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ABSTRACT

Video prediction has always been a challenging task in video
representation learning due to the diversity of spatial-temporal
evolution in videos. In this paper, we propose an Attention
based SpatioTemporal Model for Video Prediction based on
3D Convolutional Neural Networks and Long Short-Term
Memory (LSTM), which is named ASTM. In our method, we
leverage both multi-term and short-term inter-frame dependen-
cies in temporal domain to capture reliable motion information
for videos. In particular, we design an Efficient Inter-Frame
Attention Gate (EIFAG) to efficiently aggregate the multi-term
inter-frame dependencies and integrate 3D convolutional op-
erations into the proposed model to further improve the local
perception to videos by capturing more accurate short-term
temporal dependency. In addition, we make use of the multi-
layer Spatiotemporal LSTM (PredRNN) structure to preserve
more spatial appearance details for videos. To evaluate the
adaptability of our model on more complex real scenes, we
collect a multi-level spatiotemporal (MLST) dataset. Exper-
imental results show that the proposed model can achieve
state-of-the-art performance on both widely used datasets and
the proposed MLST dataset.

Index Terms— Recurrent neural network, 3D convolu-
tional neural network, sequence learning, attention, long short-
term memory, video prediction.

1. INTRODUCTION

Video Prediction plays an important role in many video pro-
cessing applications such as video coding [1, 2], video classifi-
cation [3] and so on. However, learning a promising represen-
tation for videos is a very challenging task in machine learning

This work was supported in part by the National Natural Science Foun-
dation of China (62025101, 61961130392), PKU-Alibaba Fund, and High-
performance Computing Platform of Peking University, which are gratefully
acknowledged.

and computer vision tasks, for the fact that we need to consider
both the complex spatial frame appearance information and
the time-varying temporal frame dependency information in
videos.

In recent decades, deep learning technologies have shown
their great power in learning efficient features in many do-
mains, especially in computer vision and natural language
processing Motivated by this, recently, many learning-based
approaches have been proposed to solve the video prediction
problem, which can be roughly summarized into two cate-
gories: convolutional neural network (CNN) based methods
and recurrent neural network (RNN) based methods.

Most CNN-based methods for video prediction [4–7] only
utilize CNNs to learn spatial features for video inputs, and
output the next frame based on the learned spatial features.
Although CNNs have achieved satisfactory performance in
next-frame prediction task, they may not have enough ability
to extract promising temporal features for the whole video and
the performance in multi-frame prediction task is needed to be
improved. In addition, as the period of the predicted videos
increasing, the computation load increases dramatically, which
is unacceptable. To solve the above two problems in CNN-
based methods, RNN-based methods have been proposed for
video prediction for their advantages in precessing sequence
data and low computation load. In particular, RNN with the
Long Short-Term Memory architecture [8] (LSTM) may be
a potential solution to video prediction problem with more
promising performance due to its great power for capturing
long short-term temporal dependencies.

LSTMs have been used successfully to conduct a variety
of sequence learning tasks, such as machine translation [9],
speech recognition [10] and so on. Since videos can be treated
as a special kind of sequential data, in recent studies, LSTMs
have been applied on video prediction problem. Srivastava
et al. [11] extended the LSTM-based Seq2Seq model [12] in
language modeling to learn video representations (fully con-
nected LSTM: FC-LSTM). Shi et al. [13] extended FC-LSTM
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by applying convolutional operations to LSTMs to learn high-
level spatial representations, denoted as Conv-LSTM, which
has obtained obvious performance improvement for video pre-
diction. However, both of the LSTM-based video prediction
works only focus on modeling temporal variations (such as
the object moving trajectories) and ignored the spatial appear-
ance of video frames (such as the perceptual quality for each
reconstructed video frame). In [14], spatial deformations and
temporal dynamics have been proved equally significant for
video prediction, and a new LSTM structure named Spatiotem-
poral LSTM (PredRNN) was proposed to learn more robust
video representations. Wang et al. [15] improved PredRNN by
solving the gradient propagation difficulties in deep predictive
models (PredRNN++). Although PredRNN++ has achieved
more promising results with good perceptual quality for each
frame in spatial domain, the performance in predicting videos
with longer temporal period is still not satisfactory. To predict
longer video sequences, the Eidetic 3D LSTM (E3D-LSTM)
approach has been proposed in [16], which jointly leveraged
the short-term as well as the long-term frame dependencies
in videos by applying 3D convolutions to capture better short-
term frame dependency and designing a new RECALL gate
into PredRNN to capture the long-term temporal dependency.
However, as the period of the video sequences to be predicted
increasing, the visual quality dramatically degrade and the
computation load is high. To reduce the computation load, Yu
et al. [17] built a Conditionally Reversible Network (CrevNet)
and have achieved satisfactory results in next-frame prediction
task, however, the quality degradation problem in multi-frame
prediction task is still needed to be solved. To generate satis-
factory results in multi-frame prediction task, Jin et al. [18]
utilized multi-frequency information of videos to predict video
frames with fine details. However, the computation load is still
prohibitively high.

To solve the quality degradation problem in multi-
prediction task with an acceptable computation load, we pro-
pose an Attention based SpatioTemporal Model (ASTM) for
Video prediction by leveraging 3D Convolutional Neural Net-
works and Long Short-Term Memory (LSTM). In particular,
we design an Efficient Inter-Frame Attention Gate (EIFAG) to
aggregate the multi-term inter-frame dependencies efficiently
and utilize 3D convolution operations (Conv3D) to capture
more accurate short-term inter-frame dependency. In this way,
more reliable motion information can be captured with an
acceptable computation load. In addition, we utilize the multi-
layer PredRNN structure to extract efficient features in spatial
domain to improve the perceptual quality of each predicted
video frame. To further evaluate the proposed method on more
real scenes, we collect a multi-level spatiotemporal (MLST)
dataset from YouTube. Experimental results show that the
proposed model can achieve state-of-the-art performance on
widely used datasets and the MLST dataset.
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Fig. 1. The SpatioTemporal Recurrent Neural Networks with
ASTM. The blue flows denote the appearance information in
spatial domain. The gray flows denote the multi-term inter-
frame dependencies in temporal domain. The black flows
denote the hidden state information.

2. PROPOSED MODEL

In this section, we detailedly introduce the proposed model
(ASTM) in capturing both multi-term and short-term inter-
frame dependencies in temporal domain as well as learning
efficient appearance features in spatial domain for video pre-
diction. The architecture of the proposed model is illustrated
in Fig. 1, where a muti-layer Spatiotemporal Recurrent Neural
Network is constructed on the basis of ASTM. The blue flows
denote memories M in spatial domain which learn efficient
appearance representations video frames. The gray flows de-
note the multi-term inter-frame dependencies C in temporal
domain. For each time step, a video clip consisting of a few
number of frames will be fed into a single 3D convolutional
encoder to extract deep features. Then the deep features will
be fed into the corresponding ASTM. Finally, a single 3D
convolutional layer is used as the decoder to map the output
hidden state to the predicted frame.

2.1. The proposed Attention-based Spatiotemporal Model:
ASTM

The detailed structure of the proposed ASTM is illustrated in
Fig. 2. There are 4 inputs for the ASTM at time step t (0 ≤
t < T ) in layer k (1 ≤ k ≤ N): Xt, the encoded features
or hidden states from the previous ASTM layer, i.e., Hk−1

t ;
Hk
t−1, the hidden state from the previous time step; Ckt−τ :t−1,

the multi-term inter-frame dependencies from previous τ time
steps;Mk−1

t , the spatial appearance features from the previous
ASTM layer. In our method, we jointly leverage temporal

2
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Fig. 2. The overall structure of ASTM.

dependency among video frames and spatial appearance of
each frame to learn promising video representations for video
prediction. Herein, we jointly utilize both short-term and multi-
term inter-frame dependencies to represent the video temporal
dependency. In particular, for short-term frame dependency,
3D convolutional operations are utilized to model the state-to-
state transitions in ASTMs to improve the local perceptions of
the memory cells. These 3D convolutional operations can be
formulated as follows,

Xt =

{
Encoder(vt−L+1:t), k = 1

Hk−1
t , otherwise

It = σ(Wxi ∗Xt +Whi ∗Hk
t−1 + bi),

Gt = tanh(Wxg ∗Xt +Whg ∗Hk
t−1 + bg),

Ft = σ(Wxf ∗Xt +Whf ∗Hk
t−1 + bf ), (1)

where vt−L+1:t denotes the video clip input at time step t
and L denotes the temporal length of the video clip input.
Encoder(·) denotes the 3D convolutional encoder. σ(·) is the
sigmoid function and ∗ represents the 3D convolutional oper-
ation. It is the temporal input gate, Gt is the temporal input
modulation gate and Ft is the temporal forget gate. W denotes
parameters of the integrated 3D convolutional operations and
b is the bias variable. To efficiently aggregate multi-term inter-
frame dependencies in temporal domain, we design an Efficient
Inter-Frame Attention Gate (EIFAG) to keep more temporal
information from previous temporal memories, which will be
introduced in section 2.2 in detail. By jointly utilizing both
short-term and multi-term inter-frame dependencies, the pro-
posed model can capture more reliable motion information for
video prediction. The aggregated inter-frame dependency Ckt
based on the proposed method can be computed as follows,

Ckt = It �Gt + Ft � Tt, (2)

where � is the Hadamard product. The first term It � Gt
denotes the encoded temporal information of current video

EIFAG

IFA-Map

IFA-Map

IFA-Map

k
t :t 1C -t - tX

tF

tT

k
t 1H
-

Fig. 3. The structure of the proposed Efficient Inter-Frame
Attention Gate (EIFAG).

clip input. The second term Ft � Tt denotes the preserved
inter-frame dependency from previous time τ time steps. In
particular, Tt denotes the aggregated multi-term inter-frame
dependency in temporal domain and is defined as follows,

Tt = EIFAG(Ckt−τ :t−1, Ft). (3)

Tt consists of two terms, where the first term denotes the multi-
term inter-frame dependencies and the second term denotes
the temporal forget gate which can represent the current input.
By aggregate both terms with the proposed EIFAG, the most
relative temporal information to current input can be efficiently
extracted from previous τ time steps. The overall structure for
temporal information acquisition is shown as the gray module
in Fig. 2. To learn efficient features in representing spatial
appearance of each frame, we utilize the multi-layer PredRNN
structure, and the spatial state-to-state transitions are described
in detail as follows:

it = σ(wxi ∗Xt + wmi ∗Mk−1
t + b′i),

gt = tanh(wxg ∗Xt + wmg ∗Mk−1
t + b′g),

ft = σ(wxf ∗Xt + wmf ∗Mk−1
t + b′f ),

Mk
t = Mk−1

t � ft + it � gt. (4)

The proposed spatial information Mk
t is computed with two

terms as traditional LSTMs, and the overall structure for spatial
information acquisition is illustrated as the blue module in
Fig. 2. The first term Mk−1

t � ft denotes the preserved
spatial appearance information, where ft denotes the spatial
forget gate. The second term it � gt denotes the encoded
spatial appearance information, where it denotes the spatial
input gate and gt denotes the spatial input modulation gate.
w represents parameters of the integrated 3D convolutional
operations and b′ is the bias variable. By jointly utilizing the
proposed temporal dependency Ckt and spatial features Mk

t ,
we can get the final output and hidden state for current time

3
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step:

Okt = σ(Wxo ∗Xt +Who ∗Hk
t−1

+Wmo ∗Mk
t +Wco ∗ Ckt + bo),

Hk
t = Okt � tanh(W1×1×1 ∗ [Ckt ,Mk

t ]), (5)

where Okt denotes the spatiotemporal output gate and Hk
t

denotes the final hidden state, which are shown as the orange
module in Fig. 1. By applying a single 3D convolutional
decoder at the end of the model, the predicted video clips at
time step t can be retained:

v̂t+1 = Decoder(HN
t ), (6)

where v̂t+1 denotes the predicted frame at time step t, and N
denotes the total number of ASTM layers.

2.2. Efficient Inter-Frame Attention Gate (EIFAG)

To aggregate the multi-term inter-frame dependencies in tem-
poral domain with an acceptable computation load, we design
an Efficient Inter-frame Attention Gate (EIFAG), which is par-
tially motivated by the attention based machine translation
scheme for long sequences in [19]. The detailed structure of
EIFAG is illustrated in Fig. 3.

In traditional LSTMs, the forget gate Ft is actually a fea-
ture map with values ranging from 0 to 1. The feature map
reflects the percentage of the preserved information from cur-
rent inputs. While applying Hadamard product to Ft and the
previous temporal memory Ckt−1, the LSTMs can selectively
preserve the most useful information from the previous tempo-
ral memory Ckt−1. However, when the sequences are too long,
the LSTMs need to remember more information from more
previous temporal memories, i.e., Ckt−τ :t−1 instead of merely
Ckt−1, to predict a more reliable future. Thus, we define an
Inter-frame Attention Map (IFA-Map) operation for EIFAG,
which can reflect the correlations between two memory states
from different time steps. By applying IFA-Map operation
to Ft and the multiple previous temporal memories Ckt−τ :t−1
respectively, we can get a new multi-forget gate with the same
shape as Ckt−τ :t−1. By jointly utilizing the multi-forget gate
and the previous temporal memory Ckt−1, we can obtain the
aggregated multi-term inter-frame dependency Tt, which can
reflect the most relevant temporal information to current input.
The EIFAG calculation can be formulated as follows,

Tt =

τ∑
i=1

(IFA-Map(Ckt−i, Ft)� Ckt−i), (7)

where IFA-Map(·) is a combination of Hadamard product and
softmax function, as shown in Eq.(8).

IFA-Map(Ckt−i, Ft) =
eC

k
t−i�Ft∑τ

i=1(e
Ck

t−i�Ft)
. (8)

Inputs

ASTM
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Ground Truth

Conv-LSTM

PredRNN

PredRNN++

ASTM

E3D-LSTM

Ground Truth

Conv-LSTM

PredRNN

PredRNN++

Fig. 4. Comparisons of the generated examles on the Moving
MNIST test set (10 frames→ 10 frames).

3. EXPERIMENTS

In this section, we evaluate the proposed model in three
datasets, the Moving MNIST dataset [11], the KTH action
dataset [20] and the proposed MLST dataset. We set τ = 5
in our experiments and optimize our model with MSE loss
using ADAM optimizer. All experiments are conducted using
Pytorch and the source code will be released to the public. We
stack 4 ASTMs in our model and the integrated 3D convo-
lutional operators are set with a kernel size 3 × 5 × 5 (time,
height, width), and the stride is set to 1 for each dimension.
The number of hidden state channels for each ASTM is 64.

3.1. Moving MNIST dataset

We first use the Moving MNIST dataset generated in [11]
to evaluate the baseline performance of our model. Each
Moving MNIST sequence consists of 20 frames with 64 × 64
pixels. We use 10,000 sequences for training, and 3,000 for
testing, in particular we use 10 frames to predict the next 10
frames. In Fig. 4, we illustrate the visual results of predicted
videos from the proposed method and other state-of-the-art
methods. We can see that our method obviously outperforms
the state-of-the-art methods in visual quality with more clear
digits. In particular, the digit boundaries of the last three
predicted frames become blurry in other methods while our
model can still predict visually pleasant results. Table 1 shows
quantitative results of the proposed method and other state-of-
the-art methods, where we use MSE (Mean Square Error) and
SSIM (Structural Similarity) [21] score to measure the visual
quality of the predicted results. As shown in Table 1, ASTM
significantly outperforms others in SSIM and MSE score and
the GPU memory usage is lower than most of the methods,
which indicates the proposed methods can predict multiple
high-quality frames with an acceptable computation load.
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Table 1. Quantitative results of different methods on the Mov-
ing MNIST test set. Lower MSE score, and higher SSIM
scores indicate better prediction results. The results of the
compared methods are reported in [17].

Moving MNIST

Method SSIM MSE Memory
(10−4) (1 sample)

Conv-LSTM [13] 0.707 103.3 -
FRNN [22] 0.819 68.4 717MB
VPN [23] 0.870 70.0 5206MB
PredRNN [14] 0.869 56.8 -
PredRNN++ [15] 0.898 46.5 -
E3D-LSTM [16] 0.910 41.3 2695MB
CrevNet + ConvLSTM [17] 0.928 38.5 130MB
ASTM 0.944 37.2 225MB

Inputs Ground Truth

SAVP-VAE

PredRNN++

E3D-LSTM

ASTM

Fig. 5. Comparisons of the generated examples on the KTH
action test set (10 frames→ 40 frames).

3.2. KTH action dataset and MLST dataset

The KTH action dataset contains 25 individuals performing 6
types of actions, including walking, jogging, running, boxing,
hand waving and hand clapping. On average, each video clip
lasts 4 seconds. We follow the experiment settings in [14]
and each frame is resized to 128 × 128 pixels. We train the
proposed model to predict the next 10 frames with 10 frames
as the input. While testing, the period of the predicted videos
is extended to 20 and 40. To evaluate the proposed model
on more complex real video data, we also collect a multi-
level spatiotemporal (MLST) dataset from Youtube with a
resolution 240×320. The MLST dataset contains diverse kinds
of videos in order to approximate the real environment, which
can be divided into 9 categories based on the spatiotemporal
complexity in videos and each frame is resized to 256× 256
pixels. We retrained the state-of-the-art models, including
Conv-LSTM [13], PredRNN [14], PredRNN++ [15] and E3D-
LSTM [16], on the proposed MLST dataset using the official
code. All models are trained to predict the next 20 frames with
10 successive frames as the input.

Fig. 5 and Fig. 6 show the qualitative results of ASTM and
other state-of-the-art methods, where the proposed method sig-
nificantly outperforms others and generates the most realistic

Inputs Ground Truth

Conv-LSTM

E3D-LSTM

ASTM

Fig. 6. Comparisons of the generated examles on the MLST
test set (10 frames→ 20 frames).

results on both datasets. Table 2 shows quantitative results of
the proposed model and the compared methods, where ASTM
achieves the best quantitative results compared to state-of-the-
art methods.

Table 2. Quantitative results of different methods on the
KTH action and MLST test set. Higher PSNR and higher
SSIM scores indicate better prediction results. The results of
the compared methods are reported in [24].

Method
KTH MLST

10→ 20 10→ 40 10→ 20
SSIM PSNR SSIM PSNR PSNR

ConvLSTM [13] 0.712 23.58 0.639 22.85 21.35
FRNN [22] 0.771 26.12 0.678 23.77 -
PredRNN [14] 0.839 27.55 0.703 24.16 22.90
PredRNN++ [15] 0.865 28.47 0.741 25.21 23.16
SAVP-VAE [6] 0.852 27.77 0.811 26.18 -
E3D-LSTM [16] 0.879 29.31 0.810 27.24 23.37
Jin et al. [18] 0.893 29.85 0.851 27.56 -
ASTM 0.908 30.02 0.865 28.12 24.73

Table 3. Ablation Study for ASTM.

Method
Moving MNIST KTH action MLST

10→ 10 10→ 40 10→ 20
MSE(10−4) SSIM PSNR SSIM PSNR

Basic Model 45.4 0.905 25.58 0.789 23.21
ASTM 36.2 0.936 28.12 0.865 24.73

3.3. Ablation Study

To evaluate the efficiency of the proposed Efficient Inter-Frame
Attention Gate (EIFAG) in ASTM, we conduct a series of abla-
tion studies. We evaluate the performance compared with the
basic model (ASTM w/o EIFAG) and summarize the quantita-
tive results in Table 3. As shown in Table 3, ASTM obviously
outperforms the basic model, indicating the proposed EIFAG
can help ASTM to learn a more promising spatiotemporal
representation for videos.
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4. CONCLUSION

In this paper, we proposed an Attention based SpatioTemporal
Model (ASTM) for video prediction. In our method, we jointly
utilized temporal and spatial information to learn efficient spa-
tiotemporal representations for videos. We first designed an Ef-
ficient Inter-frame Attention-based Gate (EIFAG) to aggregate
the multi-term inter-frame dependencies in temporal domain
with an acceptable computation load, and then utilized 3D con-
volutional operations to capture better short-term inter-frame
dependency. By further leveraging multi-layer PredRNN struc-
ture, efficient spatial appearance information of each video
frame can be learned. Experimental results show that the
proposed methods outperforms diverse state-of-the-arts in all
datasets.
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