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Abstract. This paper aims to address the unsupervised video anomaly
detection (VAD) problem, which involves classifying each frame in a
video as normal or abnormal, without any access to labels. To accom-
plish this, the proposed method employs conditional diffusion models,
where the input data is the spatiotemporal features extracted from a
pre-trained network, and the condition is the features extracted from
compact motion representations that summarize a given video segment
in terms of its motion and appearance. Our method utilizes a data-driven
threshold and considers a high reconstruction error as an indicator of
anomalous events. This study is the first to utilize compact motion rep-
resentations for VAD and the experiments conducted on two large-scale
VAD benchmarks demonstrate that they supply relevant information to
the diffusion model, and consequently improve VAD performances w.r.t
the prior art. Importantly, our method exhibits better generalization
performance across different datasets, notably outperforming both the
state-of-the-art and baseline methods. The code of our method is avail-
able HERE.
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1 Introduction
Detecting anomalous events in videos automatically is a crucial task of computer
vision that has relevance to numerous applications, including but not limited to
intelligent surveillance and activity recognition [11,27,14,6,18,2]. Video anomaly
detection (VAD) can be particularly difficult because abnormal events in the real
world are infrequent and can belong to an unbounded number of categories. As
a result, traditional supervised methods might not be suitable for this task since
balanced normal and abnormal samples are typically unavailable for training.
Moreover, VAD models are challenged by the contextual and often ambiguous
nature of abnormal events, despite their sparsity and diversity [23]. As a result,
VAD is commonly carried out using a one-class learning approach, in which only
normal data are provided during training [22,26,9,34,13]. However, given the dy-
namic nature of real-world applications and the wide range of normal classes, it

∗These authors contributed equally.

https://github.com/AnilOsmanTur/conditioned_video_anomaly_diffusion


2 Tur and Dall’Asen et al.

is not practical to have access to every type of normal training data. Therefore,
when using a one-class classifier, there is a high risk of misclassifying an un-
seen normal event as abnormal because its representation might be significantly
different from the representations learned from normal training data [6]. To ad-
dress the aforementioned challenge of data availability, some researchers have
implemented weakly supervised VAD that do not require per-frame annotations
but instead leverage video-level labels [15,28]. In weakly supervised VAD, unlike
its one-class counterpart, a video is considered anomalous if even a single frame
within it is labeled as anomalous. Conversely, a video is labeled as normal only
when all frames within it are labeled as normal. However, such approaches lack
localizing the abnormal portion of the video, which can be impractical when
dealing with long videos. Also, it is important to note that labeling a video as
normal still requires the inspection of entire frames [32]. A more recent approach
to VAD is unsupervised learning, in which unlabelled videos are used as input
and the model learns to classify each frame as normal or anomalous, allowing
to localize the abnormal frames. Unlike a one-class classifier, unsupervised VAD
does not make any assumptions about the distribution of the training data and
does not use any labels during model training. However, it is undoubtedly more
challenging to arrive at the performance of other VAD approaches that use la-
beled training data [32].

This study focuses on performing unsupervised VAD in complex surveillance
scenarios by relying solely on the reconstruction capability of the probabilistic
generative model called di�usion models [12]. The usage of generative models
(e.g., autoencoders) is common for one-class VAD [8,19,23]. However, as shown
in [32] for unsupervised VAD, the autoencoders might require an additional dis-
criminator to be trained collaboratively to reach a desired level of performance.
Instead, our study reveals that diffusion models constitute a more effective cat-
egory of generative models for unsupervised VAD, displaying superior results
when compared to autoencoders, and in some cases, even exceeding the perfor-
mance of Collaborative Generative and Discriminative Models. Furthermore, we
explore the application of compact motion representations, namely, star
representation [7] and dynamic images [4] within a conditional diffusion
model. This study marks the first attempt at utilizing these motion representa-
tions to address the VAD task. The experimental evaluation conducted on two
large-scale datasets indicates that using the aforementioned compact motion rep-
resentations as a condition of diffusion models is more beneficial for VAD. We
also explore the transferability of unsupervised VAD methods by assessing their
generalization performance when trained on one dataset and tested on another.
When performing cross-dataset analysis, it becomes apparent that incorporat-
ing compact motion representations as the condition of diffusion models leads
to vastly superior performance. This represents a crucial feature of the proposed
method in comparison to both the state-of-the-art (SOTA) and baseline models,
making it highly valuable for practical applications.

The main contributions can be summarized in three folds. (1) We propose an
effective unsupervised VAD method, which uses compact motion representations
as the condition of the diffusion models. We show that compact motion repre-
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sentations supply relevant information and further improve VAD performance.
(2) Our method leads to enhanced generalization performance across datasets.
Its transferability is notably better than the baseline methods and the SOTA.
(3) We conduct a hyperparameter analysis for diffusion models, which yields
insights into using them for VAD.

2 Related Work

Anomaly Detection. Anomaly refers to an entity that is rare and significantly
deviates from normality. Automated anomaly detection models face challenges
when detecting abnormal events from images or videos due to their sparsity,
diversity, ambiguity, and contextual nature [23,6,33]. Automated anomaly de-
tection is a well-researched subject that encompasses various tasks, e.g., medical
diagnosis, defect detection, animal behavior understanding, and fraud detection
[31,2,29]. For a review of anomaly detection applications in different domains,
interested readers can refer to the survey paper [6]. VAD, the task at hand,
deals with complex surveillance scenarios. Zaheer et al. [32] categorized rele-
vant methodologies into four groups: (a) fully supervised approaches requiring
normal/abnormal annotations for each video frame in the training data, (b)
one-class classification requiring only annotated training data for the normal
class, (c) weakly supervised approaches requiring video-level normal/abnormal
annotations, and (d) unsupervised methods that do not require any annotations.

Labeling data is a costly and time-consuming task, and due to the rarity
of abnormal events, it is impractical to gather all possible anomaly samples for
fully-supervised learning. Consequently, the most common approach to tack-
ling VAD is to train a one-class classi�er that learns from the normal data
[22,26,9,34,13]. Several of these approaches utilize hand-crafted features [16,21],
while others rely on deep features that are extracted using pre-trained mod-
els [22,26]. Generative models e.g., autoencoders and GANs have also been
adapted for VAD [8,19,23]. One-class classifiers often cannot prevent the well-
reconstruction of anomalous test inputs, resulting in the misclassification of ab-
normal instances as normal. Moreover, an unseen normal instance could be mis-
classified as abnormal because its representation may differ significantly from the
representations learned from normal training data. As evident, data collection is
still a problem for the one-class approach because it is not practical to have ac-
cess to every variety of normal training data [6,18]. Therefore, some researchers
[15,28] have turned to weakly supervised VAD, which does not rely on fine-
grained per-frame annotations, but instead use video-level labels. Consequently,
a video is labeled as anomalous even if one frame is anomalous, and normal if all
frames are normal. This setting is not optimal because labeling a video as normal
requires inspecting all frames, and it cannot localize the abnormal portion.

On the other hand, VAD methods that use unlabelled training data are quite
rare in the literature. It is important to note that several one-class classifiers
[9,34,13] have been referred to as unsupervised, even though they use labeled
normal data. Unsupervised VAD methods analyze unlabelled videos without
prior knowledge of normal or abnormal events to classify each frame as normal or
anomalous. The only published method addressing this definition is [32], which
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presents a Generative Cooperative Learning among a generator (an autoencoder)
and a discriminator (a multilayer perceptron) with a negative learning paradigm.
The autoencoder reconstructs the normal and abnormal instances while the dis-
criminator estimates the probability of being abnormal. Through negative learn-
ing, the autoencoder is constrained not to learn the reconstruction of anomalies
using the pseudo-labels produced by the discriminator. That approach [32] fol-
lows the idea that anomalies occur less frequently than normal events, such that
the generator should be able to reconstruct the abundantly available normal rep-
resentations. Besides, it promotes temporal consistency while extracting relevant
spatiotemporal features. Our method differs from [32] in that it relies solely on
a generative architecture, specifically a conditional diffusion model. The base-
line unconditional diffusion model, in some cases, surpasses the full model of
[32] while in all cases it achieves better performance than the autoencoder of
[32]. On the other hand, the proposed method improves the achievements of the
unconditional diffusion model thanks to using compact motion representations,
and importantly, it presents the best generalization results across datasets.
Di�usion Models. They are a family of probabilistic generative models that
progressively destruct data by injecting noise, then learn to reverse this process
for sample generation. [10,12]. Diffusion models have emerged as a powerful new
family of deep generative models with SOTA performance in many applications,
including image synthesis, video generation, and discriminative tasks like object
detection and semantic segmentation [24,5]. Given that diffusion models have
emerged as SOTA generative models for various tasks, we are motivated to
explore their potential for VAD through our proposed method.
Star Representation [7]. It aims to represent temporal information existing
in a video in a way that the channels of output single RGB image convey the
summarized time information by associating the color channels with simplified
consecutive moments of the video clip. Such a representation is suitable to be
the input of any CNN model and so far in the literature, it was used for dynamic
gesture recognition [1,7], while this is the first time it is being used for VAD.
Dynamic Image [4]. It refers to a representation of an input video sequence
that summarizes the appearances of objects and their corresponding motions
over time by encoding the temporal ordering of the pixels from frame to frame.
This can be seen as an early fusion technique since the frames are combined into
a single representation before further processing them such as with. It has been
used for action and gesture recognition [4,30] and visual activity modeling [3,25],
however, it has never been used for VAD.

3 Proposed Method

We design a method to use diffusion models to tackle the unsupervised VAD,
i.e. to classify each frame in a video as normal or abnormal without using the la-
bels. To provide a frame-based prediction, we classify a video clip of consecutive
N frames and then slide this window along the video. We build our model on
top of diffusion models, in particular, k-diffusion [12], which has shown better
performance w.r.t DDPM [10]. To overcome the heavy computational burden of



U-VAD with Di�usion Models Conditioned on Compact Motion Rep. 5

Fig. 1. An illustration of the proposed method. For de�nitions of the abbreviations
used, please refer to the text.

dealing with video clips, we operate in the latent space of a pre-trained network
that extracts clip-level features. We then leverage the generative capabilities
of di�usion models to reconstruct noised clip features and, based on the recon-
struction error, decide whether the clip is normal or abnormal with a data-driven
threshold. While this formulation leads to SOTA performance, we further con-
dition the di�usion process with compact motion information coming from the
video clip (see Sec. 3.2) to better guide the reverse process and achieve better
performance. An overview of our method is provided in Fig. 1.

3.1 Di�usion Model

Di�usion models apply a progressive addition of Gaussian noise� t of standard
deviation � t to an input data point xT sampled from a distribution pdata (x)
for each timestep t 2 [0; T]. The noised distribution p(x; � ) becomes isotropic
Gaussian and allows e�cient sampling of new data points x0 � N (0; � 2

max I ).
These data are gradually denoised with noise levels� 0 = � max > � 1 > � � � >
� T � 1 > � T = 0 into new samples. Di�usion models are trained by minimizing
the expectedL 2 error between predicted and ground truth added noise [10],i.e.:
L simple = k� t � �̂ k2. In this work, we use the di�usion formulation of [12], which
allows the network to perform either � or x0 prediction, or something in between,
depending on the noise scale� t , nullify the error ampli�cation that happens in
DDPM [12]. The denoising network D � formulation as follows:

D � (x; � t ) = cskip (� t ) x + cout (� t ) G�
�
cin (� t ) x; cnoise (� � T)

�
; (1)

where G� becomes the e�ective network to train, cskip modulates the skip con-
nection, cin (�) and cout (�) scale input and output magnitudes, andcnoise (�) scales
� to become suitable as input forF� . Formally, given a video clip C of N frames,
i.e. C 2 RN � 3� H � W , we �rst extract features from a pre-trained 3D-CNN F to
obtain a feature vector fea 2 Rf , with f the latent dimension of the network.
We then use this latent representation in the di�usion process to reconstruct
them without using any label.

We leverage the fact that denoising does not necessarily have to start from
noise with variance � 2

max , but it can place at any arbitrary timestep t 2 (0; T],
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