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Abstract

In this paper, we propose HF2-VAD, a Hybrid framework
that integrates Flow reconstruction and Frame prediction
seamlessly to handle Video Anomaly Detection. Firstly, we
design the network of ML-MemAE-SC (Multi-Level Mem-
ory modules in an Autoencoder with Skip Connections) to
memorize normal patterns for optical flow reconstruction
so that abnormal events can be sensitively identified with
larger flow reconstruction errors. More importantly, condi-
tioned on the reconstructed flows, we then employ a Con-
ditional Variational Autoencoder (CVAE), which captures
the high correlation between video frame and optical flow,
to predict the next frame given several previous frames. By
CVAE, the quality of flow reconstruction essentially influ-
ences that of frame prediction. Therefore, poorly recon-
structed optical flows of abnormal events further deterio-
rate the quality of the final predicted future frame, mak-
ing the anomalies more detectable. Experimental results
demonstrate the effectiveness of the proposed method. Code
is available at https://github.com/LiUzHiAn/hf2vad.

1. Introduction

Video Anomaly Detection (VAD) refers to the identifi-
cation of events that do not conform to expected behav-
iors [3] in a video, with one example shown in Figure 1.
This is an open and very challenging task as abnormal
events usually much less happen than normal ones and the
forms of abnormal events are unbounded in practical ap-
plications [25]. Obviously, it is impossible to collect all
kinds of abnormal data in advance. Therefore, a typical so-
lution to video anomaly detection is to train an unsupervised
learning model on normal data, and those events or activi-
ties that are recognized by the trained model as outliers are
then deemed as anomalies.
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Figure 1. An anomaly example from CUHK Avenue [29] dataset.
Here “running” is identified as an anomaly event on the walking
avenue, and the blue dashed rectangles denote ground-truth ab-
normal sections where a person is running. The blue curve is the
result of HF2-VAD, the red curve is the result with flow recon-
struction only, and the green curve is the result with a CVAE based
frame prediction model conditioned on original flows. Area Un-
der the Receiver Operation Characteristic (AUROC) is calculated.
As can be seen, HF2-VAD that combines flow reconstruction and
reconstructed-flow guided future prediction performs the best.

Nowadays deep learning has shown great success in
many real-world tasks such as visual recognition [13, 12,
14, 26], object detection [19, 28, 27, 15], shadow detection
and removal [4, 44, 49, 48, 18], trajectory prediction [41],
and image captioning [5]. Rather than traditional hand-
crafted feature based methods [1, 20, 2, 34], a lot of modern
deep neural network based methods [11, 45, 50, 31, 25, 30,
8, 36, 38, 47, 43, 24] have been proposed for VAD. In the era
of deep learning, reconstruction and future prediction are
two prevalent VAD paradigms. Reconstruction-based meth-
ods [11, 31, 8, 36, 7, 38] typically train autoencoders on
normal data. At test time, abnormal data often incurs larger
reconstruction errors, making them detectable from normal
ones. Taking advantage of temporal characteristics of video
frames, prediction-based methods [25, 30, 47] train a net-
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Figure 2. Overview of the proposed HF2-VAD which integrates flow reconstruction and frame prediction into a unified framework. We
first reconstruct the optical flows y1:t by an autoencoder with multi-level memory modules and skip connections to obtain ŷ1:t. Then, the
reconstructed optical flows together with the video frames x1:t are used by a CVAE model to predict the next future frame. If an abnormal
event occurs, (1) the reconstructed optical flows ŷ1:t will show significant reconstruction error to its ground truth y1:t, (2) using the ŷ1:t as
a condition to guide future frame prediction, the prediction error (i.e., difference between x̂t+1 and xt+1) will be enlarged further.

is trained on normal data, thus encouraged to store nor-
mal patterns in the memory. Park et al. [38] follow this
trend and present a more compact memory that can be up-
dated during testing. In their works, the memory module is
only placed at the bottleneck. We extend it and propose a
multi-level memory-augmented autoencoder with skip con-
nections which captures the normal patterns at different fea-
ture levels and train it on optical flows.

VAE and CVAE. Along with the advances in discrim-
inative models, generative models have also made great
progress, such as GAN [9] and VAE [22]. In particular,
VAE is a directed graphical model with latent variables,
which includes a recognition process and a generative pro-
cess. In the generative process (i.e., decoding), the data
x is generated by the distribution pθ(x|z) when given la-
tent variables z. Kingma and Welling [22] then introduce a
recognition process qϕ(z|x) to approximate the intractable
true posterior. Both the recognition and generative distri-
butions can be learned by maximizing the log-likelihood
of the p(x) through the surrogate evidence lower bound
(ELBO) objective function. To address the structured pre-
diction problem, Sohn et al. [42] model the distribution of
the output space conditioning on the input observation and
propose CVAE. Let x, y and z represent the output data,
observed condition and latent variables, CVAE is composed
of a recognition network qϕ(z|x, y), a conditional prior net-
work pθ(z|y) and a generation network pθ(x|y, z). Esser et
al. [6] follow the CVAE framework and design a variational
UNet that can disentangle the appearance and shape infor-
mation of an image by which the image generating process
can be well controlled. Different from them, we propose
to predict future frame by CVAE with optical flow as the
condition.

3. Methodology

As illustrated in Figure 2, our framework HF2-VAD
is composed of two components: Multi-Level Memory-
augmented Autoencoder with Skip Connections (ML-
MemAE-SC) for flow reconstruction followed by Condi-
tional Variational Autoencoder (CVAE) for frame predic-
tion. The whole framework is trained on normal data. At
test time, both the reconstruction and prediction errors, i.e.,
the difference between y1:t and ŷ1:t, and xt+1 and x̂t+1, are
used for anomaly detection.

In the following sections, we introduce ML-MemAE-
SC first, and then the CVAE based future frame prediction
model. Finally, we show how to use our model for anomaly
detection.

3.1. Multi-Level Memory-augmented Autoencoder
with Skip Connections

Placing a memory module at the bottleneck of AE is a
recent development in VAD community [8, 38]. Figure 3
(a) shows this kind of Memory-augmented Autoencoder
(MemAE). However, we observe that using just one mem-
ory can not guarantee all the normal patterns to be remem-
bered, and abnormal input still has a certain chance to be
reconstructed well. A natural extension to MemAE is plac-
ing more memory modules in other levels of AE as shown
in Figure 3 (b), but too many memories lead to excessive in-
formation filtering, degrading the network to remember the
most representative normal patterns rather than all needed
ones. We solve this problem by adding skip connections
between encoder and decoder, obtaining the Multi-Level
Memory-augmented Autoencoder with Skip Connections
(ML-MemAE-SC), as shown in Figure 3 (c). On one hand,
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Figure 3. (a) Structure of MemAE in which a memory module is placed at the bottleneck. (b) Extending MemAE with more memory
modules in other levels of the decoder. (c) On the basis of (b), skip connections are added, but the black dotted skip connection should not
be added, otherwise the functions of all the memory modules would be overridden.

the skip connections directly transfer encoding information
to the decoder, providing more information for memories in
different levels to discover normal patterns. On the other
hand, with higher-level encoding features, though being fil-
tered by the memories, the network can decode the input
more easily. At test time, the proposed ML-MemAE-SC
can reconstruct normal data clearly while performs poorly
for abnormal data. To make it easy for readers to validate
this, we conduct a toy example to explore many memory-
augmented autoencoder variants and demonstrate the effi-
cacy of the proposed ML-MemAE-SC. See Figure 4.

It is worth noting that the outermost skip connection,
i.e., the black dotted one in Figure 3 (c), should not be
added. Otherwise the reconstruction might be fulfilled
by the highest-level encoding-decoding information, mak-
ing all other lower-level encoding, decoding and memory
blocks not work.

We design a four-level ML-MemAE-SC, including three
encoding-decoding levels and the bottleneck. In each level
of the encoder, we stack two convolution blocks followed
by a downsampling layer. In each level of the decoder,
we first copy the feature map from the encoder and then
concatenate it with the upsampled feature maps of the
lower level. The concatenation then sequentially passes
through two convolution blocks, a memory module, and
an upsampling layer. In our implementation, a convolution
block contains three layers: a convolution layer, a batch-
normalization layer [17] and a ReLU activation layer [33].
The downsampling and upsampling layers are implemented
by convolution and deconvolution [37].

For the memory modules, we adopt a similar implemen-
tation of [8]. Each memory module is actually a matrix
M ∈ RN×C . Each row of the matrix is called a slot mi

with i = 1, 2, 3, ..., N . The role of a memory module is
to represent the features fed into it by the weighted sum of
similar memory slots, thus has the capability of remember-
ing normal patterns when trained on normal data.

To train ML-MemAE-SC, we can feed normal video, im-
age or optical flow into it, and try to reconstruct the input
data. Let y be the input data, and ŷ be the reconstructed
result, we minimize the ℓ2 distance between y and ŷ as the
reconstruction loss:

Lrecon = ||y − ŷ||22. (1)

Following [8], we add the entropy loss on the matching

probabilities ŵi for each memory module as:

Lent =
M∑
i=1

N∑
k=1

−ŵi,k log (ŵi,k) , (2)

where M is the number of memory modules and ŵi,k is the
matching probabilities for the k-th slot in the i-th memory
module. We balance the above two loss functions to obtain
the following loss function to train ML-MemAE-SC:

LML−MemAE−SC = λreconLrecon + λentLent. (3)

3.2. Conditional Variational Autoencoder for Fu-
ture Frame Prediction

Future frame prediction is another prevalent VAD
paradigm, often obtaining better anomaly detection accu-
racy than reconstruction-based methods [47, 38]. Future
frame prediction tries to model p(xt+1|x1:t) such that the
next frame xt+1 can be generated given x1:t. Many works
have explored the usage of optical flow as the auxiliary in-
formation to increase prediction accuracy [25, 36], but to
our best knowledge there is no work that directly models
p(xt+1|x1:t, y1:t), where y1:t represents previous t flows.

Note that xt can be warped to xt+1 given optical flow
yt, thus a vanilla network that directly maps x1:t and y1:t
to xt+1 may learn a trial mapping. We observe that x1:t

and xt+1 are from a very short duration in a video, and they
are very similar to each other in content. It is reasonable
to assume that x1:t and xt+1 are determined by the same
hidden variables z that control the content information. We
thus resort to Conditional Variational Autoencoder (CVAE)
as the generative model for modeling p(xt+1|x1:t, y1:t), in
which we compute z from x1:t, and then generate xt+1 from
z, with y1:t as the conditions.

Formally, we have the following ELBO :

log p(xt+1|y1:t) ≥ Eq log
p(xt+1|z, y1:t)p(z|y1:t)

q(z|xt+1, y1:t)
. (4)

Replacing q(z|xt+1, y1:t) in Eq. 4 by q(z|x1:t, y1:t) yields:

log p(xt+1|y1:t) ≥ Eq log
p(xt+1|z, y1:t)p(z|y1:t)

q(z|xt+1, y1:t)

≈ Eq log
p(xt+1|z, y1:t)p(z|y1:t)

q(z|x1:t, y1:t)

= −KL[q(z|x1:t, y1:t) || p(z|y1:t)]
+ Eq[log p(xt+1|z, y1:t)], (5)
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where KL denotes Kullback-Leibler divergence.
Guided by Eq. 5, we design our future prediction model

as shown in Figure 2. We have two encoders Eθ and Fϕ,
and one decoder Dψ . Eθ encodes optical flows y1:t to ob-
tain Eθ(y1:t) from which the prior distribution p(z|y1:t) can
be obtained. Fϕ admits the concatenation of x1:t and y1:t
and outputs features Fϕ(x1:t, y1:t) from which the posterior
distribution q(z|x1:t, y1:t) can be obtained. During training,
we sample z from the posterior distribution, and concate-
nate z with the conditions Eθ(y1:t), which are finally sent
to the decoder Dψ to generate the future frame x̂t+1. In-
spired by the Variational UNet proposed in [6], we add skip
connections between Fϕ and Dψ to help generating xt+1.

We assume p(xt+1|z, y1:t), p(z|y1:t) and q(z|x1:t, y1:t)
in Eq. 5 are all parametric Gaussian distributions. Hence, as
the common practice in VAE [22], we arrive at the following
loss function containing two parts:

LCV AE =KL[q(z|x1:t, y1:t)||p(z|y1:t)]
+ ||xt+1 − x̂t+1||22, (6)

where xt+1 is the ground truth future frame. Follow-
ing [25], we also define a gradient loss:

Lgd(X, X̂) =
∑
i,j

∣∣∣|Xi,j −Xi−1,j | − |X̂i,j − X̂i−1,j |
∣∣∣∣∣∣|Xi,j −Xi,j−1| − |X̂i,j − X̂i,j−1|

∣∣∣, (7)

where i, j indicate spatial pixel position in an image. Com-
bining Eq. 6 and the gradient loss between the predicted
future frame and its ground truth, we train our CVAE model
by the following loss function:

L = λCV AELCV AE + λgdLgd(x̂t+1, xt+1), (8)

where λCV AE and λgd are the balancing hyper-parameters.
Deterministic vs. stochastic future prediction during

testing. At test time, we can sample z stochastically in or-
der to generate the future frame. But this would synthesize
slightly different future frames at different time. In order to
predict the future frame deterministically, we use the mean
of the posterior distribution q(z|x1:t, y1:t) as the sampled z
at test time, and all the experimental results of our method
in this paper are obtained under this sampling strategy. But
note that this two kinds of sampling strategies have similar
anomaly detection performance. Please see the supplemen-
tal material for more details.

3.3. Anomaly detection

At test time, our anomaly score is composed of two parts:
(1) the flow reconstruction error as Sr = ||ŷ1:t − y1:t||22
and (2) the future frame prediction error as Sp = ||x̂t+1 −
xt+1||22. We obtain the anomaly score by fusing the two
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Figure 4. Visualization examples of memory-augmented autoen-
coder variants for reconstruction task on MNIST [23] dataset.

errors using a weighted sum strategy as:

S = wr ·
Sr − µr

σr
+ wp ·

Sp − µp
σp

, (9)

where µr, σr, µp, σp are means and standard deviations of
reconstruction errors and prediction errors of all the training
samples, wr and wp are the weights of the two scores.

4. Experiments

4.1. Toy experiments on MNIST

We conduct toy anomaly detection experiments on the
MNIST [23] dataset to explore the variations of memory-
augmented autoencoders. We use “2” of the training set of
MNIST as the normal data to train our models, and use the
testing set of MNIST as our test data in which digits other
than “2” are abnormal. We compare among 6 variants, the
architectures of which are shown in the top row of Figure 4
from (a) to (f). (a) is the original MemAE. (b) is a variant
of (a) by adding memory modules at all other levels of the
decoder. (c) is another variant of (a) by adding skip con-
nections between encoder and decoder at all levels. (d) is
the combination of (b) and (c). In (e), we add one more
memory to MemAE in the next level after bottleneck and
also a skip connection for that level. In (f), we extend (e) by
adding another pair of memory and skip connection in the
next level further, which is the proposed ML-MemAE-SC.

As shown in Figure 4, MemAE reconstructs normal “2”
very well, but it also reconstructs “3” and “7” success-
fully which however are anomalies. By simply adding more
memory modules in (b), all tested inputs are reconstructed
to a blurry “2”, demonstrating that cascaded memories are
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