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Abstract
Video anomaly detection (VAD) aims at locating the abnor-
mal events in videos. Recently, the Weakly Supervised VAD
has made great progress, which only requires video-level
annotations when training. In practical applications, differ-
ent institutions may have different types of abnormal videos.
However, the abnormal videos cannot be circulated on the in-
ternet due to privacy protection. To train a more generalized
anomaly detector that can identify various anomalies, it is rea-
sonable to introduce federated learning into WSVAD. In this
paper, we propose Global and Local Context-driven Feder-
ated Learning, a new paradigm for privacy protected weakly
supervised video anomaly detection. Specifically, we utilize
the vision-language association of CLIP to detect whether the
video frame is abnormal. Instead of leveraging handcrafted
text prompts for CLIP, we propose a text prompt generator.
The generated prompt is simultaneously influenced by text
and visual. On the one hand, the text provides global con-
text related to anomaly, which improves the model’s ability of
generalization. On the other hand, the visual provides person-
alized local context because different clients may have videos
with different types of anomalies or scenes. The generated
prompt ensures global generalization while processing per-
sonalized data from different clients. Extensive experiments
show that the proposed method achieves remarkable perfor-
mance.

Code — https://github.com/wbfwonderful/Fed-WSVAD

Introduction
Video anomaly detection (VAD) is an important task in
the field of computer vision (Zhang, Qing, and Miao 2019;
Huang et al. 2021, 2022b,c). For example, VAD can be ap-
plied to intelligent surveillance systems, which could detect
abnormal events to reduce property damage. Besides, VAD
can also be used for video content examination systems to
better detect the inappropriate content. Weakly supervised
VAD (WSVAD) (Sultani, Chen, and Shah 2018; Huang et al.
2022a; Zhang et al. 2022; Wu et al. 2023) is an impor-
tant branch of VAD. For WSVAD, the model will simulta-
neously take normal and abnormal videos as inputs. How-
ever, there is only video-level annotation provided. Existing
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Figure 1: Comparison with different paradigms of federated
WSVAD. Traditional federated VAD method (left) simply
aggregates the classifier. In contrast, the proposed method
(right) focuses on context driven federated VAD.

methods typically adapt frame-level anomaly score to video-
level annotation with multiple instance learning (MIL) (Sul-
tani, Chen, and Shah 2018). WSVAD has great performance
while requiring little annotation cost. However, traditional
WSVAD only makes use of single modal.

Recently, large scale vision-language pre-trained mod-
els represented by Contrastive Language-Image Pretraining
(CLIP) (Radford et al. 2021) have shown their great perfor-
mance on various downstream tasks, such as object detec-
tion (Du et al. 2022; Zhao et al. 2022; Kim et al. 2024), im-
age segmentation (Xu et al. 2022; Yun et al. 2023; Luo et al.
2024) and video understanding (Wu, Sun, and Ouyang 2023;
Jin et al. 2024). The core idea of CLIP is to align image
and text in embedding space through contrastive learning.
Some researches try to adapt CLIP to WSVAD (Wu et al.
2024a,b,c; Yang, Liu, and Wu 2024). Despite those CLIP-
based methods are superior to traditional methods due to
utilizing the vison-language association, they are only suit-
able for centralized training, which means all videos must be
send to a central server. In this context, the privacy cannot be
guaranteed.

Federated learning (FL) (McMahan et al. 2017) is a dis-
tributed machine learning method, which aims to train a uni-
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fied model among multiple clients without sharing raw data
and achieves privacy protection. Recently, some researches
have applied FL to computer vision such as image classifica-
tion (Hsu, Qi, and Brown 2020; Su et al. 2024) and recogni-
tion (Liu et al. 2020; Dutto et al. 2024). For VAD, abnormal
videos may be distributed in different institutions or owners.
Due to sensitivity of video content or privacy protection, it
is hard to collect the abnormal videos from different insti-
tutions or owners for centralized training. For instance, the
transportation department has surveillance videos of traffic
accident scenes, but the videos will not be allowed to spread
on the internet to protect the perpetrator and victim of the ac-
cident. Additionally, the police has videos recorded by law
enforcement recorders, which should not be spread due to
the violent or terrifying elements of videos. Based on the
above situation, it is reasonable to introduce WSVAD into
the federation learning environment in order to train a uni-
fied anomaly detection model with abnormal videos from
different institutions.

To perform privacy protected WSVAD in federated learn-
ing environment as well as activate the potential of CLIP
in WSVAD, the following three challenges need to be ad-
dressed. Firstly, how to adapt CLIP to the task of WSVAD.
Secondly, how to utilize CLIP in federated learning environ-
ment. Thirdly, how to improve performance of the federated
model.

In this paper, we propose a Global and Local Contexts-
driven Federated Learning Framework for Privacy Protected
Video Anomaly Detection. Figure 1 shows the difference be-
tween the proposed method and traditional federated WS-
VAD. Specifically, for the first challenge, we propose a
temporal modeling block to capture the temporal dependen-
cies of abnormal events, since the abnormal frames in the
video are consecutive and related to each other. After that,
texts are introduced to utilize the vision-language associa-
tion of CLIP. Similar to zero-shot image classification with
CLIP, we compute the similarity of text and visual features.
Finally, the similarity map represents the multi-category
frame-level anomaly confidence. Besides, only video-level
annotation is available in WSVAD. The MIL is leveraged
to select the most abnormal frames to represent the whole
video. For the second challenge, CLIP is suitable for fed-
erated learning due to its powerful representation ability
which can fit various data from different clients (Cui et al.
2024b). However, it is impractical to train the whole CLIP
in federated learning due to high computation and trans-
mission costs. Prompt learning such as Context Optimiza-
tion (CoOp) (Zhou et al. 2022b) adapts CLIP to down-
stream tasks through additional trainable parameters, which
explores the task-related information while maintaining the
performance of CLIP. Some researches (Zhao et al. 2023;
Yang, Wang, and Wang 2023; Li et al. 2024) extend prompt
learning to federated environment, which make full use of
the power of CLIP while learning personalized prompt for
every client. However, the learned prompts are still limited.
Therefore, we propose a generator to dynamically generate
unique prompt based on contexts. For the third challenge,
the proposed prompt generator is driven by both global and
local contexts. On the one hand, the global contexts are

composed of anomaly categories from all clients, which are
global task related. Conditioned by the global context, the
prompt generator will maintain generalization as soon as
possible when aggregating on the server, which is always
simply averaging (FedAvg) (McMahan et al. 2017). In other
words, the generated prompt can generalize to the anomaly
categories from other clients. On the other hand, the local
contexts are the videos with different characteristic among
clients. For instance, client i holds the surveillance videos of
the street, while client j possess the surveillance videos of
grocery store. The local context guides the generated prompt
to pay attention on the average distribution of the videos
from different clients. That means the model will identify
client-specific characteristic moderately while keeping gen-
eralization. Last but not least, the combination of global and
local contexts strikes a balance between local and global op-
timum.

In summary, the contributions of this paper are as follows:

• We propose a novel privacy protected federated learning
framework for video anomaly detection, which enables
multiple clients to train a unified and generalized video
anomaly detector with privacy.

• We design a prompt generator driven by both global and
local contexts, which achieves global generalization and
local personalization.

• We conduct extensive experiments on multiple datasets.
In order to simulate real-world scenarios, we re-organize
XD-Violence and UCF-Crime datasets. The results
demonstrate the superiority of the proposed method.

Related Work
Weakly Supervised Video Anomaly Detection
There is only video-level annotation provided for training
WSVAD model. In order to address this limitation, Sultani et
al. (Sultani, Chen, and Shah 2018) first proposed a multi-
ple instance learning framework for WSVAD, which con-
siders the videos as bags and the snippets of video as in-
stances. The core idea of MIL is to select the snippet with
highest anomaly confidence to represent the whole video.
Then the rank loss is introduced to pull away the representa-
tive snippet in normal and abnormal videos. Based on this,
many fellow-up works have made improvements. For ex-
ample, Huang et al. (Huang et al. 2022a) proposed a trans-
former based temporal feature aggregator to capture seman-
tic similarity and position correlation of snippets from dif-
ferent embedding space. Zhou et al. (Zhou, Yu, and Yang
2023) proposed a memory mechanism to store normal and
abnormal prototypes to better distinguish hard samples. Lv
et al. (Lv et al. 2023) proposed an unbiased MIL frame-
work to promote the model to focus on unbiased anoma-
lies. Recently, significant progress has been made in multi-
modal learning (Xu et al. 2023; Ling et al. 2023; Cui et al.
2023, 2024a). Some researches introduce pre-trained vision-
language model like CLIP into WSVAD. Specifically, Wu et
al. (Wu et al. 2024c) proposed a new novel paradigm named
VadCLIP, which adapts CLIP to WSVAD with two prompt
mechanisms. Yang et al. (Yang, Liu, and Wu 2024) proposed
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Figure 2: The framework of the proposed method. Client 1 owns the videos recorded on the street while client N owns the
videos recorded in the store. Each client is equipped with a frozen CLIP. We propose a generator to dynamically generate
prompts driven by local visual contexts and global text contexts for CLIP text encoder.

a framework to transfer the capability of CLIP to generate
pseudo-label for WSVAD. Besides, a few works try to ap-
ply WSVAD into federated learning. Specifically, Doshi et
al. (Doshi and Yilmaz 2023) proposed a transformer-based
federated learning frame for video anomaly detection and
video action recognition. Al-lahham et al. (Al-Lahham et al.
2024) proposed a new baseline named CLAP, which con-
tains new test and evaluation scenarios for federated VAD.
However, the performance of federated VAD deserves fur-
ther exploration.

Federated Prompt Learning for CLIP
Prompt tuning effectively adapts CLIP to downstream tasks.
For instance, CoOp (Zhou et al. 2022b) replaces the hand-
crafted prompt with a set of learnable vectors for CLIP text
encoder. Furthermore, CoCoOp (Zhou et al. 2022a) dynam-
ically adjusts the learned prompts with tokens generated
by the input image. Some works (Guo et al. 2023; Zhao
et al. 2023) introduced prompt tuning into federated learn-
ing, which not only keeps the capability of CLIP but also
save transmission costs. Moreover, pFedPG (Yang, Wang,
and Wang 2023) learns a network for generating person-
alized prompts to tackling the personalized data among
clients. FedTPG (Qiu et al. 2024) also trains a prompt gen-
erator conditioned by task-related contexts, which enables
the generalization capability to unseen classes and datasets.
FedAPT (Su et al. 2024) solves the cross domain chal-

lenge, which guides CLIP to activate the domain related
knowledge by incorporating personalized information into
prompts. Fed-DPT (Wei et al. 2023) facilitates domain adap-
tation with domain-specific prompts coupling visual and tex-
tual representations by self-attention. However, in a feder-
ated environment, the challenge is to enable each client to
adapt or generate prompts that are suited to their person-
alized data while still contributing to a robust and general-
ized global model. Some works explore the balance of gen-
eralization and personalization. For instance, FedOTP (Li
et al. 2024) utilizing unbalanced optimal transport to align
global and local prompts while promoting prompts to pay
more attention on class related information from image.
FedPGP (Cui et al. 2024b) leverages low-rank decomposi-
tion to ensure robust generalization as well as introducing
additional contrastive loss.

Proposed Method
In this section, we introduce the proposed method in de-
tail, as illustrated in Figure 2. The proposed method adapts
CLIP for federated weakly supervised video anomaly detec-
tion with global and local contexts driven prompts.

Adapting CLIP for WSVAD
There are only video-level annotations available for WS-
VAD during training. Given a video v, the video is defined
as abnormal if at least one frame contains anomaly and the
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corresponding label y is defined as 1. On the contrary, if all
frames of v do not contain anomaly, the video will be labeled
as normal with corresponding label y = 0. The goal of WS-
VAD is to train an anomaly detector f(·) which predicts the
frame-level confidence with video-level annotations. Previ-
ous works often use the pre-trained C3D (Tran et al. 2015)
or I3D (Carreira and Zisserman 2017) to extract video fea-
tures. For better feature representation and utilize the vision-
language association, we use image encoder of CLIP to ex-
tract video features. Specifically, the extracted video features
can be represented as I ∈ RT×D, where T represents the
number of frames and D is the embedding dimension. CLIP
is trained with large scale image-text pair and demonstrates
great performance in various image processing tasks. How-
ever, temporal dependencies will be ignored if videos are
only processed with CLIP. For WSVAD, the abnormal event
usually lasts for a period of time. It is difficult to detect
anomalies with independent frames. In order to eliminate the
impact of lacking temporal information for WSVAD, some
works (Huang et al. 2022a; Wu et al. 2024c) proposed var-
ious temporal modeling blocks. Similarly, we introduce a
lightweight temporal modeling block. Specifically, a Trans-
former Encoder φ(·) is added after video features extracted
by image encoder of CLIP, which is presented as: V = φ(I),
where V ∈ RT×D refers to the video features with temporal
dependencies. Then, the text labels are encoded by the text
encoder of CLIP, which can be represented as L ∈ RK×D,
where K represents the number of text labels. Subsequently,
the alignment map M can be computed as follows:

M = V · (L)⊤, (1)

where M ∈ RT×K refers to the similarity between video
frames and text labels. Finally, we adjust the alignment
map to adapt the video-level annotations. Specifically, each
row of M refers to the similarity of all video frames and
the current class. We compute the average of top k val-
ues of each row to measure the degree of consistency be-
tween the video and the current class, which is represented
as S = {s1, s2, ..., sK}. Then the multi-class prediction is
computed as

pi =
exp(si/τ)∑
j exp(sj/τ)

, (2)

where pi represents the probability that the video belongs to
ith class, and τ represents temperature hyper-parameter. Af-
ter that, the final loss is computed by cross-entropy. During
the inference stage, for the alignment map M , we consider
the similarity between current video and normal class. The
higher similarity means that the current video is more likely
to be a normal video, corresponding to a lower anomaly
confidence. So we subtract the similarity from one as the
anomaly confidence.

Generating Prompts in Federated WSVAD
CoOp (Zhou et al. 2022b) improves the performance of
CLIP on downstream tasks by replacing the handcrafted
text prompt with learnable prompt vectors. Similarly, we
introduce the text prompt for text encoder to adapt various

anomaly classes. However, the learned prompts are still lim-
ited in federated learning environment. To better adapt fed-
erated WSVAD, we propose a prompt generator to generate
text prompts dynamically. Specifically, the original class la-
bels l are first tokenized by the tokenizer of CLIP, which is
presented as tokens = Tokenizer(l).

Subsequently, the tokens are concatenated with the
generated prompt P = {p1, ..., pn}, and the input of
the text encoder of CLIP can be presented as t =
{p1, ..., token, ..., pn}.

Then let’s discuss the process of prompt generation in fed-
erated WSVAD. Considering a federated learning environ-
ment where N clients collaborated training a model, each
client i holds own dataset Di and is equipped with a pre-
trained CLIP. It should be noted that the trainable parame-
ters of each client consist of the temporal modeling block
mentioned in sec 3.2 and the prompt generator, while the
CLIP keeps frozen during training. Below we describe the
interaction process between clients and server for round r:
• Step I: Each client receives and loads the current global

parameters θr from server.
• Step II: For each client i, the generated prompts are con-

catenated with label tokens and following input into text
encoder. Then compute the multi-class prediction P with
equation 3. The loss function is defined as

Li = −E(v,Y )∈Di
Y logP, (3)

where Y ∈ RK is a multi-class label for a video. Finally,
we update the local parameters with optimizer e.g. SGD.

• Step III: After local training with some epochs, all
clients send their local parameters θri to the server for
aggregated global parameters θr+1, which is presented
as

θr+1 =
∑
i

|Di|∑
j |Dj |

θri . (4)

Global and Local Context-driven Prompt
The goal of federated learning is to train a unified model
with distributed data. Usually, the distribution of data held
by different clients varies. For instance, different institu-
tions may hold different abnormal videos in the task of WS-
VAD. Thus, in order to achieve local personalization while
maintaining model generalization performance, we propose
the Global and Local Context-driven Federated Learning for
WSVAD. On the one hand, motivated by FedTPG (Qiu et al.
2024), the task-related text can provide context for federated
prompt learning. For federated WSVAD, the global class
texts essentially contain more general summary information
about the task. In other words, despite the fact that there are
unseen anomalies for some clients during training, the global
contexts can activate the frozen CLIP to gain moderate abil-
ity of identifying those unseen anomalies. On the other hand,
the local visual information can provide client-specific av-
erage context to the prompt, which promotes the model to
learn the distribution of local data instead of overly leaning
towards a particular anomaly category. The combination of
global and local context achieves a balance between person-
alization and generalization.
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Method Venue Feature Random Event Scene
UCF XD UCF XD UCF XD

ZS-CLIP (Radford et al. 2021) ICML2021 CLIP 71.20 51.34 71.20 51.34 71.20 51.34
Temporal-CLIP (Ju et al. 2022) ECCV2022 CLIP 83.69 72.07 80.65 69.76 83.89 70.26
FedCoOp (Guo et al. 2023) TMC2023 CLIP 84.03 71.80 84.72 69.70 85.36 73.37
PPVU (Doshi and Yilmaz 2023) DSC2023 TimeSformer 82.90 - - - - -
CLAP (Al-Lahham et al. 2024) CVPR2024 CLIP 84.99 68.60 84.75 66.57 84.57 70.54
Ours CLIP 84.06 75.32 85.07 74.23 84.03 75.99

Table 1: AUC (%) on UCF-Crime and AP (%) on XD-Violence of comparisons on three data split strategies: Random split,
Event based split, Scene based split.

Specifically, the prompt generator is a cross-attention
module. For global contexts, the class texts are first encoded
into embeddings as T ∈ RK×D. Then the embeddings T are
transformed into key and value vectors. For local contexts,
considering a batch of visual features V ∈ RB×T×D with
batch size B, we compute the average of V in the batch di-
mension. Similarly, the averaged visual features V̄ are trans-
formed into query vectors. Finally, the prompt P is gener-
ated with cross attention merging those vectors, which can
be presented as follows:

P = CrossAttention(QV̄ ,KT , VT ), (5)
where QV̄ = V̄ ×WQ, KT = T ×WK , VT = T ×WV .

Experiment
Experimental Settings
Datasets and evaluation metrics We conduct extensive
experiments on the large-scale datasets: UCF-Crime (Sul-
tani, Chen, and Shah 2018) and XD-Violence (Wu et al.
2020). Additionally, we evaluate the generalization to un-
seen datasets on the test set of ShanghaiTech (Luo, Liu,
and Gao 2017). ShanghaiTech is initially designed for semi-
supervised VAD. We utilize the re-organized test set by
Zhong et al. (Zhong et al. 2019).

Referring to CLAP (Al-Lahham et al. 2024), we re-
organize the UCF-Crime and XD-Violence datasets. Specif-
ically, there are three strategies to split datasets: random
split, event based split and scene based split. Random split
is a baseline setting that each client holds equal number
of videos. Event based split means that each client owns
videos with different anomalies. For instance, client i pos-
sesses the videos of explosion while client j owns the videos
of fighting. Scene based split is the closest to real applica-
tion scenarios. In this setting, each client is equipped with
videos recorded in specific scenes. For example, client i has
videos recorded in stores containing anomalies like robbery
and shoplifting, while client j owns videos recorded on the
street with car accidents and shooting. Due to limited space,
more details about datasets split are provided in the supple-
mentary materials.

As for evaluation metrics, following previous works(Wu
et al. 2020, 2024c), we evaluate the performance with the
Area Under Curve (AUC) of the frame-level Receiver Oper-
ating Characteristics (ROC) for UCF-Crime, ShanghaiTech

Mode Method UCF XD

Centralized

Temporal-CLIP (Ju et al. 2022) 83.72 75.73
FedCoOp (Guo et al. 2023) 84.24 76.48
PPVU (Doshi and Yilmaz 2023) 86.30 -
CLAP (Al-Lahham et al. 2024) 83.85 66.73
Ours 84.82 71.16

Local

Temporal-CLIP (Ju et al. 2022) 81.36 64.66
FedCoOp (Guo et al. 2023) 80.97 66.19
CLAP (Al-Lahham et al. 2024) 76.23 61.35
Ours 81.17 64.88
Temporal-CLIP (Ju et al. 2022) 80.65 69.76

Federated FedCoOp (Guo et al. 2023) 84.72 69.70
CLAP (Al-Lahham et al. 2024) 84.75 66.57
Ours 85.07 74.23

Table 2: AUC (%) on UCF-Crime and AP (%) on XD-
Violence of comparisons on three training settings: Central-
ized training, Local training and Federated training.

and UBnormal. For XD-Violence, AUC of the frame-level
Precision-Recall Curve (AP) is used.

Training settings We compare the proposed method with
existing SOTA in three training settings: centralized train-
ing, local training and federated training. Centralized train-
ing requires that all data is collected together for training
an anomaly detector without privacy. Local training means
each client trains own anomaly detector with local data in-
dividually, which ensures privacy with possible loss of per-
formance. Federated training requires all clients to joint
an anomaly detector while ensuring privacy. There is only
global test set in this paper, which means each client only
possesses local training set.

Implementation details We utilize a pre-trained CLIP
(VIT-B/16) to extract the visual and text features. The fea-
ture dimension D is 512. The prompt generator is composed
of a four-head cross-attention, layer normalization and a lin-
ear layer for projection. The embedding dimension for cross-
attention is 512. The proposed method is trained on a sin-
gle NVIDIA RTX 3090 GPU using PyTorch with batch size
128. The learning rate is 1e-5. The global aggregation round
and local training epoch is 15 and 10, respectively.
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Method Source Target
XD UCF SHTech

ZS-CLIP (Radford et al. 2021) 51.34 71.20 53.69
Temporal-CLIP (Ju et al. 2022) 69.76 79.81 48.31
FedCoOp (Guo et al. 2023) 69.70 75.23 45.30
Ours 74.23 77.35 54.62

Table 3: Training on seen dataset (XD-Violence), the re-
sult of generalization to unseen datasets (AUC (%) on XD-
Violence and ShanghaiTech).

Baselines There are only a few federated WSVAD meth-
ods. We compare the proposed method with: (1) Zero-shot
CLIP (Radford et al. 2021) with the handcrafted prompt
template “a photo of {class}”; (2) Temporal-CLIP (Ju et al.
2022), a variant of ZS-CLIP. Temporal-CLIP is equipped
with a temporal modeling block based on ZS-CLIP; (3) Fed-
CoOp (Guo et al. 2023), a FL variant of CoOp. FedCoOp re-
places the handcrafted prompt with a set of learnable vectors
in federated learning environment, which is also equipped
with a temporal modeling block; (4) PPVU (Doshi and Yil-
maz 2023), a transformer based federated video understand-
ing method; (5) CLAP (Al-Lahham et al. 2024), the SOTA
method of federated WSVAD. We re-implement CLAP with
features extracted from CLIP.

Comparisons on Different Data Splits
In this section, we evaluate the proposed method on different
dataset splits. The results are shown in table 1. The proposed
method shows better performance than ZS-CLIP (Radford
et al. 2021) with handcrafted prompt and FedCoOp (Guo
et al. 2023) with learnable prompt vectors, indicating that
the proposed prompt generator is more appropriate for fed-
erated learning environment with more flexibility. Moreover,
the proposed method achieves better performance compared
with existing federated WSVAD. Based on transformer,
PPVU (Doshi and Yilmaz 2023) simply trains a classifier
in federated environment, which is inferior to our method.
CLAP (Al-Lahham et al. 2024) proposed a cluster based
strategy to generate pseudo labels. For WSVAD, the gen-
erated pseudo labels of CLAP are replaced with the video
level labels. More importantly, PPRU and CLAP only con-
sider the visual features and ignore generalization and per-
sonalization in federated learning environment. In contrast,
our method utilizes the association of vison and language as
well as try to make a trade-off between global generaliza-
tion and local personalization with global and local driven-
contexts.

Comparisons on Different Training Settings
In this section, we evaluate the proposed method on differ-
ent training settings. The results are shown in table 2. We
re-implemented some existing methods in different training
settings for comparison. On the one hand, it is hoped that
the performance of federated training is close to centralized
training as soon as possible cause centralized training en-
sures the global generalization of the model to a certain ex-

Method Source Target
UCF XD SHTech

ZS-CLIP (Radford et al. 2021) 71.20 51.34 53.69
Temporal-CLIP (Ju et al. 2022) 83.89 54.80 54.83
Ours 84.03 55.91 60.42

Table 4: Training on seen dataset (UCF-Crime), the result of
generalization to unseen datasets (AP (%) on XD-Violence
and AUC (%) on ShanghaiTech).

tent. On the other hand, even though the privacy is protected
during local training, if all clients only train own model with
local dataset, the individual local model usually shows poor
performance in global test data. As a compromise solution,
federated training ensures global performance by aggregat-
ing local model as well as the privacy of local training data.
Compared with local training, the proposed method in feder-
ated training achieves a gain of 2.89% AUC and 10.44% AP
on UCF-Crime and XD-Violence, respectively. Besides, the
proposed prompt generator is driven by both global and local
contexts, which is specially designed for federated learning
environment to balance generalization and personalization.
Therefore, the proposed method shows limitation to some
extent when centralized training.

Generalization to Unseen Datasets
In this section, we evaluate the generalization ability of
the proposed method. Specifically, we train the model on
UCF-Crime or XD-Violence datasets in federated learning
environment, and test the generalization ability on unseen
datasets. The results are shown in table 3 and table 4. For
unseen dataset ShanghaiTech, the proposed method achieves
54.62% AUC and 60.42% AUC when trained on XD-
Violence and UCF-Crime, respectively, which outperforms
ZS-CLIP and Temporal-CLIP by 3.83% and 9.32% on aver-
age, respectively. The generalization ability can be attributed
to two aspects. On the one hand, the pre-trained CLIP pro-
vides robust feature representation with abundant semantic
information. On the other hand, the proposed prompt gener-
ator is driven by global and local contexts. And the global
context represents the task-related information, which pro-
vides the model with the ability of generalization to unseen
datasets.

Ablation Studies
In this section, we focus on evaluating the effectiveness of
each component in our method. The results are shown in
Table 5. Firstly, we investigate the difference between local
text context and global text context. Similar to FedTPG (Qiu
et al. 2024), when only providing texts owned by the current
client, the average performance decreases by 0.28% AUC
and 4.16% AP on UCF-Crime and XD-Violence, respec-
tively. The reason is that global contexts provide full task re-
lated information while the local contexts are relatively lim-
ited and cannot provide information about the global task.
Additionally, it should be noted that the local contexts are
identical to global contexts when the datasets are randomly
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Local text
context

Global text
context

Local visual
context

UCF XD
Random Event Scene AVG Random Event Scene AVG

" 83.56 83.87 83.45 83.62 73.59 69.40 71.75 71.58
" " 84.06 84.42 83.82 84.10 75.32 67.72 70.01 71.02

" 83.56 84.64 83.89 84.36 73.59 72.39 73.89 73.29
" " 84.06 85.07 84.03 84.38 75.32 74.23 75.99 75.18

Table 5: Effectiveness of the modules of the proposed prompt generator.
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Figure 3: Visualization of anomaly confidence on UCF-Crime of four anomalies: Arson, Burglary, Explosion and Car accident.
The blue lines represent the model without local visual context. And the red ones represent the model with local visual context.
The gray areas represent ground-truth of anomalies.

split. Secondly, we consider the effectiveness of local visual
contexts. When replacing the local visual contexts with a
set of learnable vectors, the average performance produces a
drop of 1.89% AP. This is because the model cannot fit the
local dataset well in absence of the guidance of local visual
context.

Qualitative Analyses
We show the qualitative visualization result on UCF-Crime
in Figure 3. Specifically, the blue curves represent the situ-
ation where the local visual contexts are removed, and the
red ones represent the situation with both local visual con-
texts and global text contexts. The gray areas refer to the
ground-truth of the anomalies in the videos. As we can see,
in the absence of local visual contexts, the model sometimes
predicts relatively high anomaly confidence for the normal
frames. In contrast, with the guidance of local visual con-
texts, the aggregated model shows better performance with

a lower false alarm rate, which proves the effectiveness of
the local visual contexts again.

Conclusion

In this work, we propose Global and Local Context-driven
Federated Learning, a new paradigm for privacy protected
video anomaly detection. Specifically, we utilize the vision-
language association of CLIP to detect the anomalies in
the videos. Additionally, to maintain the powerful capa-
bilities of CLIP in federated learning environment, we re-
place the handcrafted text prompt with dynamically gen-
erated prompt. Moreover, to balance the global generaliza-
tion and local personalization, we guide the generation of
prompts with local visual contexts and global text contexts.
Driven by two contexts, the generated prompts are more ef-
fective in the federated environment. In the future, we will
further explore the privacy protected VAD.
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