coarse-grained binary branch, we utilize the binary
cross entropy mechanism to measure the deviation between
video-level predictions and the ground-truth. Then we use
the binary cross entropy between predicted probabilities Abin

and label y to compute the classification loss Lbce. The ob-
jective is formulated as follows,

Lbce = − 1

N

N∑
i=1

[
yi log(S(i)

bin) + (1− yi) log(1− S(i)
bin)
]
(8)

For the fine-grained semantic branch, we utilize a MIL-
Align mechanism which is similar to vanilla MIL. We hope
the video and its paired textual label emit the highest similar-
ity score among others. To achieve this, the alignment loss
Lalign is firstly computed as follows,

Lalign = − 1

N

N∑
i=1

C∑
c=1

yi,c log

(
exp(S(i)

c )∑
k exp(S

(i)
k )

)
(9)

In addition to classification loss Lbce and alignment loss
Lalign, we also introduce a contrastive loss to slightly push
the normal prompt away. Here we first calculate the co-
sine similarity between normal class embedding unormal and
other abnormal class embeddings uc, and then compute the
regularization loss Lreg as follows,

Lreg =
1

C − 1

C∑
c=2

|cos(unormal,uc)| (10)

Based on the above constraints, the final total objective is
given by:

Ltotal = Lbce + λ1Lalign + λ2Lreg (11)
where λ1 and λ2 refer to the temperature hyper-parameters
for scaling.

3.5 Inference
In the inference phase, SVLA leverages its dual-branch archi-
tecture to generate anomaly scores. We compute frame-level
probabilities from both the binary classification branch and
the semantic alignment branch (derived as 1− pnormal) [Wu
et al., 2022; Wu et al., 2024b], then we select the optimal
branch based on validation performance to obtain the results.

4 Experiments
4.1 Datasets and Metrics
Datasets
A new dataset SVA that broadly reflects user-generated con-
tent characteristics is introduced to address the limitations
of static surveillance benchmarks. Collected from online
short video platforms like TikTok and YouTube Shorts, SVA
contains 6,687 short videos with an average duration of 7.7
seconds. This dataset covers seven distinct anomaly cate-
gories alongside normal content, featuring highly dynamic
backgrounds, frequent shot cuts, and variable anomaly den-
sities. Besides, UCF-Crime [Sultani et al., 2018] and XD-
Violence [Wu et al., 2020] are also utilized to verify the per-
formance on long-range surveillance scenarios. Table 1 sum-
marizes the statistics of the involved datasets.

Datasets Source # Videos Avg. Len # Anomaly Types

UCF-Crime [Sultani et al., 2018] Surveillance 1,900 ∼4.0 min 13
XD-Violence [Wu et al., 2020] Movies/CCTV 4,754 ∼2.7 min 6

SVA (Ours) Online short videos 6,687 ∼7.7 sec 7

Table 1: Statistics of the datasets.

Evaluation Metrics
Following previous works [Sultani et al., 2018; Wu et al.,
2020], we report the standard Area Under the Curve (AUC)
metic values of the frame-level ROC for UCF-Crime dataset.
For XD-Violence dataset, we report the Average Precision
(AP) metric values. For our proposed SVA dataset, we adopt
both AUC and AP metrics to comprehensively evaluate the
detection performance.

4.2 Implementation Details
We adopt the frozen CLIP (ViT-B/16) [Radford et al., 2021]
as the backbone, projecting visual features to D = 512. In-
side SCTE, we simply set the shot similarity threshold τshot as
0.90. We also restrict the minimum shot length to 12 frames.
For the π-adaptive strategy, the density floor πfloor and refer-
ence density π0 are set as 0.05 and 0.15. For Top-K pooling,
we set the base k as T/16, where T is the number of total
frames. For model training, we use AdamW as the optimizer
with batch size of 64. The base learning rate and total epochs
are set as 2× 10−5 and 10, respectively. On the shot density
head, we apply a larger learning rate multiplier of 5.0. For the
Dual-path Contextual Adapter, the fusion factor β defaults to
0.8 with a bottleneck dimension of 256. All experiments are
implemented on a single machine (vGPU-32GB).

4.3 Comparisons with the SOTA Approaches
Table 2 summarizes the experimental results on the pro-
posed SVA dataset and the other two benchmark datasets.
On the newly constructed SVA dataset, the proposed ap-
proach SVLA achieves an AUC of 95.91% and an AP of
96.52%, outperforming other mainstream methods including
the state-of-the-art approaches. The performance advantage
is attributed to the precise adaptation of SVLA to the unique
attributes of user-generated short videos. Unlike surveil-
lance videos with continuous temporal streams, short videos
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Methods Sources SVA Dataset UCF-Crime XD-Violence
AUC (%) AP (%) AUC (%) AP (%)

Deep-MIL [Sultani et al., 2018] CVPR’18 80.06 82.68 75.41 75.18
HL-Net [Wu et al., 2020] ECCV’20 90.24 91.46 82.44 80.00
RTFM [Tian et al., 2021] ICCV’21 85.64 87.92 84.30 78.27
MSL [Li et al., 2022] AAAI’22 90.68 91.84 85.62 78.28
CU-Net [Cho et al., 2022] CVPR’22 91.04 92.59 86.22 81.31
MGFN [Chen et al., 2023] AAAI’23 92.47 93.10 86.98 79.19
CU-VAD [Zhang et al., 2023] CVPR’23 91.84 93.27 86.22 78.74
CLIP-TSA [Joo et al., 2023] ICIP’23 93.77 94.71 87.58 82.17
OVVAD [Wu et al., 2024a] CVPR’24 92.89 93.46 86.40 66.53
OE-CTST [Majhi et al., 2024] WACV’24 92.46 93.65 86.99 81.78
SAA [Fan et al., 2024] TCSVT’24 92.31 93.87 86.19 84.24
ARMS [Shi et al., 2024] TMM’24 92.23 93.89 85.79 83.11
TPWNG [Yang et al., 2024] CVPR’24 93.36 94.27 87.79 83.68
VadCLIP [Wu et al., 2024b] AAAI’24 91.47 93.41 88.02 84.51
DE-Net [Zhang et al., 2025] TNNLS’25 92.34 93.58 87.86 86.13
IFS-VAD [Zhong et al., 2025] TCSVT’25 93.15 94.23 86.57 83.14
Anomize [Wu et al., 2024a] CVPR’25 93.46 94.74 87.05 84.24
MEL-VLP [Huang et al., 2025] TMM’25 94.33 95.21 87.45 83.44

SVLA (Ours) 95.91 96.52 87.15 85.44

Table 2: Experimental results on the selected datasets, where the bold value in each column represents the best performance.

in SVA dataset have an average duration of only 7.7 sec-
onds with numerous editing and switching operations. Tradi-
tional methods often smooth the features across edits, thereby
causing information leakage problems. In contrast, the shot-
condition temporal encoder (SCTE) proposed in this paper
can explicitly model this hierarchical structure and avoid fea-
ture confusion between unrelated shots. The abnormal den-
sity of short videos is usually high, which makes traditional
methods that based on the “sparsity assumption” less effec-
tive. Besides, the π-adaptive strategy can dynamically ex-
pand the instance selection range based on the density estima-
tion results, thereby achieving complete capture of abnormal
events in scenarios where rigid selection methods fail.

Beyond the SVA benchmark for short video anomaly de-
tection, SVLA also demonstrates robust generalization on
public datasets: the AUC score on UCF-Crime reaching
87.15%, and the AP score on XD-Violence reaching 85.44%.
It is worth noting that although SVLA outperforms clas-
sic baselines like RTFM, it has not yet fully surpassed the
state-of-the-art models specifically tailored for these bench-
marks. For UCF-Crime, the dataset predominantly con-
sists of continuous surveillance footage with a fixed perspec-
tive and minimal editing. In this scenario, the strict parti-
tioning mechanism in our SCTE module faces a trade-off.
Its design rationale is to prevent “cross-segment leakage”,
which may inadvertently incur over-segmentation in contin-
uous streams. SCTE might fracture the originally continu-
ous long-term context, which is crucial for identifying slowly
evolving anomalies (such as a theft incident). In contrast,
the traditional global Transformer, which is not constrained
by this structure, shall possess a slight advantage in process-
ing continuous streams. For XD-Violence, although it con-

SCTE π-Adaptive DCAvis DCAtxt AUC (%) AP (%)

1 ✗ ✗ ✗ ✗ 91.47 93.41
2 ✗ ✗ ✗ ✓ 92.88 94.21
3 ✗ ✗ ✓ ✗ 93.21 94.38
4 ✗ ✗ ✓ ✓ 94.09 95.03
5 ✓ ✗ ✓ ✓ 95.12 95.77
6 ✓ ✓ ✓ ✓ 95.91 96.52

Table 3: Ablation studies on the SVA dataset. We progressively
integrate the Shot-Conditioned Temporal Encoder (SCTE), the π-
Adaptive Strategy, and the two components of the Dual-path Con-
textual Adapter (DCA) to validate the effectiveness of each module.

tains some editing, it is generally recognized as long-duration
videos (with an average duration of several minutes), indicat-
ing that its anomaly density is significantly lower than that of
SVA dataset. The proposed π-adaptive strategy is specifically
tailored for the high density variability of short videos. In ex-
tremely sparse long videos, our shot-level density estimation
may be less sensitive than methods specialized in background
suppression.

4.4 Ablation Studies
We conduct extensive ablation studies on the proposed SVA
dataset to dissect the contribution of each core component
in SVLA. We adopt a re-implemented VadCLIP [Wu et al.,
2024b] as our baseline , which yields an AUC of 91.47% and
AP of 93.41% using standard temporal modeling and fixed
Top-K selection.

Effectiveness of Dual-path Contextual Adapter
We start by checking the cross-modal alignment. Table 3 re-
veals that the Text-side and Visual-side Adapters, acting on
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Figure 3: Case studies of SVLA across different short videos selected from SVA dataset. The red curve represents the SVLA prediction score,
the blue curve indicates the shot density π, and the pink area shows the anomaly duration, respectively.

their own, lift the AUC to 92.88% and 93.21% respectively.
Once working together, the full DCA module further pushes
the metric to 94.09%—marking a solid 2.62% jump over the
baseline. This results underscore the merit of bilateral adapta-
tion in the DCA module. By tuning text prototypes and creat-
ing dynamic visual prefixes, we manage to clear up semantic
ambiguity in tricky short-video scenarios where single-modal
approaches often fail.

Effectiveness of Shot-Conditioned Temporal Encoder
Building on top of DCA, we further integrate the SCTE mod-
ule to explicitly enforce the video structure. This addition
spikes the performance to 95.12% regarding AUC score. It
is clear that strictly walling off shot boundaries can prevent
features from bleeding into unrelated scenes, meaning that
SCTE module works effectively for chaotic user-generated
short videos riddled with sharp cuts.

Effectiveness of π-Adaptive Strategy
Ultimately, integrating this π-adaptive supervision into our
framework yields a peak performance of 95.91% w.r.t. AUC
metric and 96.52% w.r.t. AP metric. By substituting the rigid
Top-K with density-aware calibration, SVLA learns to align
with anomaly events of varying durations. This strategy ef-
fectively cuts down false negatives in dense anomaly shots
while suppressing noise in sparse ones.

4.5 Case Studies
We illustrate typical cases of SVLA detection results in
Figure 3, covering three representative anomaly categories

(smoke, blood, violent) and one normal sample selected from
the SVA dataset. We plot the SVLA prediction score (red)
and the shot density π (blue) against the ground truth area
(pink). As observed in the smoke and violent cases (a and
c), SVLA delivers rapid responsiveness, with scores ris-
ing sharply in synchronization with the emergence of shots
containing anomaly contents. Notably, in the blood case
(b), the predicted shot density π dynamically adapts to the
video structure, showing a high correlation with the disjointed
anomaly segments. Furthermore, in the normal case (d),
both the anomaly scores and π remain consistently low de-
spite visual complexity, verifying the robustness of SVLA
against false alarms. The results demonstrate that our shot-
conditioned strategy can effectively adapt to various anomaly
scenarios and variable video durations while maintaining
high robustness for videos without anomaly contents.

5 Conclusion
In this paper, we propose a novel framework based on shot-
conditioned vision-language adaptation for harmful content
detection from online short videos. To efficiently handle vari-
able anomaly densities and frequent editing cuts, we devise a
π-adaptive strategy to dynamically calibrate supervision sig-
nals, and then design mechanisms to improve the alignment
between visual hierarchy and textual semantics. Extensive
experimental results on multiple datasets validate the effec-
tiveness and robustness of the proposed approach for various
detection scenarios.
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