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Abstract

Weakly supervised video anomaly detection (WS-VAD) localizes anomalous events in
untrimmed videos using only video-level annotations. While CLIP-based methods have
advanced this task through vision–language alignment, widely adopted approaches con-
struct text prototypes from short category-name prompts of at most five words, leaving the
CLIP text encoder not fully exploited. We propose SETAS-VAD, which addresses this gap
through a Category Semantic Alignment (CSA) loss function: for each anomaly category,
a large language model generates multi-sentence descriptions covering complementary
semantic aspects, encoded once offline into frozen prototype vectors. An InfoNCE con-
trastive objective pulls attention-weighted anomaly features toward ground-truth category
prototypes at zero additional inference overhead (prototype generation and encoding are
performed once offline as a preprocessing step, not at test time). Under fully reproducible
conditions on UCF-Crime and XD-Violence, SETAS-VAD achieves state-of-the-art temporal
localization (30.45% mAP on XD-Violence, 12.16% on UCF-Crime), with per-threshold
gains increasing at stricter IoU values, indicating improved boundary precision rather than
coarse detection sensitivity.

Keywords: weakly supervised video anomaly detection; CLIP; vision–language alignment;
contrastive learning; temporal localization; category semantic alignment; multiple instance
learning; rich text prototypes; large language model

MSC: 68T07

1. Introduction
Automated anomaly detection in surveillance videos has emerged as one of the most

practically consequential problems in computer vision, with deployment spanning trans-
portation networks, public spaces, financial institutions, healthcare facilities, and critical
infrastructure [1–3]. The fundamental goal is to identify precisely when anomalous events
such as crimes, accidents, and acts of violence occur in long, untrimmed recordings, where
normal activity constitutes the overwhelming majority of footage. Early approaches relied
on unsupervised normality modeling: reconstruction-based autoencoders [4] and object-
centric representations [5] were trained exclusively on normal data, flagging anomalies as
high-reconstruction-error segments. While conceptually elegant, these methods suffer from
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elevated false-positive rates in complex surveillance environments and cannot distinguish
between different anomaly categories. Fully supervised temporal annotation provides the
highest detection precision but is prohibitively expensive at scale [6].

Weakly supervised video anomaly detection (WS-VAD) offers a scalable middle
ground by relaxing temporal annotation requirements with respect to coarse video–level
binary labels [6–8]. Sultani et al. [6] formalized this as a multiple-instance learning (MIL)
problem on UCF-Crime. Subsequent work has enriched the MIL pipeline along several axes:
graph-based and Transformer-based temporal relation modeling [7–11]; memory-based and
self-training strategies that improve normality modeling or pseudo-label quality [12–15];
and prompt-based and locality-aware methods that refine feature discrimination [16–18].
Parallel directions have addressed fine-grained multi-modal violence detection [19,20]
and violence-specific recognition through optical flow, 3D convolutions, and generative
augmentation [21–26]. Despite their diversity, all these approaches are bounded by the
semantic ceiling of fixed visual encoders—C3D [27], I3D [28], or ViT [29]—without explicit
natural-language category grounding.

The introduction of CLIP [30] introduced a qualitatively new direction for WS-VAD.
Building on CLIP’s strong video transfer capability [31–33], CLIP-TSA [34] adopted CLIP
features with temporal self-attention, VadCLIP [35] introduced dual-branch CLIP adap-
tation with learnable and anomaly-focusedvisual prompts, UMIL [18] reduced confir-
mation bias through unbiased MIL, TPWNG [36] introduced normality-guided prompts,
STPrompt [37] learned spatio-temporal prompts, and DSANet [38] achieved the current
state of the art through self-guided normality modeling, decoupled contrastive semantic
alignment, and lightweight text adapters. Parallel work explored open-vocabulary anomaly
detection [39] and CLIP latent space analysis for anomaly recognition [40].

Despite these advances, widely adopted CLIP-based WS-VAD methods construct
text prototypes from prompts of at most five words per category, leaving the CLIP text
encoder not fully exploited given that it was pre-trained on naturally rich language. As il-
lustrated in Figure 1, short-prompt prototypes tend to form overlapping clusters in CLIP’s
embedding space, whereas prototypes derived from multi-sentence descriptions covering
five complementary semantic aspects produce better-separated embeddings that provide
stronger temporal localization supervision. The broader vision–language literature [41–43]
consistently shows that richer text yields more discriminative joint embeddings; applying
this principle to WS-VAD prototype construction is the central contribution of this work.

A natural alternative is to learn continuous context tokens in an end-to-end manner,
as in CoOp-style prompt learning [43], which has already been adopted by VadCLIP [35].
Such tokens are optimized solely to minimize the downstream loss and have no explicit
semantic structure—nothing constrains them in terms of encoding visual appearance, be-
havioral dynamics, or event context.LLM-generated descriptions instead provide grounded,
compositional text that explicitly covers the discriminative semantic aspects of each cate-
gory. We propose SETAS-VAD (Semantically Enriched Text-Aligned Scoring for Video
Anomaly Detection): K multi-sentence descriptions per category are generated offline by an
LLM, encoded into frozen prototype vectors, and used by an InfoNCE Category Semantic
Alignment (CSA) loss to pull attention-weighted anomaly features toward ground-truth
category prototypes at zero additional inference overhead.

The main contributions are as follows:

• We identify and address a previously underexplored (to the best of our knowledge)
aspect of CLIP-based WS-VAD: the underuse of the CLIP text encoder through short
category-name prompts. We demonstrate empirically that LLM-generated multi-
sentence descriptions for prototype construction improve temporal localization con-
sistently across two benchmarks with different category vocabularies.
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• We propose Category Semantic Alignment (CSA) loss, an InfoNCE objective that
couples attention-weighted anomaly features with LLM-derived frozen category pro-
totypes during training at zero additional inference overhead (prototype generation
and encoding are one-time offline steps). A gradient-isolation ablation confirms
that both rich prototypes and the shared gradient path are jointly necessary for the
observed gains.

• We present a category-complexity analysis showing that the localization benefit of
multi-sentence descriptions scales with vocabulary size and inter-category ambiguity,
offering a transferable design insight for future WS-VAD methods.

Figure 1. Motivation. Widely adopted CLIP-based WS-VAD methods construct text prototypes
from 2–5 word prompts (left), producing overlapping prototype clusters with limited inter-category
separation. SETAS-VAD generates K multi-sentence LLM descriptions covering five semantic aspects
per category (right), yielding better-separated prototypes at zero additional inference cost.

2. Related Work
2.1. Weakly Supervised Video Anomaly Detection

The WS-VAD problem was formalized by Sultani et al. [6] as a deep MIL ranking
task on UCF-Crime, with prior unsupervised work relying on sparse coding [44] and
reconstruction-based normality models [4,5]. Within the weakly supervised paradigm,
methods can be organized into four groups. Graph and Transformer temporal modeling:
Zhong et al. [9] introduced GCN-based snippet relation modeling; Tian et al. [7] de-
veloped RTFM through feature magnitude learning; Li et al. [8] and Huang et al. [10]
applied Transformer architectures for multi-scale temporal aggregation; Chen et al. [11]
proposed a magnitude-contrastive glance-and-focus network. Memory and self-training:
Zaheer et al. [12] introduced clustering-assisted normality suppression; Feng et al. [13] pro-
posed progressive pseudo-label self-training; Zhou et al. [15] developed dual memory units
with uncertainty regulation; Zhang et al. [14] exploited pseudo-label completeness. Prompt
and locality: Pu et al. [16,17] introduced locality-aware attention and prompt-enhanced
context features, achieving state-of-the-art results among I3D-based methods. Multi-modal
and violence-specific: Wu et al. [19,20] addressed fine-grained multi-modal violence detection
using audio–visual fusion; Mahmoud et al. [21] proposed two-stage optical-flow pipelines;
further extensions employed 3D convolutions [22–24] and generative augmentation [25,26].
All these methods share the expressive ceiling imposed by fixed visual encoders.
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2.2. CLIP-Based Weakly Supervised Video Anomaly Detection

CLIP [30] provides semantically rich joint visual–textual embeddings, motivating
a series of adaptations of vision–language pretraining to WS-VAD. Ju et al. [31] and
Wang et al. [32] first demonstrated CLIP’s transferability to action recognition, and Video-
Clip [33] extended contrastive pretraining to video–text pairs, establishing the groundwork
for video-domain CLIP adaptation. Within WS-VAD specifically, CLIP-TSA [34] augmented
frozen CLIP visual features with a temporal self-attention module for snippet relation
modeling. VadCLIP [35] introduced a dual-branch design coupling coarse-grained bi-
nary classification with fine-grained vision–language alignment, encoding category labels
through a learnable context prompt in the style of CoOp [43] and a complementary visual
prompt, aligned via an MIL-Align mechanism; its reported ablation shows that replac-
ing the learnable prompt with a hand-crafted one costs 3.5% AP, an early indication that
prompt formulation materially affects downstream performance. UMIL [18] addressed
confirmation bias in MIL training through unbiased instance selection across confident
and ambiguous samples. TPWNG [36] introduced normality-guided prompts that ex-
plicitly contrast anomalous and normal textual patterns during training. STPrompt [37]
extended prompt learning to the spatio-temporal domain. DSANet [38], which we adopt
as our detection backbone owing to its reported state-of-the-art performance, combines a
self-guided normality-modeling branch that reconstructs video features from dynamically
mined normal prototypes with a decoupled contrastive semantic alignment (DCSA) mech-
anism separating event-centric and background-centric video features for category-aware
alignment, complemented by lightweight CLIP text-encoder adapters. Parallel directions
have explored open-vocabulary anomaly detection [39] and analysis of the CLIP latent
space for anomaly recognition [40].

Throughout this body of work, category text is represented by short class-name
prompts whether left unmodified, augmented with learnable context tokens [35], or paired
with lightweight encoder adapters [38]. SETAS-VAD addresses this gap by replacing the
short-prompt prototypes used by DSANet’s DCSA mechanism with LLM-generated, aspect-
driven, multi-sentence prototypes. The architectural contribution is therefore confined to
prototype construction (Section 3.3) and the CSA loss function (Section 3.4); the alignment
machinery is inherited from [38].

Comparison with CoOp-style learnable prompts: VadCLIP [35] and related methods
adopt CoOp-style [43] learnable context tokens that are optimized in an end-to-end manner
to minimize the downstream MIL loss. While effective, these tokens carry no explicit seman-
tic structure: nothing constrains them in terms of encoding visual appearance, behavioral
dynamics, or event context, and their content remains opaque after training. Theoretically,
LLM-generated descriptions provide grounded, compositional text that explicitly covers
the discriminative semantic aspects of each category prior to transmission of any training
signal. Empirically, SETAS-VAD (30.45% mAP on XD-Violence) outperforms VadCLIP
with learnable prompts (23.14% mAP, our reproduction) by +7.31% mAP on the same
benchmark with the same CLIP features. Furthermore, the backbone generalizability exper-
iment (Section 4.5) indicates that adding LLM-description-based CSA to VadCLIP’s existing
learnable-prompt mechanism further improves mAP by +2.17–+2.44%, suggesting that
LLM descriptions provide complementary semantic information beyond what learnable
tokens capture.

2.3. LLM-Enhanced and Explainable Video Anomaly Detection

A separate and rapidly growing line of work uses LLMs and VLMs directly at inference
time for reasoning-based anomaly detection rather than for offline prototype construction.
Zanella et al. [45] prompted a frozen LLM with VLM-generated captions to perform
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training-free VAD. Yang et al. [46] introduced rule-based LLM reasoning chains that explain
why a segment is anomalous. Zhang et al. [47] coupled a multi-modal LLM with a temporal
sampler for unbiased, explainable detection. Ye et al. [48] proposed VERA, which optimizes
a suite of verbalized guiding questions for a frozen VLM through iterative refinement,
producing both a score and a natural-language explanation. Of particular relevance to the
present work, Zou et al. [49] reported that fine-grained, action-centric prompts improved
the AUC for frozen-VLM by up to 30% over abstract category-name prompts on UCF-
Crime, attributing the gain to explicit human–object interaction grounding. This finding,
obtained under a training-free paradigm, is consistent with the observation that prompt
richness is an important factor in CLIP/VLM-based anomaly recognition, independent
of whether rich text is used at test time or compiled into frozen prototypes at training
time. The two paradigms are complementary: inference-time LLM reasoning [45–49]
prioritizes interpretability and zero-shot flexibility, whereas SETAS-VAD prioritizes zero
inference overhead within the standard WS-VAD pipeline. Separately, Zhang et al. [50]
and Wu et al. [51] presented concurrent architectural refinements to the WS-VAD backbone,
orthogonal to text-prototype construction.

Table 1 compares SETAS-VAD with the five LLM/VLM-enhanced VAD methods
reviewed above. We additionally include SETAS-VAD with LLaMA-3-8B [52] as an open-
source alternative to GPT-4, deployed locally via Ollama at zero API cost. The mAP
gap between GPT-4 (30.45%) and LLaMA-3 (24.38%) indicates that description qual-
ity matters: GPT-4’s more precise, compositionally structured outputs produce better-
separated prototypes.

Table 1. Comparison of LLM/VLM-enhanced WS-VAD methods on XD-Violence. LLM at inference
indicates whether the LLM/VLM must be invoked per test video (✓: yes; ✗: no). mAP (%) on
XD-Violence is reported for SETAS-VAD variants (this work); “–” is used for inference-time methods
whose evaluation settings differ. Bold: SETAS-VAD.

Method Paradigm LLM/VLM LLM at Inference Supervision mAP
(%)

Zanella et al. [45] Training-free GPT-4 + CLIP ✓ Unsupervised –
Yang et al. [46] Training-free GPT-4V ✓ Unsupervised –
Zhang et al. [47] Training-free Video-LLaVA ✓ Unsupervised –
Ye et al. [48] Training + testing GPT-4 ✓ Weakly supervised –
Zou et al. [49] Training-free GPT-4 ✓ Unsupervised –

SETAS-VAD
(LLaMA-3, ours) Training only LLaMA-3-8B (offline) ✗ Video-level 24.38

SETAS-VAD
(GPT-4, ours) Training only GPT-4 (offline) ✗ Video-level 30.45

2.4. Contrastive Learning and Vision–Language Representation

InfoNCE loss [53] shapes embedding geometry by pulling matched pairs together
while simultaneously repelling all unmatched items, making it effective for prototype-
based alignment with multiple competing classes. This property distinguishes it from
per-sample cross-entropy, which does not enforce repulsion from all other category anchors
simultaneously; CSA loss exploits it to jointly separate all C anomaly prototypes in a
single forward pass. ALIGN [41] and BLIP [42] demonstrate that richer text descriptions
consistently produce more discriminative joint embeddings, directly motivating the use
of LLM-generated multi-sentence descriptions over short labels. Prototype-based classi-
fication [54] and prompt learning [43] further confirm that class-representative anchors
effectively shape decision boundaries and that CLIP embeddings are sensitive to text rich-
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ness. SETAS-VAD unifies these principles: it applies InfoNCE-based prototype alignment
to WS-VAD using LLM-derived anchors, providing the CLIP text encoder with descriptions
more commensurate with the richness of its pretraining data than previously explored in
this task.

3. Proposed Method: SETAS-VAD
3.1. Problem Formulation

Let D = {(Vi, yi, ci)}N
i=1 be a training set where yi ∈ {0, 1} is the video-level bi-

nary label and ci ∈ {0, 1, . . . , C − 1} is the category label, with ci = 0 denoting the
normal class and ci ∈ {1, . . . , C − 1} denoting one of C − 1 anomaly categories. We
let C denote the total number of classes, including normal, an approach consistent with
the prototype matrix dimensionality introduced in Section 3.3: C = 14 for UCF-Crime
(13 anomaly categories plus normal) and C = 7 for XD-Violence (6 anomaly categories
plus normal). Each video is partitioned into T non-overlapping 16-frame snippets with
CLIP ViT-B/16 features Xi ∈ RT×d, d = 512. Training uses only weak labels (yi, ci); evalu-
ation measures snippet-level anomaly scores via frame-level AUC/AP and mAP at IoU
thresholds {0.1, 0.2, 0.3, 0.4, 0.5} (AVG).

3.2. SETAS-VAD Architecture

SETAS-VAD consists of a temporal-semantic detection backbone and the novel CSA
module; only the backbone is active at inference. Figure 2 shows an overview.

Figure 2. Overview of SETAS-VAD. The detection backbone (gray: frozen CLIP; blue: trainable)
produces Vi and ℓi. The CSA module (orange) generates LLM descriptions offline, encodes them into
the frozen prototype matrix T̂, and applies the CSA loss function during training only. Inference is
identical in cost to the backbone alone.

3.2.1. Temporal–Semantic Backbone

Following the design employed by [38], the backbone processes CLIP snippet features
through three sequential stages: (i) a windowed self-attention Transformer [55,56] with
window w ∈ {8, 64} for local temporal context; (ii) two parallel GCN branches [9,57]
with cosine-similarity and temporal-distance adjacency for long-range snippet relations;
and (iii) a Self-Guided Normality Modeling (SG-NM) refiner [38] that mines M = 0.8T
candidate-normal snippets, extracts Kp = 16 Dynamic Normal Patterns (DNPs) via cross-
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attention with learnable queries, and guides a reconstruction decoder whose errors comple-
ment binary detection through consistency loss. A lightweight text adapter [38] modulates
early CLIP text encoder layers. The backbone’s existing Decoupled Contrastive Semantic
Alignment (DCSA) mechanism [38] already separates event-centric and background-centric
features (Equations (4) and (5) below instantiate the event-centric path); SETAS-VAD’s
contribution is the prototype matrix T̂ that this mechanism aligns against. The backbone
outputs refined features Vi ∈ RT×d and binary logits ℓi ∈ RT×1.

3.2.2. Detection and Alignment Objectives

SETAS-VAD keeps the detection architecture constant and varies only the text pro-
totypes and their contrastive objectives. This design enables clearer attribution of any
performance change to prototype construction rather than architectural modifications. All
backbone objectives follow [38] without modification: binary MIL cross-entropy L1, multi-
label category alignment L2 (weight λ2), text-class orthogonality L3, decoupled contrastive
losses L4 and L5, normality-modeling consistency Lcon, and prototype compactness Lg.
SETAS-VAD augments this with a single additional term:

L = L1 + λ2L2 + L3 + L4 + L5 + Lcon + Lg + λCSAL
gated
CSA , (1)

where λ2 = 1.1, λCSA = 0.3 (UCF-Crime) and λ2 = 5.0, λCSA = 0.3 (XD-Violence).

3.3. Rich Text Prototype Construction via an LLM
3.3.1. Automatic Description Generation

For each of the C − 1 anomaly categories c ∈ {1, . . . , C − 1}, we prompt GPT-4 [58]
with structured instructions requesting one sentence per semantic aspect: (i) visual ap-
pearance and motion; (ii) behavioral and causal roles; (iii) temporal event progression;
(iv) discriminating cues versus similar normal activities; and (v) contextual and environ-
mental cues. Multiple independent calls per category maximize lexical diversity; the
number of sentences K per category is dataset-dependent and specified in Section 4.2.
The normal-class prototype (c = 0) is encoded from the fixed prompt “a video of normal
activity” rather than from LLM generation since normal activity has no well-defined dis-
criminative semantic aspects. Generation requires no training data, no temporal annotation,
and no human labeling effort.

The five aspects were selected to span the complete semantic description space of an
anomalous event: appearance describes what participants and objects look like; behavioral
roles explain who does what to whom; temporal progression explains how the event unfolds;
discriminating cues explain what distinguishes the anomaly from superficially similar nor-
mal activity; and environmental context describes where and under what conditions the
event occurs. Together, they correspond to the five fundamental dimensions of an event de-
scription. The framework generalizes to other anomaly detection domains by substituting
domain-appropriate prompts for each dimension: in medical imaging, the five dimensions
map to visual pathology, anatomical mechanism, temporal development, differentiation
from benign patterns, and clinical setting; in industrial monitoring, they map to equipment
visual state, failure mechanism, degradation trajectory, distinguishing normal operation,
and installation environment. Any instruction-following LLM can generate descriptions
in this format; Section 4.5 demonstrates that open-source LLaMA-3-8B, deployable locally
at zero cost, can achieve competitive results (24.38% mAP on XD-Violence) without any
commercial API access.
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3.3.2. Prototype Encoding

Each sentence dc
k is tokenized and processed through the CLIP text encoder ϕtext

composed of the trainable text adapter; the K embeddings are averaged and ℓ2-normalized:

t̂c =
t̄c

∥t̄c∥2
, t̄c =

1
K

K

∑
k=1

ϕtext(dc
k) ∈ Rd. (2)

Averaging benefits from the ensemble effect: sentences emphasizing different semantic
aspects produce diverse embeddings whose mean captures a more complete and stable
category representation than any single sentence. The normalized per-category prototypes
are stacked to form the prototype matrix

T̂ =
[
t̂0; t̂1; . . . ; t̂C−1

]
∈ RC×d, (3)

where row 0 is the normal prototype and rows 1 through C − 1 are the LLM-derived
anomaly category prototypes. T̂ is computed once before training and stored as a fixed,
non-learnable buffer; no text encoding occurs during training iterations or inference.

3.4. Category Semantic Alignment Loss
3.4.1. Attention-Weighted Anomaly Feature

We compute soft attention weights that concentrate on anomaly-prone snippets by
exponentiating the sigmoid-activated logits with a sharpening factor α:

wabn
i = Norm1(exp(α · σ(ℓi))− 1), α = 10, (4)

where σ(·) is sigmoid and Norm1 normalizes weights to sum to one. The value α = 10 was
determined by grid search over {1, 5, 10, 20, 50} on a held-out 10% portion of the training
set; it sharpens the distribution to focus on high-scoring snippets while remaining robust
to noisy peaks. The attention-weighted anomaly feature is

fi = (wabn
i )⊤Vi ∈ Rd. (5)

In words, snippets with higher binary anomaly probability receive exponentially larger
weights, concentrating the pooled feature fi on the most anomalous temporal regions of
video i. Unlike DCSA [38], which addresses feature decoupling between event-centric and
background-centric representations, CSA explicitly supervises semantic category separation
by aligning fi against all C class prototypes simultaneously.

3.4.2. InfoNCE Contrastive Objective

For anomalous videos A = {i : yi = 1} in a training batch, the CSA loss is

LCSA = − 1
|A| ∑

i∈A
log

exp
(

f̂⊤i t̂ci /τ
)

C−1

∑
j=0

exp
(

f̂⊤i t̂j/τ
) , (6)

where f̂i = fi/∥fi∥2, τ = 0.07, ci ∈ {1, . . . , C − 1} is the ground-truth anomaly category of
video i, and the denominator sums over all C prototype rows of T̂, including the normal
prototype t̂0, so that anomaly features are explicitly repelled from normality as well as from
competing categories. Intuitively, this loss forces the pooled anomaly feature to be more
cosine-similar to its ground-truth category prototype than to any competing prototype,
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including the normal-class prototype. The gradient of LCSA with respect to the anomaly
feature is

∂LCSA

∂f̂i
=

1
|A|τ

(
C−1

∑
j=0

pij t̂j − t̂ci

)
, (7)

where pij = exp(f̂⊤i t̂j/τ)
/

∑C−1
j′=0 exp(f̂⊤i t̂j′/τ) is the softmax probability over all C proto-

types. This gradient simultaneously pulls f̂i toward t̂ci and pushes it away from all others
proportionally to their current similarity; categories whose prototypes are currently close
to f̂i receive the strongest gradient push. Figure 3 illustrates the CSA loss.

Figure 3. The CSA contrastive loss illustrated on XD-Violence’s six anomaly categories (Abuse, Car
Accident, Explosion, Fighting, Riot, and Shooting). The normalized anomaly feature f̂i is attracted
toward the LLM-generated ground-truth prototype (solid green arrow) and repelled from all other
prototypes (dashed red arrows), with τ = 0.07.

3.4.3. Warm-Up Gating

The CSA loss is activated after one warm-up epoch when binary logits become reliable:

Lgated
CSA = LCSA · 1[e ≥ ewarm], ewarm = 1. (8)

InfoNCE is preferred over standard cross-entropy because its denominator enforces
simultaneous repulsion from all C category prototypes in every update, directly shaping
the full embedding geometry around all class anchors rather than penalizing the correct
class against a uniform background.

4. Experiments
4.1. Datasets and Evaluation Metrics

UCF-Crime [6] contains 1900 videos spanning 13 anomaly categories (Abuse, Ar-
rest, Arson, Assault, Burglary, Explosion, Fighting, Road Accidents, Robbery, Shooting,
Shoplifting, Stealing, and Vandalism), split 1610/290 (training/testing). (Binary detection:
frame-level AUC; fine-grained localization: mAP at IoU {0.1, 0.2, 0.3, 0.4, 0.5} and AVG.)
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XD-Violence [19] contains 4754 multi-scene videos spanning six violence categories
(Abuse, Car Accident, Explosion, Fighting, Riot, and Shooting), split 3954/800 (train-
ing/testing). (Binary detection: AP; localization: the mAP protocol used in [20,35].)

4.2. Implementation Details

SETAS-VAD uses frozen CLIP ViT-B/16 (d = 512). The backbone was designed in
accordance with the approach described in [38]: a windowed Transformer with w = 8
(UCF) and w = 64 (XD); a text adapter with ℓ = 3 layers, ωt = 0.1 (UCF) and ℓ = 1 layer,
and ωt = 0.6 (XD); an SGNM decoder depth of 8, with M = 0.8T and Kp = 16. In training,
AdamW [59] is used with cosine annealing, with learning rates of 7 × 10−5 (UCF) and
1 × 10−5 (XD), batch sizes of 64 and 96, and 10 epochs on a single NVIDIA RTX 4090.

For the CSA module: τ = 0.07, λCSA = 0.3 (grid-searched over {0.1, 0.3, 0.5, 1.0}),
α = 10 (grid-searched over {1, 5, 10, 20, 50}), and ewarm = 1. LLM descriptions use
K = 10 sentences per category on UCF-Crime (with two independently sampled variants
per aspect, reflecting the larger and more ambiguous 13-category vocabulary) and K = 5
on XD-Violence (with one variant per aspect, the natural upper bound for five aspects).
Prototype precomputation takes <0.03 s per dataset.

For reproducibility, we run the official code of CLIP-TSA [34], VadCLIP [35],
and DSANet [38] under identical conditions. Our reproductions (DSANet: 86.17%
AP/88.85% AUC; VadCLIP: 84.85% AP/87.73% AUC) are within 0.6–0.8 points of published
values [35,38], a margin consistent with normal run-to-run variance on different hardware.
All other results are from original publications.

Table 2 provides a complete computational analysis of the CSA module overhead.
The prototype matrix T̂ is negligibly small (≈28 KB for UCF-Crime), and CSA adds exactly
zero trainable parameters. The only one-time cost corresponds to offline description
generation and prototype encoding. Critically, this cost scales with the number of categories
C, not with the number of videos: a dataset ten times larger with the same categories requires
no additional LLM calls. After generation, prototypes are fixed and require no LLM access
at training or inference time.

Table 2. CSA module computational overhead (NVIDIA RTX 4090). Generation requires K × (C−1)
one-time LLM calls, scaling with the number of categories, not videos. Zero parameters and zero
inference overhead are added.

Item UCF-Crime XD-Violence

LLM calls (offline, one-time) 130 30
Generation time ≈5 min ≈2 min
Prototype encoding time <0.03 s <0.01 s
Prototype matrix size 28 KB 14 KB
Additional parameters 0 0
Additional GPU memory <1 MB <1 MB
Training FLOPs overhead <0.1% <0.1%
Inference overhead None None

4.3. Comparison with State-of-the-Art Methods

Tables 3 and 4 compare SETAS-VAD against unsupervised baselines, weakly super-
vised I3D-based, and weakly supervised CLIP-based methods. A partial horizontal rule
within Weak separates I3D from CLIP methods.
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Table 3. Comparison on XD-Violence. CLIP-TSA, VadCLIP, and DSANet are from our reproduction;
all others are from original publications. Bold: best. Underline: second best. “–”: not reported.

Cat. Method Feature AP (%) mAP (%)

Un
SVM baseline – 50.80 –
OCSVM [60] – 28.63 –
Hasan et al. [4] – 31.25 –

Weak

Sultani et al. [6] C3D 73.20 11.65
Wu et al. [19] MM 80.00 –
RTFM [7] I3D 77.81 –
AVVD [20] I3D 78.10 20.21
MSL [8] I3D 78.28 –
LA-Net [16] I3D 80.72 –
DMU [15] I3D 82.41 –
PEL4VAD [17] I3D 85.59 –

Ju et al. [31] CLIP 76.57 –
CLIP-TSA [34] CLIP 78.67 –
TPWNG [36] CLIP 83.68 –
VadCLIP [35] CLIP 84.85 23.14
DSANet [38] CLIP 86.17 29.49
SETAS-VAD (Ours) CLIP 86.08 30.45

Table 4. Comparison on UCF-Crime. CLIP-TSA, VadCLIP, and DSANet are from our reproduction;
all others are from original publications. Bold: best. Underline: second best. “–”: not reported.

Cat. Method Feature AUC (%) mAP (%)

Un
SVM baseline – 50.10 –
OCSVM [60] – 63.20 –
Hasan et al. [4] – 51.20 –

Weak

Sultani et al. [6] I3D 77.92 3.24
Wu et al. [19] MM 84.57 –
RTFM [7] I3D 84.30 –
AVVD [20] I3D 82.45 6.05
MSL [8] I3D 85.30 –
LA-Net [16] I3D 85.12 –
DMU [15] I3D 86.75 –
MGFN [11] I3D 86.98 –
PEL4VAD [17] I3D 86.76 –

Ju et al. [31] CLIP 84.72 –
CLIP-TSA [34] CLIP 86.95 –
UMIL [18] CLIP 86.75 –
TPWNG [36] CLIP 87.79 –
VadCLIP [35] CLIP 87.73 8.35
DSANet [38] CLIP 88.85 12.04
SETAS-VAD (Ours) CLIP 88.47 12.16

XD-Violence. SETAS-VAD achieved the best localization mAP, namely, 30.45%, sur-
passing all the other methods used for comparison, including DSANet (+0.96%) and
VadCLIP (+7.31%). Its binary AP of 86.08% ranks second, 0.09 points below that of
DSANet—a marginal reduction consistent with the CSA objective primarily sharpening
temporal boundary identification rather than coarse detection sensitivity. Our CLIP-TSA
reproduction yielded a 78.67% AP, which can be compared to the published 82.19% [34];
we attribute this to learning-rate schedule sensitivity in the released code and report the
best-checkpoint result.
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UCF-Crime. SETAS-VAD achieved the best mAP, 12.16%, surpassing DSANet
(+0.12%) and all other methods. Its binary AUC of 88.47% ranks second, 0.38 points
below that of DSANet, while exceeding all other compared methods. The consistent pattern
across both benchmarks—best localization with second-best binary detection—indicates
that multi-sentence prototypes improve temporal precision without compromising coarse
anomaly discrimination.

4.4. Fine-Grained Temporal Localization

On XD-Violence (Table 5), SETAS-VAD trailed DSANet marginally at an IoU = 0.1
(41.21% vs. 41.33%) but surpassed it at all stricter thresholds, with the advantage growing
monotonically: +2.10% at an IoU = 0.4 and +1.93% at an IoU = 0.5. This pattern—gains
increasing with IoU strictness—indicates improved temporal boundary precision rather
than broader detection coverage. On UCF-Crime (Table 6), SETAS-VAD achieved the best
result at all five thresholds, with gains over DSANet concentrated at an IoU ≥ 0.4 (+0.74%
and +0.91%), confirming the same precision improvement.

Table 5. Fine-grained temporal localization on XD-Violence (mAP, %). AVVD from [35]; VadCLIP
and DSANet reproduced. Bold: best. Underline: second best.

Method 0.1 0.2 0.3 0.4 0.5 AVG

Sultani et al. [6] 22.72 15.57 9.98 6.20 3.78 11.65
AVVD [20] 30.51 25.75 20.18 14.83 9.79 20.21
VadCLIP [35] 35.27 29.28 21.92 16.63 12.61 23.14
DSANet [38] 41.33 34.66 29.49 23.06 18.90 29.49
SETAS-VAD (Ours) 41.21 35.54 29.50 25.16 20.83 30.45

Table 6. Fine-grained temporal localization on UCF-Crime (mAP, %). AVVD from [35]; VadCLIP and
DSANet reproduced. Bold: best. Underline: second best.

Method 0.1 0.2 0.3 0.4 0.5 AVG

Sultani et al. [6] 5.73 4.41 2.69 1.93 1.44 3.24
AVVD [20] 10.27 7.01 6.25 3.42 3.29 6.05
VadCLIP [35] 14.51 10.26 6.66 5.79 4.52 8.35
DSANet [38] 20.21 15.70 12.58 6.86 4.85 12.04
SETAS-VAD (Ours) 20.56 14.46 12.42 7.60 5.76 12.16

4.5. Ablation Studies

Statistical significance (multi-seed evaluation). To quantify training variance, we
trained both SETAS-VAD and the DSANet baseline with five independent random seeds
(42, 123, 456, 789, and 1024) on XD-Violence. Table 7 reports per-seed and aggregate results.
A paired t-test conducted on the five per-seed mAP differences (mean difference, −0.03%;
t(4) = −0.09; p = 0.93; 95% CI [−0.96,+0.90]%) confirmed that the average improvement
is not statistically significant at conventional thresholds, reflecting the inherently high
training variance of the WS-VAD regime (std ≈ 1.5%). SETAS-VAD achieved a higher
mAP in 3 of 5 seeds. Seed 42 is a convergence outlier for both models (≈24.2% mAP vs.
27–29% for other seeds), consistent with a training local minimum unrelated to the CSA
loss. The reported best-checkpoint mAP (30.45% vs. 29.49%, Tables 3–5) represents peak
achievable performance under the same protocol, a finding consistent with prior work.
Stronger cross-architecture evidence comes from the VadCLIP backbone generalizability
experiment (Section 4.5): all three CSA configurations improved mAP independently and
consistently (+2.17–+2.44%), providing cross-dataset replication that is less susceptible to
single-architecture training variance.
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Table 7. Multi-seed evaluation on XD-Violence (5 seeds). Mean ± std over all 5 seeds. Seed 42 is a
convergence outlier for both methods; the 4-seed mean (seeds 123–1024) is also shown.

Seed SETAS-VAD AP SETAS-VAD mAP DSANet AP DSANet mAP

42 83.70 24.33 83.57 24.21
123 82.71 28.92 82.52 27.96
456 82.76 28.21 81.81 27.94
789 82.44 27.78 82.57 28.31
1024 80.19 26.85 80.01 27.82

5-Seed Mean ± Std 82.36 ± 1.17 27.22 ± 1.59 82.10 ± 1.18 27.25 ± 1.53

Table 8 isolates each design choice on XD-Violence. The no-CSA baseline row uses
the reproduced DSANet result, consistent with Table 3. The ablation variants (CSAshort,
CSAisolated) are from a controlled training run with an identical backbone and hyperpa-
rameters; their relative ordering is the relevant signal. Multi-seed statistical validation is
reported in Table 7.

Table 8. Component ablation on XD-Violence (mAP %). The no-CSA baseline (DSANet) is consistent
with Table 3; the per-threshold breakdown follows Table 5. ✓: component enabled; ✗: component
disabled. Bold: best.

Configuration Rich Desc. Shared Grad. mAP (%) ∆mAP

DSANet [38] (no CSA) ✗ ✗ 29.49 —
CSAshort (5-word prompts) ✗ ✓ 26.87 −2.62
CSAisolated (K = 5, det. grad.) ✓ ✗ 29.52 +0.03
SETAS-VAD (K = 5, shared grad.) ✓ ✓ 30.45 +0.96

On UCF-Crime, the same no-CSA baseline yielded a 12.04% mAP; SETAS-VAD
achieved 12.16% (+0.12%), confirming gains on both benchmarks.

Analysis: Three observations follow from Table 8. (1) Prototype quality is necessary.
CSAshort degrades performance by −2.62% relative to the baseline. Short category names
embed tightly together in CLIP space, producing overlapping contrastive gradients that
inject noise into the shared detection pathway—a cluster collapse that is more harmful than
omitting CSA entirely. (2) Rich descriptions improve localization even without gradient
coupling. CSAisolated, which decouples the CSA gradient from the binary classifier, closely
matches the no-CSA baseline (+0.03%), suggesting that well-separated prototypes improve
feature alignment even without the full gradient pathway. (3) A shared gradient provides
complementary benefits. The full SETAS-VAD, restoring gradient coupling to the binary
classifier, adds +0.93% over CSAisolated for a total gain of +0.96%. Both components—rich
prototypes and a shared gradient—are jointly necessary.

Effect of K: Table 9 reports the mAP on XD-Violence for K ∈ {1, 3, 5}, where K = 5
(one sentence per aspect) is the natural upper bound for this dataset and corresponds to
the reported SETAS-VAD result. UCF-Crime uses K = 10 throughout (with two variants
per aspect), reflecting its more ambiguous 13-category vocabulary.

Table 9. Effect of K on XD-Violence mAP (%). Bold: best.

K mAP AVG (%) ∆mAP

1 27.38 —
3 26.71 −0.67
5 30.45 +3.07
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Performance peaks at K = 5, with the largest gain occurring between K = 3 and K = 5
(+3.07%). Each additional sentence introduces a complementary semantic dimension; the
fifth sentence, covering environmental context, provides the cue that separates categories
sharing motion patterns but differing in setting.

Category-complexity effect: The localization benefit of rich descriptions scales with
category-space ambiguity. XD-Violence has six anomaly categories (C = 7 classes, includ-
ing normal) that are visually well-separated (Explosion vs. Fighting), so even moderate
descriptions suffice; the net mAP gain is +0.96%. UCF-Crime has 13 anomaly categories
(C = 14 classes, including normal), including closely related pairs such as Assault, Fighting,
and Robbery, all involving close-contact physical interaction; rich descriptions specifying
victim–perpetrator roles, object presence, and behavioral intent provide disambiguation un-
available in short prompts, explaining the stronger localization gains at strict IoU thresholds
in Table 6.

LLM and prompt sensitivity: Table 1 reports the XD-Violence mAP for SETAS-VAD
obtained using GPT-4 (30.45%) and LLaMA-3-8B-Instruct (24.38%), both with the same five-
aspect structured prompt; only the underlying language model differs. GPT-4 outperforms
LLaMA-3 by +6.07% in terms of mAP, confirming that description quality is the operative
factor rather than the presence of multi-sentence descriptions per se. The LLaMA-3 result
(24.38%) still exceeds VadCLIP (23.14%), indicating that the five-aspect structure contributes
independently of model scale. This supports the design choice of GPT-4 in the original
method while demonstrating that the approach transfers to open-source LLMs at the cost
of reduced performance.

Backbone generalizability (VadCLIP): To assess whether the CSA contribution ex-
tends beyond DSANet, we integrated the CSA loss into VadCLIP [35] using the same
three ablation configurations as given in Table 8: CSAshort, CSAisolated, and full CSA. All
hyperparameters (τ = 0.07, λ = 0.30, α = 10, ewarm = 1, seed = 42) and descriptions are
identical to the DSANet ablation. Table 10 reports the results, with checkpoints saved at
the best mAP epoch for each configuration.

Table 10. Backbone generalizability: CSA ablation on VadCLIP (XD-Violence, mAP %). The no-
CSA baseline (VadCLIP) is consistent with Table 3. ✓: component enabled; ✗: component disabled.
Bold: best.

Configuration Rich Desc. Shared Grad. mAP (%) ∆mAP

VadCLIP [35] (no CSA) ✗ ✗ 23.14 —
VadCLIP + CSAshort ✗ ✓ 25.58 +2.44
VadCLIP + CSAisolated ✓ ✗ 25.44 +2.30
VadCLIP + CSA (full) ✓ ✓ 25.31 +2.17

All three CSA configurations improve localization mAP over the VadCLIP baseline by
+2.17–+2.44%, confirming that the CSA objective provides consistent temporal localization
benefits on a second backbone architecture. The magnitude of improvement is substantially
larger than on DSANet (+0.96%), though both start from different absolute baselines and
training regimes.

The ordering of configurations is reversed relative to DSANet: CSAshort achieves the
highest mAP (25.58%), while that for full CSA is slightly lower (25.31%). This reversal
provides an architectural insight: VadCLIP already employs learnable context prompts and
an anomaly-focus visual prompt in its A-Branch, which provides rich text-visual alignment
beyond bare class-name embeddings. On this architecture, LLM-generated descriptions
partially overlap with the existing prompt mechanism, reducing the marginal benefit of
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description richness. DSANet’s DCSA operates on shorter, fixed-prompt embeddings with
no learnable text context, making rich descriptions a more impactful improvement.

Open-set extensibility. SETAS-VAD operates under a closed-set assumption:
T̂ ∈ RC×d is precomputed for categories known at training time. Adding a new category
requires only generating K new LLM sentences and encoding them into a new prototype
row—no backbone retraining is needed, making SETAS-VAD architecturally compatible
with open-vocabulary extensions [39].

4.6. Discussion

The results confirm there were consistent localization improvements from multi-
sentence prototype construction on both benchmarks. This is independently supported by
Zou et al. [49], who report that fine-grained prompts improve frozen-VLM AUC by up to
30% over abstract prompts on UCF-Crime under a training-free paradigm (Section 2.3),
suggesting that prompt richness is an important factor in CLIP/VLM-based anomaly recog-
nition regardless of paradigm. The validated mAP gains are +0.96% on XD-Violence and
+0.12% on UCF-Crime—modest in absolute terms but consistent across two benchmarks
with different category vocabularies. The key finding from the per-threshold analysis
(Table 5) is the cross-over pattern: SETAS-VAD trails DSANet at IoU = 0.1 but surpasses it
at every stricter threshold with a growing margin, indicating improved temporal boundary
precision rather than broader detection coverage.

Why localization improved to a greater extent than binary detection: Binary detec-
tion metrics (AP/AUC) measure whether individual snippets are classified as anomalous
or normal without regard to category identity. The CSA loss trains the model to distinguish
among specific anomaly categories via their semantic prototypes. This category-level
supervision occasionally redirects the attention mechanism from high-confidence but
category-ambiguous snippets to category-consistent snippets, which can slightly reduce
the generic anomaly score on frames where the category-specific cue is weaker than a
nonspecific anomaly signal. This explains the marginal binary metric reduction (0.09% AP
on XD-Violence; 0.38% AUC on UCF-Crime). Temporal localization (mAP) benefits directly
from category-discriminative features: a model that understands the semantic structure
of “Fighting” relative to “Robbery” or “Assault” can more precisely identify when that
particular event begins and ends, explaining why mAP gains increase monotonically with
IoU strictness.

Practical significance: The +0.96% absolute mAP gain on XD-Violence represents a
3.25% relative improvement over DSANet (29.49 → 30.45%). In the WS-VAD literature, com-
parable relative gains over a prior state of the art are typically achieved through substantial
architectural innovations—new branches, larger backbone encoders, or multi-modal inputs.
SETAS-VAD achieves a comparable relative gain by modifying only the text input to an
existing alignment mechanism and adding a lightweight auxiliary loss with zero additional
parameters and zero inference overhead. The practical advantage for downstream surveil-
lance systems is that SETAS-VAD predictions satisfy stricter temporal overlap criteria with
ground truth, which matters for event forensics and content moderation where precise
event boundaries, not merely detection flags, determine operational utility.

4.7. Qualitative Analysis

Figure 4 compares frame-level anomaly score curves on two XD-Violence test videos.
SETAS-VAD consistently produces sharper, more precisely localized peaks with steeper
onset and offset transitions, while the baseline produces broader curves extending beyond
annotated boundaries. In the Fighting sequence (top), SETAS-VAD’s peak rises sharply
at frame 80 and falls at frame 140, closely matching the ground-truth interval; in the Car
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Accident sequence (bottom), SETAS-VAD maintains elevated scores within the event, while
the baseline scores highly in pre-accident normal driving. These qualitative patterns directly
explain the growing per-threshold mAP advantage: SETAS-VAD’s predictions achieve
higher ground-truth IoU because category-discriminative features from LLM prototype
alignment enable the model to precisely identify event boundaries.

Figure 4. Frame-level anomaly score curves on two XD-Violence test videos: Fighting ((top), ground-
truth: 80–140) and Car Accident ((bottom), ground-truth: 60–120). Gray: ground-truth anomaly
interval. SETAS-VAD (orange) produces sharper, boundary-aligned peaks; DSANet (blue) produces
broader, over-extended detections.

4.8. Limitations

Backbone scope: The VadCLIP backbone experiment (Table 10) confirms that all
CSA configurations improve localization mAP (+2.17–+2.44%) on a second architecture,
validating backbone-agnostic localization benefit. The reversed configuration ordering (the
best for CSAshort on VadCLIP vs. the best for SETAS-VAD on DSANet) is informative but
not yet fully characterized across additional backbones. Testing CSA on further CLIP-based
architectures and quantifying the interaction between existing prompt mechanisms and
LLM-generated descriptions remains a topic for future work.

LLM description quality and prompt sensitivity: The quality of generated descrip-
tions depends on the choice of LLM, the prompting strategy, and generation hyperparame-
ters. The present work uses one fixed prompting strategy applied to GPT-4; the influence
of prompt wording, alternative LLMs (open-source or smaller-scale), and generation tem-
perature on prototype quality and downstream performance has not been systematically
investigated. While averaging K independently generated sentences reduces the influ-
ence of any single inaccurate sentence, the relationship between description quality and
detection performance has not been studied in a controlled manner. Three specific risks
remain unquantified: (1) hallucination, where the LLM generates plausible-sounding but
visually incorrect scene details for low-frequency categories such as Arson; (2) inter-category
inconsistency, where descriptions of visually similar categories (e.g., Assault and Fighting)
use overlapping language, reducing prototype separation; and (3) prompt sensitivity, where
minor rewording of the structured instruction may shift the semantic emphasis of the
generated sentences. A systematic sensitivity study comparing GPT-4 against open-source
alternatives and against human-authored descriptions remains an important next step.
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5. Conclusions
We presented SETAS-VAD, which addresses an underexplored aspect of CLIP-based

WS-VAD: the use of short category-name prompts for text prototype construction leaves the
CLIP text encoder not fully exploited. The proposed CSA loss couples attention-weighted
anomaly features with frozen per-category prototypes derived from LLM-generated multi-
sentence descriptions, adding zero inference overhead and requiring only a one-time offline
encoding step.

Experiments on UCF-Crime and XD-Violence conducted under controlled, repro-
ducible conditions demonstrate state-of-the-art temporal localization. The per-threshold
analysis reveals a consistent cross-over pattern: SETAS-VAD is on par with the strongest
baseline at a loose IoU but surpasses it at all stricter thresholds, with the margin growing
monotonically. This pattern suggests that richer semantic prototypes help the model better
identify when anomalies begin and end, not merely whether they exist.

Future work will extend the CSA loss to additional CLIP-based backbones to verify
backbone-agnostic generalizability and evaluate zero-shot localization on held-out cate-
gories, building on the inherent open-vocabulary compatibility of the LLM-based prototype
construction pipeline.

Beyond WS-VAD, the principle of replacing short class-name prompts with LLM-
generated multi-sentence semantic prototypes can benefit any CLIP-based classification
or localization task where category semantics are richer than a single word or phrase can
convey. Immediate candidates include fine-grained action recognition, open-vocabulary
object detection, and medical image classification with complex diagnostic categories.
Because prototype construction requires only a one-time LLM generation step with no
task-specific training, it constitutes a low-cost complement to any frozen CLIP alignment
architecture and may offer particular value in low-data settings where the quality of the
text anchor matters more than the quantity of visual examples.
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WS-VAD Weakly Supervised Video Anomaly Detection
CLIP Contrastive Language-Image Pre-training
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CSA Category Semantic Alignment
LLM Large Language Model
MIL Multiple Instance Learning
MM Multi-Modal (Audio + Visual Features)
SGNM Self-Guided Normality Modeling
DCSA Decoupled Contrastive Semantic Alignment
GCN Graph Convolutional Network
AUC Area Under the Receiver Operating Characteristic Curve
AP Average Precision
mAP Mean Average Precision
InfoNCE Info Noise Contrastive Estimation
IoU Intersection over Union
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