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Abstract—Weakly supervised video anomaly detection (WS-
VAD) is a challenging problem that aims to learn VAD models
only with video-level annotations. In this work, we propose a
Long-Short Temporal Co-teaching (LSTC) method to address
the WS-VAD problem. It constructs two tubelet-based spatio-
temporal transformer networks to learn from short- and long-
term video clips respectively. Each network is trained with
respect to a multiple instance learning (MIL)-based ranking loss,
together with a cross-entropy loss when clip-level pseudo labels
are available. A co-teaching strategy is adopted to train the
two networks. That is, clip-level pseudo labels generated from
each network are used to supervise the other one at the next
training round, and the two networks are learned alternatively
and iteratively. Our proposed method is able to better deal with
the anomalies with varying durations as well as subtle anomalies.
Extensive experiments on three public datasets demonstrate that
our method outperforms state-of-the-art WS-VAD methods. Code
is available at https://github.com/shengyangsun/LSTC VAD.

Index Terms—Video anomaly detection, weak supervision, co-
teaching strategy

I. INTRODUCTION

Video anomaly detection (VAD) aims to detect abnormal
events in videos. This task has received great research interest
because of its significance in security surveillance, accident
forecasting, and evidence investigation. A majority of previous
studies focus on one class classification paradigm [1], [2],
which learns a VAD model only using normal videos and
identifies those deviating from normal patterns as anomalies.
However, owing to the complexity and diversity of real-world
scenarios, it is impossible to take into account all normal
patterns so these methods are prone to incur false alarms.
Recently, weakly-supervised video anomaly detection (WS-
VAD) has been also explored. It learns from both normal
and abnormal videos annotated with video-level labels. The
developed WS-VAD methods [3]–[5] demonstrate superior
performance than the unsupervised counterparts at the cost
of a light annotation burden.

Nevertheless, there are two essential problems that need
to be well addressed toward precise WS-VAD. 1) How to
leverage video-level labels to identify anomalies in abnormal
videos that may be overwhelmed by normal clips? 2) How
to thoroughly capture spatial and temporal contexts that are
important for discriminating abnormal events? To address the
first problem, various methods have been developed, includ-
ing multiple instance learning (MIL) based techniques [3],
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pseudo labeling together with label noise reducing [6] or
self-training [4], [5] techniques. For the second one, pre-
trained spatio-temporal feature encoders such as C3D [7] and
I3D [8] are commonly used. Besides, spatio-temporal dual-
branch network [9], continuous sampling strategy [4], and self-
attention or transformer techniques [5], [10] have been further
applied to capture long-range dependencies.

In this work, we propose a new WS-VAD method that
addresses the above-mentioned problems distinctively. Our
method is motivated by the following characteristics observed
in abnormal events: 1) The duration of abnormal events varies
a lot, lasting for one or multiple consecutive clips. 2) Abnor-
mal events may take only a small portion of regions in many
surveillance videos. Therefore, we choose tubelets (a tube
is a clip patch) as tokens and construct two spatio-temporal
transformer networks to regress anomaly scores for short-
and long-term sequences of clips, respectively. Pseudo labels
generated from each network are further used to supervise the
other one in the next training round.

Our method distinguishes itself from the others in the
following aspects:

• We construct tubelet-based spatio-temporal transformer
networks to mine spatial and temporal contexts thor-
oughly. Although tubelets have become common in
recent video transformers [21], [22], most WS-VAD
methods [3]–[5], [10] still exploit clip-level features for
anomaly detection. In contrast to them, the tubelet-based
way can capture features at a finer granularity so that
subtle anomalies can be detected more precisely.

• We employ a co-teaching strategy to train short- and
long-term networks alternatively and iteratively. The two
networks can explicitly learn from abnormal events with
varying durations. Moreover, in contrast to the self-
training strategy used in recent WS-VAD methods [4],
[5], our co-teaching strategy can better tackle heavy noise
in pseudo labels and boost both networks’ performance
further.

• Experiments on three public datasets demonstrate that
the proposed method outperforms state-of-the-art WS-
VAD methods. Visualization results show that the short-
and long-term networks learned via co-teaching focus on
anomalous regions more accurately than the standalone
counterparts.
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II. RELATED WORK

A. Weakly Supervised Video Anomaly Detection

Weakly supervised video anomaly detection learns a VAD
model depending on video-level labels. One research line of
previous studies formulates this task as a multiple instance
learning (MIL) problem. In addition to a MIL ranking loss,
various regularization losses have been proposed. For instance,
Sultani et al. [3] place sparsity and smoothness constraints,
Zhang et al. [11] define an inner bag loss, and Wan et
al. [12] design a dynamic MIL loss together with a center loss
to regularize the learned feature space. Meanwhile, another
research line formulates WS-VAD as a supervised learning
task that takes video-level labels directly as clip-level pseudo
labels. To mitigate the label noise contained in abnormal
videos, Zhong et al. [6] propose a graph convolutional network
and Zaheer et al. [13] define a clustering based loss.

Recently, the two research lines are combined in several
state-of-the-art works [4], [5]. They first construct a VAD
model based on the MIL framework to produce clip-level
pseudo labels and then use the generated labels to super-
vise the subsequent training of the VAD model. The noisy
pseudo labels and the VAD model are refined alternatively and
iteratively through a self-training strategy. However, simply
utilizing pseudo labels is not a highly effective strategy for
datasets that have various durations of anomalies, such as
UCF-Crime. Therefore, we propose a co-teaching strategy to
alternatively learn two VAD models, by which noisy pseudo
labels are cleaned more effectively and the discrimination
abilities of both models are boosted considerably.

B. Self-training and Co-training Strategies

The self-training strategy has been recently applied to unsu-
pervised [14], [15] and weakly supervised [4], [5] VAD tasks.
It alternates between a pseudo-labeling step and a VAD model
training step to iteratively promote the model’s performance.
In self-training, only a single model is maintained, it may suf-
fer from performance degradation on large-scale datasets that
have varied durations anomalies. Contrastively, co-training,
also known as co-teaching [16], is a new learning paradigm
that trains two models simultaneously and lets them teach each
other. Due to different learning and sample-selection bias, the
co-trained models are more robust to severe label noise. The
co-teaching strategy has been recently applied to unsupervised
person re-identification [17], [18], object detection [19], and
other vision tasks. In this work, we introduce the co-teaching
strategy to WS-VAD, by which a short-term network and a
long-term network can learn from each other.

C. Spatial-Temporal Contexts in WS-VAD

The exploitation of spatial and temporal contexts plays
an important role in VAD. Many WS-VAD methods exploit
both information through pre-trained spatio-temporal feature
extractors such as C3D [7] and I3D [8]. Besides, long-range
temporal dependencies have been further captured, e.g. Tian et
al. [10] employ the temporal dilated convolution and Li et
al. [5] employ a transformer-based multiple-sequence learning

technique. The synergy of long-range spatial and temporal
dependencies has been explored, e.g. Purwanto et al. [20]
employ the self-attention and conditional random field, and
Wu et al. [9] propose a spatio-temporal dual-branch network
architecture. However, all above previous works have not
considered both fine-grained spatial features and long-range
temporal dependencies. In this work, we construct two tubelet-
based spatio-temporal transformer networks to learn from
short- and long-term clips respectively and adopt the co-
teaching strategy to enhance both networks. By this means,
fine-grained features as well as spatial and long-range temporal
dependencies are all captured.

III. THE PROPOSED METHOD

Fig. 1 presents an overview of the proposed method. In this
section, we first introduce the transformer-based short- or long-
term network architecture, then present the training losses and
the co-teaching strategy.

A. Transformer-based VAD Network

To mine fine-grained features as well as capture long-range
dependencies, we construct a tubelet-based spatio-temporal
transformer as our VAD network architecture. It first embeds
tubelet tokens and then passes the tokens through multiple
transformer layers and one regression layer to predict an
anomaly score for all input clips.
Tubelet Embedding. Let us consider a clip of dimension
F ×H×W , where F is the number of consecutive frames, H
and W are the height and width of each frame. We split the clip
into non-overlapping tubes as shown in Fig. 1. Each tubelet is
of dimension F ×Ht ×Wt and therefore Nt = b H

Ht
c · b WWt

c
tubelets are obtained. We feed each tubelet into a pre-trained
feature encoder such as C3D or I3D to extract a d-dimensional
feature f ∈ Rd, which is taken as a token for subsequent
transformer layers. In contrast to clip-level tokens used in
previous WS-VAD methods [4], [5], [10], tubelets capture
spatial contexts at a finer granularity, benefiting the detection
of subtle anomalies. Meanwhile, in contrast to the tokenization
way that linearly projects each tubelet into 1D token as in
recent video transformers [21], the tubelet feature extracted
by C3D or I3D can infuse inductive bias which facilitates the
training of transformer networks.
Transformer Architecture. Our transformer-based VAD net-
work takes C consecutive clips as input. The clips are to-
kenized by the above-mentioned way to get a sequence of
tokens. Then, a token zcls ∈ Rd is prepended to the sequence
to form the input of the transformer. That is, the input sequence
is:

z = [zcls, f1,1, ..., fi,j , ..., fC,Nt ], (1)

in which fi,j denotes the j-th token in the i-th clip.
The input sequence is passed through a transformer network

composed of L transformer layers and one anomaly regression
layer. Each transformer layer consists of Multi-head Self-
Attention (MSA) and FeedForward Network (FFN) modules,
which are respectively implemented by scaled dot-product
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Fig. 1. An overview of the proposed method. It adopts a co-teaching strategy to train a short-term network and a long-term network alternatively. Each
network takes short- or long-term clips as input. The input clips are first split into tubelets (taking 4 tubes as an example) and passed through a pre-trained
feature extractor for tokenization. The embedded tokens are further input into a spatio-temporal transformer network composed of multiple transformer layers
and a regression layer to predict anomaly scores. Pseudo labels generated from the scores predicted by one network are used to supervise the other network.

attention and a 2-layer MLP with ReLU in between. The
computation of layer l is as follows:

ẑl = MSA(LN(zl)) + zl,

zl+1 = FFN(LN(ẑl)) + ẑl,
(2)

in which LN denotes layer normalization. Finally, the anomaly
regressor, which is implemented by a 3-layer MLP with ReLU
and Sigmoid activations, takes the output zLcls of the last
transformer layer to predict an anomaly score s ∈ (0, 1) for all
the clips. Considering that it is beneficial to encode spatial and
temporal position information, we include 3D relative position
bias to each head in self-attention computation in MSA, as
in [22]. That is,

Attention(Q,K,V) = SoftMax(
QKT

√
d

+B)V, (3)

in which Q,K,V ∈ RC·Nt×d are query, key and value
matrices, C ·Nt is the number of tokens, and B ∈ RC2×Nt×Nt

is the 3D relative position bias for position encoding.

B. Training Losses of the VAD Network

We adopt a MIL ranking loss to train the VAD networks.
In addition, since our work employs co-teaching to train
two VAD models, in which one produces pseudo labels to
supervise the other in the next training round, we therefore also
adopt a cross-entropy loss when pseudo labels are available.
MIL Ranking Loss. The MIL ranking loss is extensively
adopted in previous methods [3]–[5] that formulate WS-
VAD as a multiple instance learning problem. Specifically, it
considers a video set V = {Vi}Ni=1, together with a video-
level label set Y = {Yi ∈ {0, 1}}Ni=1 indicating whether a
video is abnormal (Yi = 1) or not (Yi = 0). Each video
Vi contains Ni clips and each clip has F frames. The MIL-
based formulation treats each video as a bag and each clip as
an instance. Therefore, an abnormal video is a positive bag

Ba = {caj }
Ni
j=1 containing at least one abnormal clip, while

a normal video is a negative bag Bn = {cnj }
Ni
j=1 having no

abnormal instances.
Following [4], [5], we adopt a continuous sampling strategy

and a hinge-based MIL ranking loss to train our VAD network.
K subsets of clips are uniformly sampled from each video, and
each subset contains C consecutive clips, in which C is the
number of clips input to the VAD network. For each subset
k, our network predicts one anomaly score sk. MIL-based
methods assume that the highest anomaly score of subsets
from a positive bag is higher than that from a negative bag,
that is max

1≤k≤K
sak > max

1≤k≤K
snk . Then, given a positive bag and

a negative bag, we define a hinge-based ranking loss with
sparse regularization as follows:

LMIL(Ba,Bn) =

(
τ − max

1≤k≤K
sak + max

1≤k≤K
snk

)
+

+
α

K

K∑
k=1

sak,

(4)
where (·)+ denotes max(0, ·). The first term is to keep a
margin τ between positive and negative subsets, and the
second term is to regularize that only a few subsets contain
anomalies. α is a hyper-parameter to balance two terms.
Cross Entropy Loss. When clip-level pseudo labels are avail-
able (the way of generating pseudo labels will be introduced
in Fig. III-C), we treat WS-VAD as a supervised learning
problem and adopt the commonly used cross-entropy loss for
learning. Given the predicted anomaly score si of clip ci and
its pseudo label ỹi, the loss is defined as follows:

LCE(si, ỹi) = −ỹilog(si)− (1− ỹi)log(1− si). (5)

C. Long-Short Temporal Co-teaching

To deal with the varied duration of abnormal events, we
construct a short-term network (STN) and a long-term network
(LTN) for learning. The former takes a short sequence of clips



TABLE I
THE AUC (%) PERFORMANCE OF THE SHORT- AND LONG-TERM NETWORKS OBTAINED WITH RESPECT TO THE DIFFERENT NUMBER OF INPUT CLIPS. IN

EACH ENTRY, THE LEFT AUC IS OBTAINED BY STN, AND THE RIGHT ONE IS OBTAINED BY LTN.

STN
LTN 1 2 3 4 5 6 7

1 96.83/96.98 96.93/97.45 97.00/97.79 96.87/97.60 96.84/97.01 96.84/96.94 96.84/96.71
2 - 95.55/95.68 95.68/95.46 95.85/96.23 95.31/95.37 95.31/95.15 95.31/95.09
3 - - 96.49/96.54 96.54/96.41 96.54/96.08 96.54/95.66 96.54/95.74
4 - - - 96.04/96.07 96.52/96.27 96.26/95.82 96.07/95.25
5 - - - - 96.21/96.42 96.15/95.98 96.08/95.32
6 - - - - - 96.35/96.41 96.05/95.21
7 - - - - - - 95.83/95.92

as input, while the latter inputs a long clip sequence. The two
networks are alternatively trained via a co-teaching strategy.
In the first round, the STN model is initially trained using the
MIL loss LMIL since no clip-level pseudo labels are available.
Later on, once a network is trained, we generate pseudo labels
based on its predicted anomaly scores as follows:

ỹi =

{
si, if si > µ

0, if si ≤ µ or Yi = 0,
(6)

where µ is a threshold and Yi indicates the video-level label
of clip i. Then, the other network takes the pseudo labels for
supervision and uses the following loss for training:

L = LMIL + βLCE , (7)

where β is a hyper-parameter for balancing two losses.

D. Inference

During the test, we simply choose the model that performed
better on training sets as the final model for inference.

IV. EXPERIMENTS

A. Datasets and Evaluation Metrics

Datasets. We evaluate the proposed method on three public
datasets: ShanghaiTech [6], [23], UCF-Crime [3], and UB-
normal [24]. ShanghaiTech [23] consists of 437 videos with
130 abnormal events in 13 scenes. In the original dataset,
all training videos are normal. [6] reorganized the dataset by
selecting some abnormal testing videos into the training set for
WS-VAD. We follow this new split way in our experiments.
UCF-Crime [3] contains 1,900 untrimmed videos with 13
different types of anomalies, among which 1,610 videos are
for training and 290 videos are for the test. UBnormal [24]
is a new large-scale dataset synthesized by the Cinema4D
software. It consists of 543 videos with 22 types of anomalies
on 29 virtual scenes, including 268 videos for training, 64
videos for validation, and 211 videos for test. Since it has
a higher number of anomaly types occurring across a larger
set of scenes, this dataset is more challenging for anomaly
detection.

Evaluation Metrics. Following the common practice [4],
[5], we take the area under the curve (AUC) of the frame-
level receiver operating characteristics (ROC) for evaluation.
A higher AUC indicates better performance.

B. Implementation Details

In tubelet embedding, we use pre-trained C3D/I3D to extract
features for each tubelet, and both extractors are pre-trained
on Kinetics-400 [25] and directly used on ShanghaiTech and
UCF-Crime. Following [24], feature extractors are fine-tuned
for 20 epochs on UBnormal. Our transformer networks have 3
layers and the number of heads in MSA is 8. In MIL ranking
loss, K = 16 subsets of clips are sampled for each video
on ShanghaiTech and UBnormal, and K = 32 for UCF-
Crime because the videos in this dataset are much longer. The
number of tubelets per clip is set to 4 × 4, 3 × 3, and 5 × 5
for ShanghaiTech, UCF-Crime, and UBnormal respectively,
according to their video resolutions. The hyper-parameters
involved in losses are set as follows: α = 0.01 and β = 0.8.
The margin τ = 1, and the score threshold µ = 0.85. The
total number of rounds in co-teaching is R = 4. In addition,
our models are trained using the AdaGrad optimizer with a
batch size of 40, a learning rate of 0.0001 for the transformer
layers, and 0.01 for the anomaly regressor.

C. Ablation Studies

We first conduct a series of experiments to validate the ef-
fectiveness of the proposed method and analyze the impact of
critical hyper-parameters. All experiments in ablation studies
use the I3D-RGB feature encoder and one-crop setting.
The Impact of Input Clip Number. In the proposed method,
we input a different number of clips into the short- and long-
term networks to learn abnormal events with varying durations.
We hereby investigate the impact of the input clip number by
varying the number from 1 to 7 for STN and LTN. When the
clip number is 1, we adopt the continuous sampling strategy to
select T = 7 clips for each subset and get one anomaly score
for each subset via average pooling as in [4]. Fig. I presents
the corresponding results achieved on ShanghaiTech. Roughly
speaking, the performance first increases and then gradually
drops when the clip number goes up for both networks. The
best performance is obtained when the STN model takes one



Abnormal Video 06_0153 Vandalism028_x264 Shooting015_x264 abnormal_scene_20_scenario_4 abnormal_scene_26_scenario_1

Fig. 2. Visualization of anomaly scores predicted on ShanghaiTech (06 0153), UCF-Crime (Vandalism028 x264, Shooting015 x264) and UBnormal
(20 scenario 4, 26 scenario 1). The blue lines are predicted anomaly scores and the red regions indicate ground-truth events.

TABLE II
COMPARISON OF FRAME-LEVEL AUC PERFORMANCE WITH OTHER SOTA
METHODS. † INDICATES THIS RESULT IS REPORTED BY [4], [10] OR [24],

AND * INDICATES WE RE-TRAIN THIS METHOD USING OFFICIAL
IMPLEMENTATIONS. THE BEST RESULT IS BOLDED.

Method Feature Crop SHT UCF UBnormal

MIL [3] C3D-RGB one 86.30† 75.41 50.30†
MIL [3] I3D-RGB ten 85.33† 77.92† 62.05*
GCN [6] C3D-RGB ten 76.44 81.08 -
MIST [4] C3D-RGB one 93.13 81.40 59.57*
MIST [4] I3D-RGB one 94.83 82.30 68.21*

RTFM [10] C3D-RGB ten 91.51 83.28 64.74*
RTFM [10] I3D-RGB ten 97.21 84.30 69.41*

MSL [5] C3D-RGB one 94.23 82.85 -
MSL [5] C3D-RGB ten 94.81 - -
MSL [5] I3D-RGB one 95.45 85.30 -
MSL [5] I3D-RGB ten 96.08 - -
MSL [5] VS-RGB one 96.93 85.62 -
MSL [5] VS-RGB ten 97.32 - -

LSTC (This work) C3D-RGB one 95.47 83.10 65.26
LSTC (This work) C3D-RGB ten 96.56 83.47 66.28
LSTC (This work) I3D-RGB one 97.79 85.70 77.51
LSTC (This work) I3D-RGB ten 97.92 85.88 77.92

clip as input and the LTN model inputs three clips. Therefore,
we fix these numbers throughout all the following experiments
and adopt LTN for inference.
The Impact of the Co-teaching Strategy. The LTN model
and the STN model have been trained alternatively in each
round within the co-teaching strategy. We set the total number
of rounds to be 4, which is enough for our models to converge
on all datasets. To validate the effectiveness of the co-teaching
strategy, we compare the models trained via co-teaching
with the standalone models that are individually trained with

STN Standalone STN

LTN Standalone LTN

Fig. 3. The performance of standalone and co-trained models at different
rounds.

LMIL. Fig. 3 presents the performance of standalone models,
together with the performance of co-trained models in different
rounds on ShanghaiTech. The results show that both co-trained
models gradually improved in the first 3 rounds and then
degenerate in the last round due to the overfitting to noise.
The best models are obtained at round 3, in which LTN and
STN outperform their standalone counterparts by 1.25% and
0.16%, respectively, validating the effectiveness of the co-
teaching strategy.

D. Comparison to State-of-the-Art

We compare our method with state-of-the-art WS-VAD
methods in Table II. In experiments, both C3D-RGB and I3D-
RGB feature extractors, together with one-crop and ten-crop
data augmentations, are investigated.
Results on ShanghaiTech. Our method outperforms all previ-
ous methods when conducted in the same settings. Specifically,
our best performed model achieves 97.92% AUC, which is
0.6% higher than the second placed method (i.e. MSL). The
superior performance is achieved by both the fine-grained
transformer architecture and the co-teaching strategy. Note that
the MSL method with the VideoSwin-RGB (VS-RGB) feature
encoder also captures fine-grained features, but our method
still outperforms it by a considerable margin.
Results on UCF-Crime. With the I3D-RGB feature encoder
and one-crop augmentation, the proposed method achieves
85.70% AUC, higher than all other methods even if they
use a ten-crop or the more advanced VideoSwin-RGB (VS-
RGB) encoder. In addition, our best performed model achieves
85.88% AUC, which is 0.26% higher than the second placed
method (i.e. MSL).
Results on UBnormal. Since this dataset is released very
recently, we can not get the published performance for most
SOTA methods except those reported in [24]. Therefore we re-
train the recent methods if their codes are available and report
their performance. From the results, we see that the proposed
method outperforms all other methods by a great margin.

E. Qualitative Visualization

Predicted Anomaly Scores. Fig. 2 illustrates the predicted
anomaly scores for testing videos on three datasets. Var-
ious anomaly events across diverse scenes are presented.
As shown in the figure, the proposed method can de-
tect short- (e.g. Vandalism028 x264) and long-term (e.g.
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Fig. 4. Visualization of anomaly attention maps via the Attention Rollout
scheme [26] on ShanghaiTech (08 0157).

Shooting015 x264 and abnormal scene 26 scenario 1) ab-
normal events precisely. It can also detect multiple abnormal
events in one video (e.g. Vandalism028 x264 and abnor-
mal scene 20 scenario 4). Moreover, our method predicts
anomaly scores very close to 1 for most abnormal events and
very close to 0 for normal videos.
Anomaly Attention Maps. We visualize anomaly attention
maps via the Attention Rollout scheme [26], [27] in Fig. 4.
It can be observed that the STN and LTN models learned
by co-teaching attend to abnormal regions more accurately
than the standalone counterparts. Moreover, the STN model
focuses more on abnormal objects while the LTN model is
able to attend to the trajectory of abnormal motions. Such
complementary abilities help them to boost each other during
the co-teaching procedure.

V. CONCLUSION

In this work, we have presented a long-short temporal co-
teaching (LSTC) method to address the WS-VAD problem.
It constructs two tubelet-based spatio-temporal transformer
networks to learn from short- and long-term video clips
respectively. The two models are trained alternatively and iter-
atively via a co-teaching strategy. Benefiting from the tubelet-
based transformer architecture and the long-short temporal co-
teaching strategy, the proposed method is able to better deal
with subtle anomalies and anomalies with varying durations.
Experiments show that our method performs better than state-
of-the-art methods.
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