This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Alert-CLIP: Abnormality-aware Latent-Enhanced Representation Tuning of
CLIP for Video Anomaly Detection

Yiyan Zhu', Menghao Zhang!, Haifeng Sun', Pengfei Ren!, Xianao Chu',

Chenye Xu', Hong Tan', Jinghan Wang!, Qi Qi'**, Jingyu Wang

1,3, %

!State Key Laboratory of Networking and Switching Technology,
Beijing University of Posts and Telecommunications, Beijing, China
2E-Byte.com, Beijing, China
3Pengcheng Laboratory, Shenzhen, China

{zhuyiyan, zhangmenghao, hfsun, rpf, redamancy, xuchenye}@bupt .edu.cn

tanh275774@163.com; {wangjhbh, qiq18266,wangjingyu}@bupt .edu.cn

Abstract

With the rise of pre-trained vision—language models such as
CLIP, performing video anomaly detection (VAD) through
cross-modal reasoning has become an emerging trend.
However, we observe that CLIP still suffers from weak ab-
normality awareness: normal and abnormal descriptions
are highly entangled in the text embedding space, caus-
ing video features to assign nearly indistinguishable simi-
larity scores to both types of prompts. To address this is-
sue, we propose Alert-CLIP, an abnormality-aware latent—
enhanced tuning framework that tailors CLIP for VAD.
Alert-CLIP introduces a multi-level alignment strategy:
(1) video—label alignment, which reshapes the semantic
space to establish a coarse-level foundation for abnormality
awareness; (2) region—text alignment, which explicitly as-
sociates anomaly-related regions with detailed descriptions
to strengthen fine-grained perception; (3) region—semantic
alignment, which contrasts anomalous regions against mul-
tiple hard negative samples to enhance abnormality-aware
discrimination. To support this training, we construct
VAGTA. Extensive experiments show that Alert-CLIP con-
sistently surpasses CLIP across weakly supervised, zero-
shot, and open-vocabulary settings. VAGTA is publicly
available at https://github.com/ClarkZhu2l6/
Alert-CLIP dataset.

1. Introduction

Video anomaly detection (VAD) aims to automatically iden-
tify events that deviate from normal behavioral patterns.

*Corresponding authors.
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Figure 1. Qualitative comparison between CLIP and Alert-CLIP.

In real-world scenarios, anomalous events are extremely
rare, making it infeasible to collect sufficient anomalous
samples for training. As a result, most prior works adopt
semi-supervised methods [7, 21, 29, 49] that learn normal
patterns from normal videos or weakly supervised meth-
ods [25, 30, 36, 43] trained with video-level labels. With the
demonstrated effectiveness of pre-trained vision—language
models (VLMs), such as CLIP [27], across a wide range of
downstream tasks [13, 20, 27], leveraging CLIP for VAD
has attracted increasing attention.

Recent CLIP-based VAD studies [10, 38-40, 46] ex-
ploit text embeddings to provide semantic guidance for vi-
sual modeling. In practice, these methods typically keep
the CLIP frozen and introduce task-specific designs to
model anomalies on top of the extracted embeddings. Vad-
CLIP [39] and AnomalyCLIP [46] represent early attempts
that combine visual classification and vision-language
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alignment to enable both coarse- and fine-grained anomaly
detection. Subsequent works further improve CLIP-based
VAD by enriching prompts with additional cues. For in-
stance, STPrompt [38] incorporates spatio-temporal cues
to facilitate anomaly localization, Ex-VAD [10] leverages
LLM-generated anomaly explanations to enhance inter-
pretability, and VarCMP [40] introduces audio cues to sup-
port cross-modal anomaly retrieval.

Despite their encouraging progress, existing CLIP-based
approaches largely rely on representations with limited
anomaly awareness, which restricts their potential for fur-
ther performance improvement in VAD. Anomaly is inher-
ently defined as a deviation from the norm, rather than a
standalone semantic category or object attribute. Such a
property requires models to have the ability to perceive con-
text semantics. Nevertheless, CLIP’s pretraining aligns full
images with textual descriptions through contrastive learn-
ing, which hinders its ability to capture contextual seman-
tics and fine-grained information. As shown in Figure 1,
CLIP produces nearly indistinguishable similarities for nor-
mal and anomalous prompts, and even favors the normal
description for certain anomalous videos. In Section 3, we
provide a more comprehensive analysis along with exten-
sive experimental evidence.

To overcome CLIP’s limitations in anomaly awareness,
we propose Alert-CLIP, a multi-level vision—language
alignment training framework tailored for VAD. Alert-
CLIP preserves CLIP’s semantic priors while progressively
strengthening abnormality awareness through three comple-
mentary alignment levels. At the video-label level, we re-
structure the semantic space to establish a coarse seman-
tic foundation for separating normal and anomalous. At
the region-text level, we align anomaly-related visual re-
gions with their detailed textual descriptions, enabling fine-
grained correspondence between localized visual changes
and the contextual semantics. At the region-semantic level,
we strengthen the understanding of normal and anomalous
concepts by contrasting the groundtruth and hard-negative
captions. Together, these multi-level alignment mecha-
nisms substantially enhance CLIP’s abnormality awareness
and enable Alert-CLIP to serve as a stronger and more reli-
able foundation for VAD.

To support the training of Alert-CLIP, we construct the
Video Anomaly Dataset with Grounded Text Annotations
(VAGTA) by re-annotating videos from UCF-Crime [30]
and MSAD [51]. Due to the inconsistent quality of existing
datasets and the lack of region-level annotations, our data
preparation process contains three steps. First, we standard-
ize video quality by filtering out videos that do not meet
the standards, and annotate each remaining video with a
global video caption, providing coarse-grained information
for video-label level. Second, we annotate precise bounding
boxes for anomalous regions and provide region-level cap-

tions that describe the corresponding events. This provides
crucial fine-grained visual-textual supervision for ground-
ing anomaly-related regions at the region-text level. Third,
we enhance semantic contrast by generating hard-negative
captions. This offers fine-grained semantic negatives for the
region—semantic level, facilitating more discriminative sep-
aration between normal and abnormal concepts. This proce-
dure yields 4,212 high-quality clips with consistent spatial
and semantic annotations, which form VAGTA and support
the multi-level alignment training of Alert-CLIP.

We conduct extensive experiments with Alert-CLIP on
widely used VAD benchmarks, including weakly super-
vised detection, zero-shot anomaly detection, and open-
vocabulary anomaly detection settings. The results show
that Alert-CLIP consistently outperforms CLIP and exist-
ing methods. Alert-CLIP can be seamlessly integrated into
existing VAD pipelines as a drop-in backbone.

In summary, our contributions are threefold:

* We provide a analysis of CLIP’s limitations in VAD, re-
vealing its weak abnormality awareness. We offer both
qualitative and quantitative evidence through text-space
probing and video—text similarity studies.

* We propose a multi-level vision—language alignment
framework, Alert-CLIP, which significantly improves
anomaly awareness and can seamlessly serve as a back-
bone for existing VAD pipelines.

* We construct VAGTA, a video anomaly dataset consisting
of 4,212 curated clips with region annotations and multi-
level captions to support Alert-CLIP training.

2. Related Work

2.1. Video Anomaly Detection

Existing VAD approaches can be broadly divided into
semi-supervised and weakly supervised methods. Semi-
supervised VAD [3, 12, 22, 24] usually models the nor-
mal patterns using only normal data and treats deviations as
anomalies. Typical methods include approaches based on
frame reconstruction [9, 26], frame prediction [4, 22, 33],
and multi-task learning [29, 49]. Weakly supervised meth-
ods typically rely on video-level annotations and are pre-
dominantly formulated under the Multiple Instance Learn-
ing paradigm [6, 30, 32, 35, 45].

With the rapid development of pre-trained vision-
language models (VLMs), such as CLIP [27], recent VAD
studies [38, 39] increasingly leverage textual semantics to
guide visual feature modeling. For instance, VadCLIP [39]
is an early attempt to introduce CLIP into VAD, where
video labels are encoded as textual prompts to guide the
training of a dual-branch model. Building upon VadCLIP,
VadCLIP++ [19] extends the framework by introducing
dynamic text prompts to enhance performance. AVad-
CLIP [41] further incorporates audio information to im-
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prove robustness in complex environments. STPrompt [38]
introduces spatio-temporal prompt embeddings to local-
ize abnormal regions in the video frames. OVVAD [37]
explores VAD under an open-vocabulary supervision set-
ting, leveraging semantic guidance to enable generaliza-
tion to unseen novel anomaly categories. Although these
CLIP-based methods demonstrate promising performance,
they typically rely on a frozen backbone and utilize CLIP-
extracted features for anomaly detection, without address-
ing CLIP’s limited anomaly awareness. In this work, we
systematically analyze the limitations of CLIP in anomaly
awareness and propose a training framework to enhance its
ability to recognize anomalies across diverse scenarios.

2.2. Vision-Language Models and CLIP

Large-scale pre-trained VLMs [11, 15, 47], such as
CLIP [27], achieve outstanding results in downstream tasks
like image classification [23], segmentation [34], and detec-
tion [39]. Despite its success, CLIP still faces limitations
in fine-grained perception due to its pretraining approach.
Specifically, CLIP is pretrained with contrastive learning
that aligns entire images with coarse text prompts. For ex-
ample, it uses prompts like ’a photo of [category]’, without
incorporating pixel-level visual information or detailed tex-
tual descriptions.

Recent works try to enhance CLIP’s fine-grained percep-
tion of object attributes by extending the token length of the
text encoder [48] or introducing grounding data [16, 50].
However, these methods still fail to fit VAD, as they do not
address the limitation in anomaly awareness. This is be-
cause anomalies are not conventional semantic categories or
object attributes, but rather deviations from the norm that re-
quire the ability to understand context semantics. To bridge
this gap, our work proposes a multi-level framework that
enhances CLIP’s anomaly awareness by aligning visual in-
formation of varying granularities with textual descriptions
at different levels.

3. Preliminary

To validate our hypothesis that CLIP suffers from an in-
herent deficiency in distinguishing the semantics of normal
and abnormal events, we conduct a qualitative analysis and
a quantitative analysis. Specifically, the qualitative analysis
examines the geometry of normal/abnormal prompts in the
text space and their alignment with real videos, while the
quantitative analysis measures this phenomenon using the
proposed MeanSignScore (MSS). We also include Alert-
CLIP as a reference model to verify whether the observed
deficiency can be alleviated after adaptation. The qualita-
tive results are shown in Figure 2 and Figure 1, while the
quantitative results are summarized in Table 1.
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Figure 2. Pairwise cosine similarities among normal- and
abnormal-related prompts in the text space. CLIP exhibits sub-
stantial semantic overlap between normal and abnormal concepts,
while Alert-CLIP shows a clearer separation.

3.1. Unified Similarity-Based Diagnosis

We first examine the semantic boundary between normal
and abnormal from both the text and video perspectives.
On the text side, we select representative descriptions from
UCF-Crime [30] and compute pairwise cosine similarities
between their text embeddings to examine whether CLIP
forms a clear semantic boundary between the two groups.

Figure 2 shows that CLIP exhibits substantial seman-
tic entanglement between normal and abnormal concepts.
Normal-related descriptions remain highly similar to many
anomaly descriptions, indicating that the boundary between
the two semantics is highly blurred in CLIP’s text space.
By contrast, Alert-CLIP produces a clearer separation while
preserving the consistency among anomaly prompts, sug-
gesting that this ambiguity is rooted in CLIP’s representa-
tion space and can be alleviated through targeted adaptation.

We next examine whether this ambiguity propagates to
video—text alignment. Figure | presents several representa-
tive normal and anomalous videos from UCF-Crime. For
each video, we report its cosine similarity to a normal
prompt and a matched anomaly prompt, together with the
margin between the correct prompt and the alternative one.
CLIP often assigns very similar scores to the two prompts,
and in some cases even favors the wrong description, re-
sulting in weak and unstable margins. In contrast, Alert-
CLIP shows a more consistent preference for the semanti-
cally correct prompt and yields substantially larger margins.

Taken together, these results reveal a consistent failure
mode of CLIP: it does not establish a clear semantic bound-
ary between normal and abnormal concepts. This defi-
ciency appears in the text space and further manifests itself
in video—text alignment, leading to unreliable discrimina-
tion on real videos. The comparison with Alert-CLIP fur-
ther verifies that this failure mode stems from the learned
representation itself rather than incidental prompt variation.
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Table 1. Video-level MeanSignScore (MSS) of different models
on XD and UCF-Crime. Higher is better.

Model XD UCF-Crime Avg.

CLIP -0.0572 -0.0556 -0.0564
LongCLIP -0.0586 -0.0508 -0.0547
SigLIP -0.0804 -0.0620 -0.0712
BLIP -0.0482 -0.0620 -0.0551
Alert-CLIP (Stage 1)  0.0541 0.1733 0.1137
Alert-CLIP (Stage 2)  0.1634 0.1726 0.1680
Alert-CLIP (Final) 0.1648 0.1763 0.1706

3.2. MeanSignScore: Quantifying Separability

To complement the qualitative analyses above, we further
introduce a simple diagnostic metric, termed MeanSign-
Score (MSS), to quantify how clearly a model separates
normal and abnormal semantics. Let Py and P4 denote
the sets of normal and abnormal prompts, respectively. For
a video x, we compute its average cosine similarity to the
two prompt sets as

1
Sn(z) = Wp;; cos(f(x),9(p)). (1)
1
Sa(z) = [Pal pGZP:A cos(f(x),9(p)), (2)

where f(-) and g(-) denote the video and text encoders, re-
spectively. We then define the signed score of each sample
as

SS(z) = 3)

Sa(x) — Sy(x), ifxis anomalous,

Sn(x) — Sa(z), if zis normal.
Finally, MSS is computed by averaging the signed scores
over the dataset:

MSS = - > 8S(x). “
ID' €D

A larger MSS indicates that the model more consistently
assigns higher similarity to the semantically correct prompt
set. Values near zero indicate weak separability, whereas
negative values suggest that the model frequently favors the
wrong semantic direction.

As shown in Table 1, the baseline models and vision—
language backbones consistently yield negative MSS val-
ues. This indicates that their video-level similarities do
not consistently favor the semantically correct prompt sets,
which quantitatively confirms the ambiguity observed in
both the text-space geometry and the video—text case stud-
ies. In contrast, Alert-CLIP turns MSS positive and sub-
stantially improves it across training stages.

Therefore, the proposed preliminary analysis provides
a consistent diagnosis from three complementary perspec-
tives: text-space geometry, video—text alignment, and
dataset-level quantitative separability. All of them point to
the same conclusion: CLIP lacks a reliable semantic bound-
ary between normal and abnormal concepts, and this defi-
ciency directly limits its effectiveness for VAD.

4. Dataset Preparation

In this section, we describe the construction of VAGTA
for Alert-CLIP, built from two benchmark datasets, UCF-
Crime [30] and MSAD [51]. UCF-Crime covers di-
verse real-world anomaly categories, while MSAD provides
scene-specific videos with consistent viewpoints and anno-
tated anomaly segments. Combining them preserves both
data scale and complementary supervision for fine-grained
anomaly modeling. We strictly follow the official splits of
both datasets: all curated training samples are constructed
only from the original training splits, while the official test
splits are reserved exclusively for evaluation, ensuring no
overlap or data leakage.

To support multi-granularity cross-modal alignment,
VAGTA provides two levels of textual annotations. Each
clip is assigned a global caption and a region-level caption.
For abnormal clips, regional features are extracted from an-
notated bounding boxes; for normal clips, the whole seg-
ment is treated as a single region and paired with a fine-
grained region caption distinct from the global one. We also
use Qwen-VL [31] to generate three hard-negative captions
for each region caption that remain visually similar to the
original caption while reversing its normal or abnormal se-
mantics. In addition, long normal videos are divided into
semantically coherent sub-clips, each inheriting the normal
label and receiving its own global and region-level captions.

During data curation, candidate videos are first assigned
an initial score by ChatGPT and then verified by human
annotators, who evaluate label consistency, anomaly clar-
ity, duplication, and obvious artifacts or corrupted frames.
Low-quality abnormal videos are removed, while normal
videos that pass the review are retained. For the filtered
videos, we then perform the subsequent annotation and
curation steps. We first segment each normal video into
three temporal parts and treat them as independent normal
clips, while keeping abnormal videos unchanged. We then
annotate bounding boxes for abnormal regions and write
captions for each clip and key abnormal regions, enabling
the model to align both global scene semantics and local
anomaly semantics.

After this process, we obtain VAGTA, which contains
4,212 curated clips in total, including 3,726 training clips
and 486 test clips under the official splits. The training split
contains 2,585 segmented normal clips and 1,141 abnormal
clips. Most removed abnormal videos fall into four cate-
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Figure 3. Training framework of Alert-CLIP.

gories: category mismatch, weak anomaly semantics, du-
plicated content, and severely corrupted signals. All clips
in VAGTA are equipped with consistent bounding-box and
caption annotations, providing a stable and reproducible
foundation for training Alert-CLIP.

5. Method

5.1. Overview

Video anomaly understanding fundamentally requires dis-
tinguishing normal and abnormal behaviors at the semantic
level. However, existing CLIP models exhibit highly entan-
gled normal/anomaly representations, making them insensi-
tive to fine-grained deviations. Alert-CLIP keeps the CLIP
visual and text encoders intact, and introduces a lightweight
temporal transformer to aggregate frame-wise visual fea-
tures into clip-level representations. On top of this temporal
aggregation, we learn a better alignment geometry through
three complementary signals: global video descriptions, re-
gion descriptions tied to annotated boxes, and semantically
close hard negatives that challenge the decision margins.
This training framework produces a checkpoint that remains
fully compatible with standard CLIP-style inference, while
improving anomaly awareness without relying on any local-
ization at test time.

We adopt a two-stage training schedule. Stage I per-
forms global video—text alignment to build a stable sepa-
ration between normal and anomaly semantics at the de-
scription level. Stage II starts from the Stage I weights
and jointly optimizes the global, region, and hard-negative
branches, injecting fine-grained cues into the shared space.

5.2. Multi-Level Contrastive Learning

We employ the CLIP visual encoder and text encoder,
both kept intact during inference, to encode sampled video
frames and all accompanying descriptions. Given a video

with T" sampled frames, the CLIP visual encoder produces
frame-wise features, which are aggregated by a lightweight
temporal transformer to obtain an {s-normalized clip-level
embedding v € RP. For annotated abnormal regions,
ROI Align is applied to frame-level visual features, and the
resulting region features are temporally aggregated in the
same way to obtain region embeddings v". Cosine simi-
larity is denoted by (-,-). Our objective is to reshape the
decision geometry of CLIP through three complementary
alignment signals that introduce global scene semantics,
spatially grounded anomaly semantics, and fine-grained se-
mantic distinctions.

Global alignment. Given a batch of B videos with
global descriptions {(v;,#;)}2.;, we compute similarity
scores s;; = (v;,t;) and optimize an InfoNCE loss:

Loiobal = —— Zl

where 7 is a temperature parameter. This objective es-
tablishes a global semantic separation between normal and
anomalous descriptions.

Region alignment. For each video, we associate region-
level visual features extracted from annotated bounding
boxes with their corresponding region descriptions, pro-
ducing R positive pairs {(v7, ")} . With similarities
st ., = (vl th ), we optimize:

RZI

This objective injects spatially grounded, fine-grained
anomaly semantics into the shared embedding space.

Semantic hard-negative alignment. For each region,
we further refine the semantic boundary by pairing the true
region description ¢7>* with K hard negatives {t;”;}f:l
that remain visually similar but reverse the normal or abnor-
mal semantics. Let s;7 = (vy,, ;%) and s, = (v],, £,%).
We optimize:

exp (84/T)

®)
iy exp(sij /)’

eXp Spn/T) ©)

Eregion = .
> m—1 €XP(8 /T)

R +
= 13" g exp(sit /)
Ri= " exp(sh /) + Zk 1 exp(s,,, k/Th)
)
where 73, controls the strength of semantic discrimination.
Unlike region alignment, which focuses on matching visu-
ally grounded regions and their descriptions, this branch ex-
plicitly sharpens the normal-abnormal boundary by intro-
ducing semantically confusable negatives. It therefore im-
proves robustness when normal and abnormal patterns are
visually similar but semantically opposite.

5.3. Two-Stage Optimization

Stage I: global pre-alignment. We optimize only Lgigbai
to construct a stable video—text separation between normal
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and anomaly descriptions.
Stage II: joint refinement.
weights, we jointly minimize

Lioal = £global + A £region + ¥ Lhard, 3

where A and ~ balance the region and hard-negative
branches. This stage injects fine-grained cues into the
shared space while preserving CLIP’s global recognition
ability. Bounding boxes and region texts are used only as
supervision during training.

Starting from the Stage I

6. Experiments

6.1. Experimental Settings

Datasets. We evaluate Alert-CLIP on four widely used
benchmarks. UCF-Crime [30] contains 1,900 surveillance
videos from 13 scenes, covering 13 anomaly categories
and normal events. XD-Violence [36] consists of 4,754
untrimmed videos from diverse sources, focusing on six
violence-related anomaly categories. MSAD [51] is de-
signed to assess scene generalization in VAD, covering 14
diverse real-world scenes with about 500 different camera
viewpoints. Ubnormal [1] is a synthetic-to-real benchmark
for evaluating generalization.

Supervision settings. We evaluate Alert-CLIP under
three complementary VAD settings: (i) weakly supervised
VAD, where the backbone is fine-tuned within the Vad-
CLIP [39] framework using video-level labels and our
multi-granularity annotations; (ii) zero-shot VAD, where
no training or adaptation is performed and anomaly scores
are derived purely from CLIP-style visual-textual simi-
larity margins; (iii) open-vocabulary VAD, following OV-
VAD [37], where the model must understand free-form
user-defined anomaly descriptions unseen during training.
These settings jointly evaluate fine-tuning performance,
cross-domain transfer, and semantic generalization.
Evaluation metrics. We report two standard metrics, AUC
and AP, for measuring discriminability, ranking quality, and
anomaly recall.

Implementation details. Unless specified otherwise, we
adopt OpenCLIP ViT-L/32 as the backbone and train Alert-
CLIP with the two-stage paradigm described in Section 5.
We use AdamW with cosine decay, mixed precision, and
gradient clipping. All experiments are conducted on a sin-
gle NVIDIA A800 GPU (80 GB). Detailed hyperparameters
are provided in the supplementary material.

6.2. Main Experiments

We compare Alert-CLIP with representative feature back-
bones. To ensure a fair comparison, all feature types are
evaluated under the same experimental setting.

Weakly supervised VAD. Table 2 reports the results of re-
placing the backbone in VadCLIP with different feature ex-
tractors. Alert-CLIP achieves the best performance on both

Table 2. Weakly supervised results on UCF-Crime and MSAD
using Alert-CLIP. Best results are in bold.

UCF-Crime MSAD
Feature
AUC AP AUC AP
CLIP [27] 88.02 3272 8745 71.09
TimeSformer [2] 86.54 28.72 86.22 72.18
VideoCLIP [42] 86.41 3099 84.66 71.34

Alert-CLIP (Stage 1) 88.67 32.16 88.59 75.10
Alert-CLIP (Full) 89.32 33.57 89.63 78.24

Table 3. Zero-shot comparisons on multiple benchmarks and met-
rics. Best results are in bold.

Feature UCF-AUC XD-AP UB-AUC UB-AP
CLIP [27] 61.91 34.35 72.08 57.43
TimeSformer [2] 58.61 39.55 56.73 45.01
VideoCLIP [42] 72.13 54.36 72.34 55.07
SigLIP [47] 69.73 5225 - -
LLaVA-1.5-7B [18] 72.84 50.26 - -
Alert-CLIP (Full) 75.75 55.18 75.39 60.11

Table 4. Open-vocabulary comparisons on UCF-Crime. Best re-
sults are in bold.

Method AP AP, AP, AUC AUC, AUC,
Anomize [14] 69.31 5737 8424 8449 93.00 87.05
OVVAD [37] 66.53 57.10 76.03 8640 93.84 88.20

Alert-CLIP (Full) 70.12 5791 84.92 86.14 94.04 86.21

Table 5. Open-vocabulary VAD results on XD-Violence. All num-
bers are percentages. Best results are in bold.

Overall Base Novel

CLIP [27] 90.01 88.85 94.23
Alert-CLIP (Full) 91.83 89.74 96.01

Feature

UCF-Crime and MSAD. Stage 1 already improves over
CLIP, showing that global alignment is sufficient to estab-
lish a cleaner normal-abnormal separation. Stage 2 further
improves both AUC and AP, indicating that region align-
ment and semantic hard negatives provide complementary
fine-grained supervision.

Zero-shot generalization. We evaluate zero-shot VAD on
UCF-Crime, XD-Violence, and UBnormal, where anomaly
scores are computed directly from the similarity margin be-
tween normal and abnormal prompts (Table 3). Alert-CLIP
consistently achieves the best performance, surpassing con-
ventional backbones, as well as stronger vision—language
models including Sigl.IP and LLaVA-1.5-7B. The gains are
especially notable on UBnormal, suggesting that the learned
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Table 6. Training strategy comparison on UCF-Crime. A check-
mark indicates that the corresponding loss is activated.

Strategy Cglobal »Cregion Lhaa  AUC

Joint training v v v 88.61
v _ _

Two-stage (ours) v v v 89.32

Table 7. Ablation on each alignment branch.

Configuration Losses AUC
CLIP baseline - 88.02
Global only Lsiobal 88.53
Global + Region Lygiobal + Lregion 88.85

Global + Region + Hard  Lgiopal + Lregion + Lhara  89.32

Table 8. Hard negatives versus standard in-batch negatives under
the zero-shot setting. Best results are in bold.

Method XD-Violence UCF-Crime

AUC AP AUC AP

CLIP [27] 63.33 3435 6191 11.16
Standard (in-batch neg.) 73.96 46.44 7271 15.88
Hard neg. 7754 55.18 75.75 17.90

semantic boundary remains robust under synthetic-to-real
domain shifts.

Open-vocabulary anomaly detection. We further evalu-
ate open-vocabulary VAD, where the model must interpret
free-form anomaly descriptions beyond predefined labels
(Tables 4 and 5). On UCF-Crime, Alert-CLIP achieves
strong performance across overall, base, and novel cate-
gories, and remains competitive or superior to recent open-
vocabulary VAD methods. While UCF-Crime is included
in our training sources, XD-Violence remains entirely un-
seen during training and therefore provides a cleaner test of
open-vocabulary generalization. The gains on XD-Violence
indicate that Alert-CLIP learns a more transferable anomaly
representation rather than relying only on seen concepts.
Discussion. Across weakly supervised, zero-shot, and
open-vocabulary settings, Alert-CLIP consistently im-
proves over CLIP and other backbones, showing that re-
shaping CLIP’s embedding space through multi-level align-
ment leads to stronger anomaly understanding.

6.3. Ablation Studies

Effect of each alignment branch. To isolate the contri-
bution of each learning signal, we ablate the three losses
on UCF-Crime: the global alignment loss Lgiobal, the re-
gion alignment 10ss Lrcgion, and the semantic hard-negative

Table 9. Generalization beyond VAD on general benchmarks.

Benchmark CLIP Alert-CLIP Gain

ImageNet-1K Top-1 [5] 68.34 68.58 +0.24
ImageNet-v2 Top-1 [28] 0.83 0.89 +0.06
Flickr30k 12T R@1 [44] 82.20 89.90 +7.70
Flickr30k T2I R@1 [44] 62.12 74.46 +12.34
COCOI2TR@1 [17] 51.68 62.58 +10.90
COCO T2IR@1 [17] 32.71 43.81 +11.10
BBox COCO Top-1[17] 44.85 45.74 +0.89
BBox LVIS Top-1 [8] 13.76 15.05 +1.29

loss Lhard. As shown in Table 7, adding only Lgjopa al-
ready improves over the frozen CLIP baseline, indicating
that coarse-grained language supervision helps establish a
clearer normal-abnormal separation. Incorporating Lregion
further boosts performance, highlighting the importance of
spatially grounded supervision. The full model achieves
the best result, showing that semantic hard negatives pro-
vide complementary fine-grained guidance beyond global
and region alignment.

Hard negatives vs. standard negatives. We further com-
pare the proposed hard-negative captions with standard in-
batch negatives. As shown in Table 8, hard negatives consis-
tently outperform standard contrastive negatives under the
zero-shot setting, confirming that visually similar but se-
mantically reversed captions are more effective for sharpen-
ing the normal-abnormal boundary. This explains why the
semantic branch yields additional gains even after global
and region alignment.

Two-stage vs. joint training. We also compare our two-
stage training schedule with one-stage joint optimization
that activates all losses from the beginning. As shown in
Table 06, the two-stage curriculum achieves higher AUC, in-
dicating that stabilizing the global semantic space before
introducing fine-grained objectives leads to easier optimiza-
tion and better generalization.

Generalization Beyond VAD. To assess whether the im-
provements on VAD compromise CLIP’s original general-
ization ability, we further evaluate Alert-CLIP on several
general benchmarks. As shown in Table 9, Alert-CLIP
consistently matches or outperforms CLIP, indicating that
the proposed training strategy enhances VAD performance
without sacrificing general transferability. This observation
suggests that multi-level alignment training helps the model
capture finer-grained semantic cues in videos, which may
also contribute to improved generalization.

6.4. Qualitative Analysis

Spatio-temporal behavior. Figure 4 compares CLIP and
Alert-CLIP on representative UCF-Crime videos. On nor-
mal clips, CLIP often produces fluctuating anomaly scores,
whereas Alert-CLIP remains low and stable. On abnormal
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Figure 5. Spatial attention comparison between CLIP and Alert-
CLIP on a road-accident example. CLIP mainly attends to sur-
rounding context, whereas Alert-CLIP focuses on the collided ve-
hicles and the true anomalous region.

clips, CLIP responses are weak and poorly aligned with the
ground-truth interval, while Alert-CLIP yields clear peaks
concentrated around the abnormal event. This shows that
the proposed training improves both temporal discrimina-
tion and localization.

Attention to anomalous regions. Figure 5 visualizes spa-
tial attention on a road-accident example. CLIP tends to em-
phasize large background regions and misses the actual col-
lision area, whereas Alert-CLIP concentrates on the anoma-
lous vehicles and suppresses irrelevant context. This behav-
ior is consistent with the proposed region-level supervision
and indicates stronger grounding of anomaly semantics in
local visual cues.

7. Conclusion

We presented Alert-CLIP, a multi-granularity alignment
framework that remedies CLIP’s lack of fine-grained spa-
tial sensitivity in video anomaly detection. By integrat-
ing global, region-level, and semantic hard-negative align-

ment, Alert-CLIP reshapes the underlying semantic space
to better capture subtle abnormal cues. Experiments across
weakly supervised, zero-shot, and open-vocabulary set-
tings consistently show enhanced discriminative power and
stronger cross-domain generalization.

Limitations and future work. Despite the clear im-
provements of Alert-CLIP, two limitations remain. First,
dataset construction still relies on manual segmentation and
bounding-box annotation, which is costly and limits scal-
ability; future work may explore semi-automatic or auto-
matic annotation pipelines assisted by pretrained vision—
language models. Second, to satisfy CLIP’s 77-token con-
straint, we shorten all captions, which reduces the richness
of semantic supervision; a promising direction is to ex-
tend Alert-CLIP to longer-caption settings with multimodal
models that support longer context windows.
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