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Abstract
Video anomaly retrieval (VAR) aims to retrieve pertinent
abnormal or normal videos from collections of untrimmed
and long videos through cross-modal requires such as tex-
tual descriptions and synchronized audios. Cross-modal pre-
training (CMP) models, by pre-training on large-scale cross-
modal pairs, e.g., image and text, can learn the rich asso-
ciations between different modalities, and this cross-modal
association capability gives CMP an advantage in conven-
tional retrieval tasks. Inspired by this, how to utilize the ro-
bust cross-modal association capabilities of CMP in VAR to
search crucial visual component from these untrimmed and
long videos becomes a critical research problem. Therefore,
this paper proposes a VAR method based on CMP models,
named VarCMP. First, a unified hierarchical alignment strat-
egy is proposed to constrain the semantic and spatial consis-
tency between video and text, as well as the semantic, tem-
poral, and spatial consistency between video and audio. It
fully leverages the efficient cross-modal association capabil-
ities of CMP models by considering cross-modal similarities
at multiple granularities, enabling VarCMP to achieve effec-
tive all-round information matching for both video-text and
video-audio VAR tasks. Moreover, to further solve the prob-
lem of untrimmed and long video alignment, an anomaly-
biased weighting is devised in the fine-grained alignment,
which identifies key segments in untrimmed long videos us-
ing anomaly priors, giving them more attention, thereby dis-
carding irrelevant segment information, and achieving more
accurate matching with cross-modal queries. Extensive ex-
periments demonstrates high efficacy of VarCMP in both
video-text and video-audio VAR tasks, achieving signifi-
cant improvements on both text-video (UCFCrime-AR) and
audio-video (XDViolence-AR) datasets against the best com-
petitors by 5.0% and 5.3% R@1.

Introduction
In recent years, with the exponential growth of video data
and rapid advancements in artificial intelligence technology,
video anomaly detection (VAD) has achieved significant
progress, leading to the development of various works (Sul-
tani, Chen, and Shah 2018; Wu, Liu, and Shen 2019; Wu
et al. 2020; Park, Noh, and Ham 2020; Georgescu et al.
2021; Feng, Hong, and Zheng 2021; Wu et al. 2024c,d,b).
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However, events in videos typically capture evolving actions
and interactions among entities over time, simply using sin-
gle labels in VAD may be insufficient to comprehensively
elucidate these sequential occurrences. In contrast, video
anomaly retrieval (VAR), through detailed textual descrip-
tions or synchronized audio, provides a more thorough ac-
count of the events transpiring within the video. Therefore,
it also plays a crucial role in intelligent video analysis, such
as, sifting through evidence of dangerous occurrence. Ad-
ditionally, unlike traditional video retrieval, which targets
short and trimmed clips, VAR is designed to handle long and
untrimmed videos. It aims to retrieve both normal and ab-
normal videos, where anomalies may only appear in certain
segments of untrimmed videos, presenting novel challenges.

ALAN (Wu et al. 2024a) is the first work for VAR, which
utilizes anomaly-guided sampling to capture local anoma-
lous segments and learn cross-modal fine-grained associa-
tions through video-prompt-based masked phrase modeling.
However, this approach fails to achieve interaction at even
finer granularity between visual and text features, as well
as audio features. Furthermore, ALAN does not leverage the
robust cross-modal semantic matching capabilities of the lat-
est CMP models, leaving room for further improvement.

Recent advancements have witnessed the widespread
adoption of CMP models, such as CLIP (Radford et al.
2021) and CLAP (Wu et al. 2023), in cross-modal retrieval
tasks. CLIP4Clip (Luo et al. 2022) is a pioneering approach
that integrated CLIP into video-text retrieval (VTR), which
introduces a temporal fusion module designed to aggregate
features across different video frames. This facilitates inter-
modal alignment between video and text features, thereby
enhancing the retrieval capability. However, this work di-
rectly aligns the fused temporal sequences of video and text
features, which limits its ability to capture fine-grained in-
teractions. Building upon the success of CLIP4Clip, subse-
quent research endeavors delve further into exploring align-
ment strategies that progress from coarse to fine granular-
ity (Ma et al. 2022; Gorti et al. 2022; Wang et al. 2023;
Yang et al. 2024). These methods aim to more accurately
capture the intricate relationships between videos and their
textual counterparts. On the other hand, CLAP has also
made notable progress in audio-text retrieval by employing
a contrastive learning mechanism to jointly train on large-
scale audio-text pairs. Clearly, CMP models has achieved
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notable success in conventional video retrieval, thanks to its
strong cross-modal association capabilities. However, it is
worth conducting in-depth research on how to leverage these
strengths to address unique challenges posed by VAR task.

In this paper, we propose VarCMP, adapting cross-modal
pre-training models for VAR. Our goal is not simply to uti-
lize CMP models; rather, we design a range of targeted opti-
mizations to address the challenges posed by VAR. Specif-
ically, we first leverage the image and text encoders of
CLIP to extract visual and text features, and the audio en-
coder of CLAP to extract audio features. This approach not
only transforms raw data into high-level representations but
also dramatically enhances cross-modal alignment. Then,
we propose a unified hierarchical alignment strategy. For
video-text VAR, alignment is achieved at three levels: video-
sentence, frame-sentence, and patch-word. For video-audio
VAR, alignment occurs at the video-audio, frame-audio seg-
ment, and patch-audio segment levels. This video-frame-
patch multi-granularity alignment strategy allows for the
extraction of abundant and diverse information. However,
due to the nature of VAR task, which consists of long and
untrimmed videos, such fine-grained information can intro-
duce substantial irrelevant content. To address this issue, we
further incorporate anomaly-biased weighting mechanism
within the hierarchical alignment framework. E.g., using
anomaly priors to identify abnormal segments in the video,
thereby highlighting key information and endowing higher
weights in the fine-grained alignment. It is important to un-
derscore that our proposed hierarchical alignment method
differs from previous fine-grained alignment approaches in
video-text VAR. It not only provides more detailed infor-
mation for retrieval but also extracts key information from a
plethora of irrelevant content, making the retrieval task more
targeted. As a result, our approach achieves superior perfor-
mance in both video-text and video-audio VAR tasks. Note
that during training, the weights of the CLIP image and text
encoders, as well as the CLAP audio encoder, are kept fixed.
The gradients are back-propagated to optimize the learnable
parameters of the devised modules.

Overall, the contributions of our work are threefold:
(1) We propose a unified hierarchical alignment mechanism
based on the semantic and spatial consistency of video-text
pairs and the semantic, temporal, and spatial consistency of
video-audio pairs. This mechanism achieves unified retrieval
for both video-text and video-audio tasks.
(2) We introduce the anomaly-biased weighting mechanism
in hierarchical alignments, to extract key information from
long and untrimmed videos, thereby endowing these domi-
nant segments with greater weight in the fine-grained align-
ment. To our knowledge, this is the first attempt to efficiently
implant anomaly priors to the fine-grained weighted align-
ment for VAR.
(3) We demonstrate the robust capabilities and effectiveness
of VarCMP on two popular benchmarks. VarCMP achieves
state-of-the-art performance, with an improvement of 5.0%
R@1 in text-to-video retrieval on UCFCrime-AR and 5.3%
R@1 in audio-to-video retrieval on XDViolence-AR, signif-
icantly surpassing current methods.

Related Work
Video Anomaly Analysis
With the advancement of deep learning, video anomaly
analysis has made significant progress. Some VAD works
use self-supervised manners (Georgescu et al. 2021; Wang
et al. 2022a; Yan et al. 2023a,b) or reconstruction-based ap-
proaches (Yang et al. 2023; Ristea et al. 2024) to construct
normal patterns. In this context, any test samples deviat-
ing from the established normal patterns are identified as
anomalous. Some VAD works also use weakly supervised
methods for binary classification through multiple instance
learning (Wu et al. 2020; Wu, Liu, and Liu 2022; Zhou, Yu,
and Yang 2023; Wu et al. 2024d). Zhou et al. (Zhou et al.
2024) proposes a human-centric video surveillance caption-
ing dataset that provides detailed descriptions of abnormal
behaviors occurring between individuals. Yuan et al (Yuan
et al. 2024) focuses on action-centric approaches, dedicating
their efforts to the precise detection of anomalous moments
in videos. In addition, some works (Wu et al. 2024a; Zhang
et al. 2024) focus on events and use subtitle information to
assist in detecting anomalies, thereby improving the under-
standing and recognition accuracy of abnormal events. Our
work provides an important supplement to the field of video
anomaly analysis.

Cross-Modal Retrieval
We primarily introduce video-text retrieval and video-audio
retrieval. Video-text retrieval (Yu, Kim, and Kim 218; Yang,
Bisk, and Gao 2021; Wang, Zhu, and Yang 2021; Croitoru
et al. 2021; Lin et al. 2023; Han et al. 2023, 2024) oper-
ates by analyzing a given sentence to identify the most cor-
responding video within a database, and vice versa. Early
video-text retrieval works focus on enhancing the capabil-
ities of text and visual encoders to improve performance.
Dot-product interactions are widely used to compute the
global similarity but lack consideration for fine-grained in-
formation (Li et al. 2019; Gabeur et al. 2020; Dong et al.
2021; Liu et al. 2021). Consequently, some research aims
at aligning fine-grained details (Wray et al. 2019; Wu et al.
2021; Han et al. 2021; Yang, Bisk, and Gao 2021; Wang
et al. 2021; Ge et al. 2022; Ma et al. 2022; Tian et al. 2024).
With the tremendous success of CLIP, numerous CLIP-
based video-text retrieval methods (Fang et al. 2021; Luo
et al. 2022; Buch et al. 2022; Liu et al. 2022; Wang et al.
2023) have emerged. Video-audio cross-modal retrieval is
a typical cross-modal perception task (Tian 2023; Hou et al.
2024). Its goal is to retrieve data in one modality based on in-
formation from another modality, making it a rapidly evolv-
ing research field in recent years (Zhang et al. 2013; Hong,
Im, and Yang 2017; Yan, Gong, and Zhang 2018; Surı́s et al.
2018; Zeng, Yu, and Oyama 2020; Asano et al. 2020). For
instance, Tian et al. (Tian et al. 2018) proposes an audio-to-
video localization/retrieval task, which temporarily locates
the corresponding visual sound source in the video given
a sound segment, and vice versa. Hong et al. (Hong, Im,
and Yang 2017) utilizes the sorting loss between patterns to
improve the semantic similarity of video music pairs. Suris
et al. (Surı́s et al. 2018) utilizes cosine similarity loss and
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classification loss to project unimodal features into a com-
mon feature space. Unlike the aforementioned video-text
and video-audio retrieval tasks, our focus is on videos where
the majority contain anomalous events, and these videos are
often long and untrimmed. This introduces new challenges
for cross-modal retrieval.

Method
Overview
The feature encoders are first introduced to extract represen-
tations of different mod. Then, the unified hierarchical align-
ment are presented to match between different modalities at
multiple granularities. Next, the anomaly-biased weighting
mechanism is illustrated to mine key segments and assign
them greater attention during the fine(r)-grained alignment.
Finally, the model’s training process is demonstrated. Our
methodology is depicted in Figure 1.

Feature Encoders
Previous works rely on pre-training models such as
I3D (Carreira and Zisserman 2017), BERT (Devlin et al.
2018), and VGGish (Gemmeke et al. 2017) to extract video,
text, and audio features, which are subsequently aligned.
Recently, large-scale pre-training cross-modal models like
CLIP and CLAP have demonstrated exceptional generaliza-
tion capabilities across various downstream tasks. Drawing
inspiration from CLIP and related retrieval tasks, we utilize
the encoders of CLIP and CLAP as backbone networks to
extract video, text, and audio features, leveraging the robust
correlations among visual content, textual descriptions, and
synchronous audio.

Video Encoder. Following previous methods Liu et al.
(2022); Luo et al. (2022); Wang et al. (2023), the pre-
training CLIP visual encoder (Dosovitskiy et al. 2020) Fv

is used to extract visual features for each video. A video
with Nv frames can be represented as [F 1

v , F
2
v , . . . , F

Nv
v ].

For the n-th frame of a given video Fn
v , it is divided into

non-overlapping patches, a [CLS] token is added, and the vi-
sual encoder Fv is used to obtain the patch representations
pn
v , where pn

v = Fv (F
n
v ) ∈ RM×C , with M denoting the

number of patches within a video frame and C representing
the dimensionality of the visual features. The [CLS] repre-
sentations from each frame are then extracted and combined
to form the frame representations fv = [f1

v ; f
2
v ; . . . ; f

Nv
v ],

with fv ∈ RNv×C . fv through temporal encoder forms a
video representation of ev ∈ RC , where a token shift mod-
ule is leveraged to learn temporal information with minimal
cost (Wang et al. 2023).

Text Encoder. Given a text query T (with an [EOS] token
appended at the end), the pre-training CLIP (Radford et al.
2021) text encoder Ft is used to produce word features wt,
where wt = Ft (T ) ∈ RNt×C , with Nt denoting the length
of the word sequence. The representation of the [EOS] token
is then used as the sentence feature st ∈ RC .

Audio Encoder. Given an audio query A, the pre-training
CLAP (Wu et al. 2023) audio encoder Fa is used to produce

audio segment features ea, where ea = Fa (A) ∈ RNa×C ,
with Na denoting the length of the audio segment sequence.
Subsequently, a Transformer encoder (Vaswani et al. 2017)
is employed to obtain the [CLS] token representation, which
is then used as the audio feature ma ∈ RC . Note that vi-
sual, text, and audio features are all embedded into the same
dimensional space C.

Unified Hierarchical Alignment
Semantic consistency refers to the alignment of the core in-
tentions conveyed across different modalities. Spatial con-
sistency pertains to the congruence of content within the spa-
tial dimension across modalities. In video-text VAR, the po-
sitions of objects, scenes, or actions depicted in the video
should correspond to the spatial information described in
the text. Temporal consistency denotes the alignment of the
chronological sequence across modalities, a concept articu-
lated by (Wei et al. 2022). For instance, in video-audio VAR,
the audio content should be synchronized with the video
timeline, ensuring the sequence of events remains consis-
tent. Based on these characteristics, we propose a unified hi-
erarchical alignment strategy for both video-text and video-
audio VAR tasks, which offers the advantage of signifi-
cantly improving retrieval accuracy by systematically align-
ing semantic, spatial, and temporal elements across mul-
tiple levels. Such a strategy leverages the efficient cross-
modal matching capabilities of CMP models from multi-
ple granularities, addressing the weaknesses of considering
only coarse-grained or fine-grained alignments. Note that,
this approach is unified in form and represents a general-
ized expression, enabling not only multi-modal alignment
between video and text but also cross-modal alignment be-
tween video and audio.

Coarse-Grained Alignment. Coarse-grained alignment
reflects global semantic consistency. In video-text VAR, it
is obtained by computing the similarity score between the
whole video and the sentence. Similarly, in video-audio
VAR, the similarity score between the whole video and the
whole audio is computed. The specific formulas are as fol-
lows:

Svg =
1

2

(
fgw(l)(̃l)⊤ẽv + few(ev)(̃l)⊤ẽv

)
(1)

where l represents the sentence st in video-text VAR and au-
dio ea in video-audio VAR. fgw(l) denotes the weight for
sentence/audio-level feature. few(ev) denotes the weight for
video-level feature. fgw and few are both composed of clas-
sic MLP and Softmax functions. The normalization opera-
tion for ẽv is defined as ẽv = eiv/|eiv|2, applied along the
channels, and l̃ is normalized in the same manner.

Fine-Grained Alignment. Fine-grained alignment here
refers to local semantic consistency in video-text and unique
temporal consistency in video-audio. For video-text VAR,
fine-grained alignment is performed at the video frame and
sentence levels. Specifically, the similarity between frame-
level visual features and textual query features is calcu-
lated to obtain the frame-sentence similarity score. Inspired
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Figure 1: The framework of our proposed VarCMP. For ease of viewing, we duplicated the anomaly-biased weighting twice.

by (Wang et al. 2022b, 2023), the token-wise interaction is
performed to adaptively exploit fine-grained correlations:

Sfs =
1

2
(fsw(st)

Nv
max
j=1

(s̃t)⊤ f̃
j

v +

Nv∑
j=1

f j
fw(fv)(s̃t)

⊤ f̃
j

v) (2)

where, ffw(fv) and fsw(st) denote the weights for frame-
level features and sentence-level features.

As for video-audio VAR, the slightly different is, we com-
pute the similarity score between frame-level visual features
and audio segment features to get the frame-audio segment
similarity score. The specific formula is presented as fol-
lows:

Sfe =
1

2

(
Na∑
i=1

f i
ew(ea)

Nv
max
j=1

(ẽia)
⊤ f̃

j

v

+

Nv∑
j=1

f j
fw(fv)

Na
max
i=1

(ẽia)
⊤ f̃

j

v

 (3)

where, few(ea) and ffw(fv) denote the weights for audio
segment level features and frame-level features. It is partic-
ularly worth noting that, considering the characteristics of
long and untrimmed videos in VAR tasks, the weights here
are not entirely derived from the network ffw. For videos
identified as anomalous, we apply anomaly priors to obtain
anomaly-biased weights, thereby assigning greater attention
to potential key segments during the fine-grained alignment
stage. We elaborate on this mechanism in the next section.

Finer-Grained Alignment. Finally, finer-grained align-
ment represents the consistency across different modalities
at the local spatial level. That is, we calculate the simi-
larity score between patch-level visual features and word-
level features to achieve finer-grained matching in video-text
VAR. Similarly, in video-audio VAR, we obtain the simi-
larity score between patch-level feature and audio segment

level feature. The specific formula is shown as follows:

Spo =
1

2

Ny∑
i=1

[
few(oiy)

Nv×C
max
j=1

(õi
y)

⊤p̃j
v

]

+

Nv×M∑
j=1

[
f j
pw(p

j
v)

Ny

max
i=1

(õi
y)

⊤p̃j
v

] (4)

where oy represents the word in video-text VAR and audio
segment in video-audio VAR. few(oy) denotes the weight
for word-level feature in video-text VAR and the weight for
audio segment level feature in video-audio VAR. fpw(pv)
denotes the weight for patch-level feature. Ny represents Nt

in video-text VAR and Na in video-audio VAR.

Anomaly-Biased Weighting Mechanism
For fine-grained alignment within the hierarchical frame-
work, we introduce a module. This module utilizes anomaly
prior information to locate key segments in untrimmed long
videos and proposes an anomaly-oriented fine-grained align-
ment method. The following sections elaborate on these two
components respectively.

We first propose incorporating key frame detection to ex-
tract key information from videos. Specifically, we take in-
spirations from the weakly supervised VAD method, i.e.,
VadCLIP (Wu et al. 2024d), where the video features fv ∈
RNv×C encoded by the visual encoder are fed into a bi-
nary classifier that includes a feed-forward network (FFN),
a fully connected (FC) layer, and a Sigmoid activation func-
tion. This process computes the frame-level abnormal confi-
dence A ∈ RNv×1 for the visual features:

A = Sigmoid (FC (FFN (fv) + fv)) (5)
During the training phase, we determine whether the

given video is anomalous based on the labels. If it is anoma-
lous, we use the anomaly confidence to obtain the cor-
responding weights, i.e., the frame-level and patch-level
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Method Text → Video Video → Text
R@1↑ R@5↑ R@10↑ MdR↓ R@1↑ R@5↑ R@10↑ MdR↓

Non-CLIP Methods

Random Baseline 0.3 2.1 3.4 144.0 0.3 1.0 3.1 145.5
CE(2019) 6.6 19.7 32.4 23.5 5.5 19.7 32.4 21.0
MMT(2020) 8.3 26.2 39.3 16.0 7.2 23.1 39.0 16.0
HL-Net(2020) 5.5 20.2 38.3 19.5 5.5 22.8 35.5 20.0
XML(2020) 6.9 24.1 42.4 14.0 6.6 25.9 43.4 13.0
T2VLAD(2021) 7.6 23.4 39.7 15.5 6.2 27.9 43.1 14.0
X-CLIP∗(2022) 8.2 27.2 41.7 16.0 6.9 25.8 40.3 15.0
ALAN(2024a) 9.0 27.9 44.8 14.0 7.3 24.8 46.9 12.0

CLIP-based Methods

CLIP4Clip(2022) 17.8 40.1 57.5 8.0 15.3 33.0 44.6 13.0
TS2-Net(2022) 23.4 54.1 70.7 4.0 17.7 53.7 68.0 5.0
UCoFiA(2023) 23.6 53.8 69.2 5.0 22.8 54.1 67.7 4.0
ALAN†(2024a) 10.3 36.9 57.9 8.0 14.1 42.4 57.9 8.0

VarCMP(Ours) 28.6 60.3 74.8 4.0 24.1 56.8 72.1 4.0

Table 1: Comparisons with the state-of-the-art methods on UCFCrime-AR.

weights are assigned according to the abnormal confidence
of each frame to highlight the key information; otherwise,
we continue to use the weights learned by the network. Dur-
ing the testing phase, we use the anomaly confidence to as-
sess whether the given test video is anomalous, thereby as-
signing different weights accordingly. This can be specifi-
cally represented as follows:

ffw(fv) =
{
ffw(fv), y/ŷ = 0

Sτ (A), y/ŷ = 1
(6)

Sτ (Ai) =
exp(Ai/τ)∑
j exp(Aj/τ)

(7)

where y/ŷ = 0 indicates that the video is a normal video,
and y/ŷ = 1 indicates that the video is an abnormal video, ŷ
indicates the video-level prediction based on A. The patch-
level weights of the abnormal video are assigned based on
the frame-level weights in a broadcast manner.

Training and Inference
The similarity score R(vi, tj) and R(vi, aj) measure the
semantic similarity between two instances. The similarity
score R(vi, tj) in video-text VAR is:

R(vi, tj) =
1

3
(Svg + Sfs + Spo) (8)

The similarity score R(vi, aj) in video-audio VAR is:

R(vi, aj) =
1

3
(Svg + Sfe + Spo) (9)

To ensure consistency, we will use R(vi, qj) to represent
both the video-text similarity score R(vi, tj) and the video-
audio similarity score R(vi, aj). In multi-granularity align-
ment, during training, given a batch of B video-text pairs,
the model will generate a B×B similarity matrix. We adopt

the symmetric InfoNCE loss over the similarity matrix to
optimize the retrieval model, which can be formulated as:

Lv2t/v2a = − 1

B

B∑
i

log
exp (R(vi, qi))∑B
j=1 exp (R(vi, qj))

(10)

Lt2v/a2v = − 1

B

B∑
i

log
exp (R(vi, qi))∑B
j=1 exp (R(vj , qi))

(11)

For the weakly supervised VAD in anomaly-biased
weighting, the classification loss Lbce can be computed us-
ing binary cross-entropy.

Overall, the final objective of the VarCMP method is
given by the following formula:

L = Lbce + Lv2t/v2a + Lt2v/a2v (12)

During inference, to perform video-to-text and video-to-
audio retrieval, the similarity between all videos and queries
is computed, and the text or audio with high similarity is
retrieved. For text-to-video and audio-to-video retrieval, the
same process is conducted in a similar manner but in the
opposite direction.

Experiments
Datasets and Evaluation Metrics

We conduct experiments on two popular VAR datasets, i.e.,
UCFCrime-AR and XDViolence-AR (Wu et al. 2024a) for
video-text and video-audio VAR tasks. Following (Wu et al.
2024a), we use the rank-based metric for evaluation, i.e., Re-
call at K (R@K, K=1, 5, 10), Median Rank (MdR) to mea-
sure the overall performance.
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Method Audio → Video Video → Audio
R@1↑ R@5↑ R@10↑ MdR↓ R@1↑ R@5↑ R@10↑ MdR↓

Non-CLIP Methods

Random Baseline 0.4 0.6 2.5 399.5 0.1 0.6 0.8 399.5
CE(2019) 11.4 33.3 47.0 12.5 13.0 34.3 46.4 13.0
MMT(2020) 20.5 53.5 68.0 5.0 23.0 54.6 69.5 5.0
HL-Net(2020) 12.4 36.6 48.3 11.0 13.4 38.3 52.1 10.0
XML(2020) 22.9 55.6 70.3 5.0 22.6 57.4 71.4 4.0
T2VLAD(2021) 22.4 56.1 71.0 4.0 23.2 57.1 73.5 4.0
X-CLIP∗(2022) 26.4 61.1 73.9 3.0 26.4 61.3 73.8 4.0
ALAN(2024a) 29.8 68.0 82.0 3.0 32.3 70.0 82.3 3.0

CLIP-based Methods

CLIP4Clip(2022) 5.9 21.5 34.6 21.0 9.2 30.5 45.0 13.0
TS2-Net(2022) 15.5 47.8 63.6 6.0 12.0 41.6 61.4 7.0
UCoFiA(2023) 26.2 59.1 71.9 4.0 25.9 60.1 75.1 4.0
ALAN†(2024a) 32.9 70.5 82.9 3.0 34.3 70.4 82.1 3.0

VarCMP(Ours) 38.2 79.8 92.5 2.0 38.5 76.4 91.1 2.0

Table 2: Comparisons with the state-of-the-art methods on XDViolence-AR.

Implementation Details
For network structure, image and text encoders are adopted
from pre-training CLIP (VIT-B/32), audio encoder is
adopted from pre-training CLAP (630k-audioset-fusion-
best). The dimension C of visual, text, and audio features
is set to 512. We choose M = 4 most salient patches for
each frame in our patch selection module on the datasets.
The transformer layer is set to 1, the number of heads to 8,
and the dimension of FFN to 1024. We sample Nv = 32
frames per video, set the max length of text and audio query
as 32. For model training, VarCMP is trained on a single
NVIDIA RTX 4090 GPU using PyTorch. We use AdamW
as the optimizer with batch size of 8 with the learning rate
of 1e-4 and total epoch of 15.

Comparison with State-of-the-Art Methods
Comparative results of our VarCMP versus existing meth-
ods are presented in Tables 1 and 2. Comparison meth-
ods include both Non-CLIP based methods and CLIP based
methods. Among them, the symbol “*” represents the I3D
features used by the CLIP method, and “†” represents the
method is re-implemented with CLIP features. We found
that VarCMP consistently outperforms existing methods
across all metrics in text-to-video, video-to-text, audio-to-
video, and video-to-audio retrieval metrics. Specifically, on
UCFCrime-AR, VarCMP achieved an 18.3% improvement
in text-to-video retrieval R@1 compared to ALAN (Wu
et al. 2024a), the first VAR work. When compared to
UCoFiA (Wang et al. 2023), a recent coarse-to-fine align-
ment method for video-text VAR, VarCMP shows a 5.0%
improvement in text-to-video retrieval R@1. This perfor-
mance enhancement partly reflects the robust capabilities of
CLIP and underscores the efficacy of our proposed multi-
granularity alignment and anomaly-biased weighting tech-
niques. Similarly, on XDViolence-AR, we observe that Var-

Coarse Fine Finer Text → Video Video → Text
R@1↑ R@10↑ R@1↑ R@10↑

√
24.7 72.3 20.7 64.6√ √
26.0 72.9 21.8 68.0√ √ √
28.6 74.8 24.1 72.1

Table 3: The effect of different level alignments on
UCFCrime-AR.

Coarse Fine Finer Audio → Video Video → Audio
R@1↑ R@10↑ R@1↑ R@10↑

√
31.4 86.1 28.6 87.0√ √
34.0 90.2 33.1 89.2√ √ √
38.2 92.5 38.5 91.1

Table 4: The effect of different level alignments on
XDViolence-AR.

CMP also excels in handling cross-modal retrieval between
video and audio. Compared to the previous state-of-the-art
baselines, it achieves a 5.3% improvement in audio-to-video
retrieval R@1 and a 9.6% improvement in R@10. This indi-
cates that our proposed VarCMP more effectively maintains
temporal consistency between video and audio.

Ablation Studies
Effectiveness of Unified Hierarchical Alignment. First,
we verify the effectiveness of our approach at different lev-
els of granularity. As shown in Tables 3 and 4, the re-
sults that fully consider both coarse-grained and fine-grained
alignments outperform those that only consider coarse-
grained alignment, with significant improvements in R@1
and R@10. This reflects that fine-grained alignment better
captures subtle differences within videos, allowing for more
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Dataset → UCFCrime-AR XDViolence-AR

Setting ↓ Text → Video Video → Text Audio → Video Video → Audio
R@1↑ R@10↑ R@1↑ R@10↑ R@1↑ R@10↑ R@1↑ R@10↑

w/o Anomaly-biased weighting 27.9 73.1 25.9 69.4 35.9 91.2 34.4 89.6
w Anomaly-biased weighting 28.6 74.8 24.1 72.1 38.2 92.5 38.5 91.1

Table 5: Comparisons with and without the anomaly-biased weighting mechanism on UCFCrime-AR and XDViolence-AR.

Top1:  On the  back seat  of  the  bus ,  a  p i le  of 
newspapers was lit by a teenager.(13.86)
Top2: An explosion occurred on a driving bus, and 
white smoke came out of the bus.(12.25)
Top3: A woman in white clothes got on the bus, and 
the bus drove slowly. (11.09)

✔

Query : At night, a man set fire next to a car on the side of the road.

Top1: 

Top2:

Top3: 

Figure 2: Top-3 v2t and t2v retrieval results on UCFCrime-
AR.

w/o ABWM

GT

Time Axis

At the door, a security uncle was fighting with a gunman.
Anomaly

Confidence

w ABWM

Figure 3: Visualization results with and without anomaly-
bias weighting mechanism.

precise differentiation between them. This outcome effec-
tively demonstrates the validity of our proposed multi-level
alignment approach.

Effectiveness of Anomaly-Biased Weighting. As previ-
ously stated, we propose integrating anomaly-biased weight-
ing into the video anomaly retrieval method to better empha-
size abnormal events. To evaluate the efficacy of this mod-
ule, we conduct experiments on two benchmarks and present
results in Table 5. Omitting the anomaly-biased weighting
mechanism leads to a significant decline in retrieval perfor-
mance since the equal alignment strategy leads to the loss of
key segment information.

Qualitative Analyses
Visualization of Retrieval Results. Figure 2 illustrates
the visualized results of retrieving the three most relevant
texts for a given video and retrieving the three most rele-
vant videos for a given text on the UCFCrime-AR dataset.
In both visualizations, the retrieved texts and videos are
highly matching. For example, in the visualization results
of a given text retrieval video, the video clips contain infor-
mation about “car”, our fine-grained alignment effectively
considers details such as “car-road-fire”, thereby retrieving
information that best matches the textual description.

Visualization of Anomaly-Biased Weighting Mechanism.
We present in the Figure 3 a visual comparison of the
video frames focused on by the model with and with-
out the anomaly-biased weighting mechanism. Although
anomalous events account for less than one-third of the
video, by introducing the anomaly-biased weighting mech-
anism, the model assigns weights to frames based on the
anomaly confidence, selectively focusing more on frames
related to anomalous events while reducing attention to nor-
mal frames. This makes the retrieval process more precise,
as clearly demonstrated in the second row.

Conclusion
In this paper, we propose VarCMP for video anomaly re-
trieval task. Considering the advantages of cross-modal pre-
training models in learning different modal information, we
exploit fixed pre-training models such as CLIP and CLAP
to extract cross-modal features. Based on the semantic, tem-
poral, and spatial consistency, we propose a unified hierar-
chical alignment strategy, which effectively unifies video-
text and video-audio matching by considering cross-modal
similarity at different granularities. Then, we proposed the
anomaly biased weighting mechanism to effectively iden-
tify key frames in videos and endow these frames with high
weights. We empirically validate the effectiveness of Var-
CMP through state-of-the-art performance and sufficient ab-
lations on two VAR benchmarks. In future work, we strive
toward a more unified VAR framework that simultaneously
incorporates the ability for semantic alignment across mul-
tiple modalities.
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