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Abstract

Ensuring security in surveillance systems requires ac-
curate detection and classification of unseen behavioral
anomalies with minimal labeled data. We propose Few-Shot
Spatiotemporal Perception Transformer (FewShot-SPT), a
novel framework that achieves this through three key in-
novations: (1) Event-Guided Keyframe Extraction (EGKE)
dynamically selects keyframes based on anomaly intensity,
reducing redundancy and boosting accuracy by 7-8%; (2)
Adaptive Modality Gating (AMG) with Perceiver 10 atten-
tion enables efficient multimodal fusion across video, audio,
and text; and (3) Adaptive Prototypical Few-Shot Learning
with contrastive learning improves generalization to unseen
anomalies. Unlike prior methods that require scene-specific
fine-tuning, FewShot-SPT generalizes dynamically using
anomaly-aware scoring and refined prototypes. It achieves
91.6% AUC (2-way 5-shot) and 76.3% accuracy (5-way 5-
shot) on UCF-Crime, and 84.2% on XD-Violence, outper-
forming state-of-the-art baselines. Real-world park surveil-
lance experiments demonstrate FewShot-SPT’s robustness
in detecting critical incidents such as falls, weapons, and
intrusions in real-time.

1. Introduction

Video anomaly detection (VAD) is critical for ensur-
ing public safety, yet traditional methods struggle with key
challenges [I, 2]. Most existing approaches rely heav-
ily on large labeled datasets, making them impractical for
real-world scenarios where anomalies are rare and diverse
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[3, 4, 5]. Additionally, these models often perform ex-
haustive frame-wise analysis, leading to high computational
costs and inefficiencies. Furthermore, reliance on only vi-
sual features limits the ability to detect complex anomalies
that involve multimodal cues such as audio and contextual
metadata. Few-shot learning (FSL) provides a promising
alternative by enabling anomaly detection with minimal la-
beled data.
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Figure 1. Overview of the Event-Based Multimodal Keyframe Se-
lection Framework. The system extracts features from visual, text,
and audio modalities, applies anomaly-aware scoring, and refines
selections using Perceiver 1/O attention and cross-modal consis-
tency checks (DWT).

However, current few-shot VAD models suffer from lim-
itations such as poor temporal modeling, dependence on
scene-specific fine-tuning, and unimodal feature represen-
tation, reducing their generalizability to unseen anomalies.
To overcome these challenges, we introduce the FewShot-
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SPT, a multimodal few-shot learning framework designed to
detect anomalies efficiently with minimal labeled data. Our
approach integrates:

Adaptive Modality Gating: Dynamically prioritizes
relevant cues from video, audio, and text modalities to
enhance anomaly detection accuracy.

Optimized Perceiver I0-based Spatiotemporal At-
tention: Captures long-range dependencies across
multimodal inputs for improved event recognition[6]
shown in Figure 2. .

Event-Guided Keyframe Extraction: Selects
keyframes based on anomaly intensity, filtering out
redundant frames and reducing computational over-
head with context aware memory module as shown in
Figure 1.

Adaptive Prototypical Few-Shot Learning: Im-
proves the detection of unseen anomalies using
Contrastive Learning and adaptive prototype refine-
ment, ensuring robust generalization across different
anomaly types.
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Figure 2. Overview of FewShot-SPT. The system processes vi-
sual (X,), text (X¢), and audio (X,) feature maps through AMG
for dynamic weighting, followed by Perceiver 1O attention and a
Prototype-Based Few-Shot Learning module.

2. Related Works

Video anomaly detection (VAD) plays a crucial role in
public surveillance, with various models addressing dif-
ferent levels of supervision. Unsupervised models, such
as GCL [7], FPDM [&], and UMIL [9], attempt to detect

anomalies without labeled data. However, these methods
rely on unsupervised feature learning, which often leads
to suboptimal performance due to the difficulty in defin-
ing anomaly boundaries. Their average AUC scores remain
around 72-73%, indicating limited generalization across
datasets. Weakly supervised models improve performance
by leveraging weak labels. Methods such as GCN [10], S3R
[11], SAS [12], CU-Net [8], and UR-DMU [13] enhance
anomaly recognition through graph-based learning, self-
supervision, and structured feature extraction. Similarly,
BN-WVAD [14] and RTFM [15] employ multi-instance
learning to refine anomaly classification, while MISA [16],
MM-VIT [17], and MERLOT [18] introduce multimodal
and transformer-based architectures. Despite their higher
performance (average AUC reaching 86.5%), these mod-
els still require extensive weak labels and struggle with un-
seen anomaly generalization. Few-shot models attempt to
detect anomalies with minimal labeled samples, reducing
annotation dependency. STRM [19], FewVAD [4], Meta-
Detect [20], Cross-Transformer [21], and ARN-FSAD [22]
apply meta-learning, cross-attention, and adaptive proto-
types to enhance few-shot anomaly detection. However,
these methods often suffer from inefficient temporal mod-
eling, reliance on heuristic keyframe selection, and limited
adaptation across different environments.

3. Proposed Method

In this section, we discuss the major contributions of our
proposed framework, Event-Guided Keyframe Extraction
, Few-Shot FewShot-SPT that integrates Adaptive Modal-
ity Gating and Perceiver IO-based Spatiotemporal Attention
with Few-Shot Learning Optimization.

3.1. Event-Based Multimodal Keyframe Selection

The EGKE, illustrated in Figure 1, is designed to ef-
ficiently filter redundant frames while preserving crucial
anomaly-related information. Initially, a self-attention-
based anomaly-aware scoring mechanism assigns an
anomaly intensity score to each frame, computed as:

EKEG(t) = o(WX; + b) (1)

where EKEG(t) represents the anomaly relevance at time
t, and W,b are learnable parameters in the scoring net-
work. Frames with scores below a threshold 7 are dis-
carded, ensuring only the most informative keyframes are
retained. Next, Adaptive Thresholding dynamically refines
the selection process based on event severity, preventing
the inclusion of irrelevant frames while adapting to varying
anomaly intensities. As keyframes are selected, Memory-
Augmented Temporal Consistency maintains past event em-
beddings, enabling the model to capture long-range depen-
dencies for improved anomaly detection. To further en-
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hance feature extraction, Perceiver I/O Attention efficiently
integrates multimodal sensory inputs from video, audio, and
text, transforming features into a latent space for better rep-
resentation. Finally, the selected keyframes undergo Fi-
nal Fusion, where they are combined with multimodal fea-
tures, refining the input for anomaly detection and improv-
ing overall accuracy. By progressively refining keyframe
selection through anomaly scoring, adaptive thresholding,
and multimodal fusion, EGKE significantly reduces com-
putational overhead while maintaining robust anomaly de-
tection capabilities.

3.2. Proposed Spatiotemporal Perception Trans-
former

After intelligent keyframe selection using EGKE,
FewShot-SPT in Figure 2 fuses multimodal data efficiently
using Perceiver 10 Attention, which enhances long-range
temporal modeling, and Adaptive Modality Gating (AMG),
which dynamically adjusts feature importance based on
anomaly characteristics. AMG assigns different modality-
specific weights using:

exp(fm)
Ej eXp(fj)

where AMG(m) represents the attention weight for
modality m, and f,, is a learnable gating function that dy-
namically determines the importance of each modality. Un-
like previous works that use fixed fusion ratios or hand-
crafted attention mechanisms, AMG dynamically learns the
optimal modality combination using anomaly-aware scor-
ing. Existing models typically rely on predefined rules or
dataset-specific tuning for modality fusion, whereas AMG
adapts in real time based on anomaly characteristics.

PerceiverlO attention enables efficient processing of
high-dimensional input data by mapping it to a compact la-
tent array through cross-attention, followed by iterative re-
finement and decoding. As shown in Figure 2, the input
array X € RM*C is first projected into a latent representa-
tion Z € RY*D and then decoded into the final output F/
as follows:

AMG(m) = W,, = )

Z = SelfAttnY) (CrossAttni, (Zo, X)) 3)
E = CrossAttnoy (Qusk; Z) 4)
PerceiverlO(X) = {Z, E} 5)

Here, Z captures long-range dependencies through L layers
of latent self-attention, while E is the task-specific output
produced by decoding with query Q,sk.

3.3. Proposed Adaptive Few-Shot Learning

Proposed ASFL prevents overfitting by contrastive learn-
ing and adaptive prototype refinement to ensure robust gen-

eralization across different unseen anomaly types. Instead
of static anomaly prototypes, it dynamically updates class
centroids with new query samples to progressively refine
feature embeddings. The contrastive loss function is given
by:

e—d(fo(zi),fo(x;))

(z )GP1 > peN € (fo(xi).fo(xr))
isLj x
(6)

where P is the set of positive pairs, N is the set of neg-
ative pairs, and d(-,-) is a distance metric. This ensures
better inter-class separability and intra-class compactness,
enhancing anomaly differentiation.

Econtrast = -

4. Experiments

The proposed FewShot-SPT framework combines
ResNet-50, Wav2Vec2.0, and T5-small for robust multi-
modal feature extraction. EGKE selects 12 keyframes per
video, balancing anomaly coverage and efficiency. Few-
shot learning uses 1-2 queries per class to assess general-
ization in low-data settings. The model is trained on 75,000
tasks using AdamW (LR: le-4, cosine schedule) and opti-
mized with cross-entropy loss. Evaluation metrucs include
2-way 5-shot, 5-way 5-shot and Area Under Curve(AUC).
For multimodal ablations, synthetic speech descriptions
were generated using GPT-3 and Tacotron 2 for UCF-Crime
and ShanghaiTech since they are visual only. The model has
220M parameters and 54.4B FLOPs, running at 4 ms/frame
on an NVIDIA A100, enabling real-time scalable surveil-
lance.

4.1. EGKE Comparative Analysis

We evaluate EGKE against conventional keyframe se-
lection methods in terms of accuracy, processing speed
(FPS), computational efficiency (GFLOPs), and generaliza-
tion. As shown in Table 1, EGKE improves accuracy by
7-8% over [23], [24] which lack contextual awareness. It
also outperforms [4] and [25] by 5%, ensuring more rele-
vant frame selection. Additionally, EGKE achieves a 10%
FPS gain while reducing computational cost by 12%, main-
taining real-time efficiency. Unlike baseline methods with
weak generalization, EGKE demonstrates strong adaptabil-
ity across diverse surveillance environments.

4.2. FewShot-SPT Comparative Analysis

As shown in Table 2, proposed FewShot-SPT achieves
an average AUC of 91.6%, surpassing unsupervised meth-
ods by 18% and weakly supervised approaches by 5%. Un-
like existing few-shot models that struggle with generaliza-
tion, FewShot-SPT exceeds the best-performing few-shot
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Table 1. Comparison of EGKE with benchmark methods on keyframe metrics on XD-Violence dataset

Method Acc(%) FPS GFLOPs | Generalization
Uniform Frame Sampling [23] 724+15| 35+2 | 6.8+£03 Weak
Random Frame Selection [24] T41+14 | 394+£2 | 6.5+02 Weak
Keyframe-Based Attention [4] 785+13 | 42+15]59+02 Moderate
Scene-Adaptive Keyframe Selection [25] | 802 £ 1.2 | 45+ 1.2 | 5.6 = 0.1 Moderate
Proposed EGKE 851+1.0 | 48+£1.0 | 52£0.1 Strong
Table 2. Performance comparison of SOTA on benchmark datasets using AUC for 2 Way 2 Shot(Visual Only Modality)
Model | UCFC(%) | XD-V(%) | ShaiTech(%) | Avg(%)
Unsupervised Models
GCL[7] 74.2 72.8 70.5 72.5
FPDM[¢] 74.7 73.1 71.2 73.0
UMIL[9] 76.4 71.2 69.8 72.5
Weakly Supervised Models
GCNI[10] 82.12 79.3 75.8 79.1
S3R[11] 85.99 82.7 78.5 82.4
SAS[12] 86.19 83.0 78.9 82.7
CU-Net[8] 86.22 83.4 79.3 83.0
UR-DMUJ13] 86.97 84.5 80.1 83.9
BN-WVAD[ 14] 87.24 85.0 80.8 84.3
RTFM[ 15] 82.7 79.5 76.4 79.5
MISA[16] 85.1 82.3 79.4 82.3
MM-VIiT[17] 87.6 84.7 81.9 84.7
MERLOTI 18] 89.2 86.5 83.7 86.5
Few-Shot Models
Meta-Detect[20] 75.8 72.5 68.9 72.4
Cross-Transformer[21] 78.3 74.8 71.2 74.8
ARN-FSAD[22] 80.5 77.1 74.3 77.3
STRM[19] 81.82 79.5 76.4 79.2
FewVAD[4] 86.6 84.2 81.5 84.1
Proposed FewShot-SPT 95.1 91.2 88.4 91.6
baseline by 7.5%, enhancing 2 way 2 shot anomaly detec- and 86.3% on XD-Violence at K=10, demonstrating better
tion. Its low false-positive rate (FPR less than 3%) and feature representation and generalization.

minimal inference latency (4ms/frame) further underline its
suitability for practical real-time deployment in surveillance

XD Violence

applications. 013 R
. § 06 W <% : Abnormal
4.3. Ablation Study 5., A\
In Table 3 EGKE improves AUC by 4.8%, validating 02 ﬁ Normal
optimized keyframe selection. AMG further boosts perfor- °y ) 0 =
mance to 85.4% by dynamically fusing multimodal inputs, Frame Indox
hanghai Tech
with video contributing primarily to spatial detail, audio en- , e
hancing temporal anomaly cues, and text providing con- 08 oremlcue

textual clarity. Perceiver 10-based Attention raises AUC
to 87.5% by efficiently modeling long-range dependencies.
The complete model achieves 91.6% AUC, surpassing the

06

Anomaly Score

0.4

. . . 7\"/J\/\/W~ Ao
baseline by 12.9%, confirming the effectiveness of each 02 | Nomal %f&
component. Table 4 examines the effect of varying shots o & = = =
(K) on 5 class anomaly detection. Higher K improves ac- Frame Index

curacy, with FewShot-SPT reaching 76.8% on UCF-Crime Figure 3. Comparison of SOTA Keyframe Selection Methods
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Table 3. Ablation study of the proposed FewShot-SPT using AUC on benchmark datasets for 2 way 2 Shot Anomaly Detection and
Classification

Model Variants UCFC(%) | XD-V(%) | ShaiTech (%) | Avg(%)
Baseline (No EGKE, No AMG, No Perceiver 10) 82.4 78.2 75.5 78.7
+ Event-Guided Keyframe Extraction (EGKE) 87.1 83.5 80.1 83.5
+ Adaptive Modality Gating (AMG) 89.3 85.2 81.8 85.4
+ Perceiver IO-based Attention 91.0 87.4 84.0 87.5
Full Model (FewShot-SPT) 95.1 91.2 88.4 91.6

Table 4. Classification accuracy comparison on UCF-Crime and XD-Violence datasets for 5 way 5 shot Anomaly Detection(Multimodal)

Model UCF-Crime XD-Violence

k=1 k=5 k=10 k=1 k=5 k=10
FewShot-VAD [4] 315+1.1 4174+13 452+1.0 | 400+£12 543+£15 552413
Few-Shot Scene-Adaptive [3] | 66.7+1.0 68.1+12 694+1.1|633+1.1 658+14 67.7+12
FewShot Fast Adaptive [5] 705+1.1 723+13 747+12 | 712+12 73015 741+£1.3
Proposed-ASFL 7524+12 768+15 785+1.1|81.8+t13 845+14 863+1.2

In Figure 3 the anomaly score curves indicate the
model’s confidence in detecting abnormal events across
video frames. Annotated frames show transitions between
normal (low anomaly scores) and abnormal events (high
scores), such as violence, throwing, or running. This vi-
sualization reflects the effectiveness of our Event-Guided
Keyframe Extraction (EGKE) module, which dynamically
selects frames based on anomaly intensity rather than rely-
ing on fixed-interval or random sampling.

(a) (b) (©

Figure 4. Real-time anomaly detection in a public park, focusing
on child safety surveillance

In Figure 4, FewShot-SPT detects various behavioral
anomalies on unseen park vidoe data, including a falling
person Figure 4a, a detected weapon Figure 4b, and unau-
thorized area entry Figure 4c, triggering appropriate secu-
rity responses (with manual annotation of bounding boxes
for explaining anomaly). Real-time inference, enabled
by self-attention-based spatiotemporal processing and de-
ployed on Jetson Orin, enhances rapid response capabilities
without sacrificing efficiency. The framework operates with
minimal training data, making it scalable for child safety
and public security.

5. Conclusion

We proposed FewShot-SPT, a spatiotemporal trans-
former for video anomaly detection using minimal la-
beled data. Combining EGKE, AMG, and Perceiver IO, it

achieves SOTA performance on UCF-Crime, XD-Violence,
and ShanghaiTech in few-shot settings. Real-time deploy-
ment on Jetson Orin confirms its effectiveness for edge-
based surveillance. Future work will focus on explainabil-
ity and adaptive learning for real-time anomaly detection in
videos.
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