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ABSTRACT

Videos are typically encoded to low-dimensional features
to save computation resources for video prediction models.
However, the unacceptable information loss while encoding
is restricting the performance of the predictive models. To
solve this problem, in this paper, we propose an Information-
Preserving Spatiotemporal Predictive Model for video pre-
diction, denoted as IPRNN. In our method, we apply multiple
skip-connections between the corresponding layers between
the encoders and decoders. In this way, more useful infor-
mation from the encoders can be recalled by the decoders to
achieve a more satisfactory performance. Moreover, to fur-
ther save the computation resources for predictive models, we
design a spatiotemporal gated recurrent unit (STGRU), which
can efficiently capture the spatial appearance information and
temporal motion information for videos. Experimental results
show that the proposed method can obtain better performance
compared with other state-of-the-art methods.

Index Terms— RNN, information-preserving model,
STGRU, video prediction.

1. INTRODUCTION

Video prediction is an important research area in represen-
tation learning, which can extract meaningful spatiotemporal
features for natural videos. A diversity of video processing
applications can benefit a lot from video prediction, such as
video coding [1], video classification [2], object detection [3],
precipitation nowcasting [4] and so on. However, the vari-
able temporal motion information and the complex spatial ap-
pearance information in videos make video prediction a very
challenging problem. Fortunately, in recent decades, deep
learning technologies have achieved great success in learn-
ing deep features for multimedia data, motivated by which,
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Fig. 1. Generated examples from different methods on Mov-
ing MNIST dataset.

the learning-based methods have been applied for video pre-
diction and some satisfactory results have been obtained.

Among all the learning-based methods for video predic-
tion, the recurrent neural network (RNN) based methods can
be the most powerful one due to their advantages in mod-
eling sequential data. Ranzato et al. [5] first attempted to
model video representations using RNNs and proposed a
baseline for generative models of natural videos. To improve
the RNN structure in [5], Srivastava et al. [4] integrated the
Long Short-Term Memory (LSTM) [6] structure into RNNs
to capture both long-term and short-term dependencies in
videos, denoted as FC-LSTM. To further improve the abil-
ity in visual perceptions, Shi et al. [7] extended FC-LSTM
with convolution operations, denoted as ConvLSTM, for
precipitation nowcasting and obtained good performance.
Moreover, Ballas et al. proposed a convolutional gated recur-
rent unit (ConvGRU) for lower computation load and similar
performance has been achieved compared with ConvLSTM.
However, in the above works, only the temporal state (mo-
tion information) can be transited between memories and the
spatial state (appearance information) are also needed to be
considered for better visual quality. To solve this problem,
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Wang et al. [8] extended ConvLSTM with a spatial module
for spatial state transitions (PredRNN) and some satisfac-
tory results have been generated. In [9], PredRNN++ was
proposed to improve PredRNN by solving the gradient prop-
agation difficulty in deep predictive models. And to enhance
the abilities in capturing short-term dependencies for Pre-
dRNN, E3D-LSTM was proposed in [2] by integrating 3D
convolutional operations into the predictive memories.

However, the predictive memories utilized in above mod-
els are computation-expensive, preventing their practicality
into real scenarios. Besides, all of the above work merely
focused on improving the ability of the predictive memories
in modeling spatiotemporal representations for videos. The
information loss problem during extracting features has not
been explored yet, which is an important component in video
prediction systems. To solve this problem, Yu et al. [3] pro-
posed a conditionally reversible network (CrevNet) that uses
reversible architectures for information protection and Jin et
al. [10] employed additional high-frequency information for
better prediction. However, in above works, the encoded in-
formation can only be indirectly utilized by decoders through
predictive memories and more direct interactions between en-
coders and decoders are needed to be organized.

To solve the above problems, we proposed an information-
preserving model (IPRNN) for video prediction. In our
method, decoders can directly interact with encoders using
multiple skip-connections. By recalling the encoded in-
formation from the encoders, more reliable results can be
decoded by the decoders. Besides, to reduce the computa-
tion load and improve the ability to model spatiotemporal
representations, we design a spatiotemporal gated recurrent
unit (STGRU), which can efficiently model both the temporal
and spatial states. Experimental results show that the IPRNN
can achieve state-of-the-art performance compared with other
latest methods, as shown in Fig. 1.

2. METHOD

In this section, we will introduce the detailed structure of the
proposed information-preserving model (IPRNN).

2.1. The Information-Preserving Model: IPRNN

As shown in Fig. 2(a), for each time step, the IPRNN will
predict the future frame v̂t+1 with the current frame vt as the
input. In particular, the blue flows in Fig. 2(a) denote the
spatial state S and the orange flows denote the temporal state
T . The whole prediction procedures can be represented as
follows,

(S0
t , Efeatures) = E(vt),

(SN
t , T

N
t ) = STGRUs(S0

t , T
1:N
t ),

STt = W1×1×1 ∗ [TN
t , S

N
t ],

v̂t+1 = D(STt, Efeatures), (1)

where STGRUs denote the proposed spatiotemporal gated
recurrent units, which will be introduced in section 2.2.
Sk
t , T

k
t denote the predicted spatial and temporal states from

the STGRU at time step t, layer k, where 0 ≤ t < tmax,
1 ≤ k ≤ N . STt denotes the merged spatiotemporal infor-
mation. Efeatures denotes the recalled features from encoder
E(·) for decoder D(·).

In particular, different from most of the previous works,
we add multiple skip-connections between the corresponding
layers of encoders and decoders, as shown in Fig. 2.2(b). In
this way, the decoder can directly interact with the encoder
and recall the most meaningful information to predict the fu-
ture.

2.2. The Spatiotemporal Gated Recurrent Unit: STGRU

Compared with LSTMs, the gated recurrent units (GRUs)
[11] are computation-cheaper with similar performance, mo-
tivated by which, we extend the ConvGRU [12] with an
additional spatial state and the new memory is denoted as
spatiotemporal GRU (STGRU). There are only two inputs for
each STGRU: the temporal state T k

t−1 from the previous time
step t − 1; The spatial state Sk−1

t from the previous layer
k − 1. Each STGRU merely contains two gates, the update
gate Ut and the reset gate Rt, which can be represented as
follows,

Ut = σ(Wsz ∗ Sk−1
t +Wtz ∗ T k

t−1),

Rt = σ(Wsr ∗ Sk−1
t +Wtr ∗ T k

t−1), (2)

where the update gate Ut is utilized to update current states
on the basis of previous states and the reset gate Rt is utilized
to merge both the current spatial and temporal states. The
concrete transitions can be expressed as follows,

Ck
t = tanh(Wtc ∗ T k

t−1 +Rt � (Wsc ∗ Sk−1
t )),

Mk
t = tanh(Wsm ∗ Sk−1

t +Rt � (Wtm ∗ T k
t−1)),

T k
t = (1− Ut)� Ck

t + Ut � T k
t−1,

Sk
t = (1− Ut)�Mk

t + Ut � Sk−1
t , (3)

whereCk
t denotes the reset temporal state andMk

t denotes the
reset spatial state. W denotes the parameters of the convolu-
tion operations and � denotes the hadamard product. In par-
ticular, the predicted temporal and spatial states T k

t , S
k
t con-

sist of two terms respectively, where the first term denotes the
predicted spatiotemporal information for the next time step
and the second term denotes the preserved spatiotemporal in-
formation from the current input.

Different from most of the predictive memories, such as
ConvLSTM [7], ST-LSTM [8], E3D-LSTM [2] and so on,
which is computation expensive, the proposed STGRU is
more efficient with less parameters. Besides, in STGRUs,
the temporal and spatial states are transited between different
memories independently without being merged to a single
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(c): The structure of spatiotemporal GRU.(a): The structure of IPRNN. (b): The interactions between encoder and decoder.
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Fig. 2. The structure of the proposed information-preserving model.

hidden state, as shown in Fig. 2(c), which is more efficient
and lots of computation resources can be saved.

3. EXPERIMENTS

In this section, we first evaluate the baseline performance on
the Moving MNIST dataset [4], which has been widely used
in other works. Then the KITTI [13] and Caltech Pedes-
trian [14] datasets are utilized to evaluate the models on real
scenarios. We stack 4 STGRUs to IPRNN and the kernel size
for each integrated convolutional operation is 5× 5. And the
stride for each dimension is 1. The hidden states for each
STGRU are set with 64 channels. The proposed model is im-
plemented using pytorch, optimized with Adam optimizer us-
ing MSE loss function. The source code will be made to the
public soon.

3.1. Moving MNSIT

The Moving MNIST dataset is generated in [4] by Srivastava
et al. and each sequence consists of 20 successive frames with
64 × 64 pixels. Each frame contains two randomly placed
handwritten digits. 10000 sequences are used for training and
3000 for testing. All models are trained and tested to predict
the last 10 frames conditioned on the first 10 input frames.

Fig. 1 shows the visual results generated from different
methods. In the last 2 time steps, the proposed method can
still predict satisfactory digits while others merely generate
some blurry predictions. We employ the MSE (mean square
error) and SSIM (structural similarity) scores to indicate the
quantitative results between different methods, which is sum-
marized in Table 1. The proposed IPRNN has achieved the
best MSE and SSIM scores among all the methods.

Besides, we also summarize the GPU memory usage and
the training time of different methods to evaluate the model
efficiency in Table 1, where the proposed IPRNN can use the
least GPU memory to predict the best results with the least
training time. The qualitative and quantitative results have

Table 1. Quantitative results of different methods on the
Moving MNIST dataset (10 frames → 10 frames). Lower
MSE score, and higher SSIM scores indicate better predic-
tion results. Lower GPU memory usage (1 sample) and train-
ing time (50 iterations, batch size=16) indicate higher model
efficiency. The results of the compared methods are reported
in [3].

Moving MNIST

Method SSIM MSE Memory Training
(frame) (1 sample) Time

Conv-LSTM [7] 0.707 103.3 801MB 15s
FRNN [15] 0.819 68.4 910MB 23s
VPN [16] 0.870 70.0 5206MB 102s
PredRNN [8] 0.869 56.8 926MB 24s
PredRNN++ [9] 0.898 46.5 1345MB 33s
E3D-LSTM [2] 0.910 41.3 2695MB 67s
CrevNet [3] 0.949 22.3 883MB 20s
IPRNN 0.965 9.80 782MB 14s

indicated that the proposed IPRNN can achieve state-of-the-
art performance with a satisfactory computation load.

3.2. KITTI and Caltech Pedestrian

To evaluate the proposed model in real scenarios, we employ
two car-mounted camera video datasets, KITTI and Caltech
Pedestrian datasets. We sequentially sample 20 successive
frames with a stride of 1 on both datasets. In particular, the
frame rate of the Caltech Pedestrian dataset is adjusted to 10
fps. Each frame in both datasets is cropped and resized to
128 × 160 pixels. The proposed model is trained on KITTI
dataset and tested on Caltech Pedestrian dataset. The training
set consists of 32373 sequences and the testing set consists of
7725 sequences. The proposed model is trained to predict the
next frame conditioned on the first 10 frames and the predic-
tion period is extended to 10 in the testing stage.

Fig. 3 shows the visual results from different methods.
In the first example, the proposed IPRNN has generated the
clearest word “STOP” on the road. In the second example,
the proposed method can correctly predict the position of the
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Fig. 3. Generated examples from different methods on Caltech Pedestrian dataset.

Table 2. Quantitative results of different methods on the Cal-
tech Pedestrian dataset (10 frames→ 1 frame). Lower MSE
score, and higher SSIM scores indicate better prediction re-
sults. The results of the compared methods are reported in [3].

Caltech Pedestrian
Method MSE (×10−3) SSIM PSNR
BeyondMSE [17] 3.42 0.847 -
MCnet [18] 2.50 0.879 -
PredNet [19] 2.42 0.905 26.5
ContextVP [20] 1.94 0.921 27.6
Kwon et al. [21] 1.61 0.919 28.7
CrevNet [3] - 0.925 29.2
Jin et al. [10] - 0.927 29.3
IPRNN 0.97 0.955 31.0

shadows while the other can only generate some blurry re-
sults. In Table 2, the IPRNN has achieved the best quantita-
tive results on all three scores.

3.3. Ablation Study

In this section, a series of ablation studies are conducted to
evaluate the proposed submodules in the proposed IPRNN
and the results are summarized in Table 3. IPRNN outper-
forms IPRNN w/o SCs, indicating the recalling scheme de-
signed for the decoder is meaningful. In addition, we com-
pare the performance of STGRU with the other five popular
predictive memories, and for fair comparision, we leave out

Table 3. Ablation study. IPRNN w/o SCs denotes the IPRNN
without skip-connections between encoder and decoder.

Ablation Study

Method
Moving MNIST

10→ 10
SSIM MSE/frame

ConvLSTM 0.707 103.3
PredRNN (ST-LSTM) 0.869 56.8
PredRNN++ (Causal LSTM) 0.898 46.5
E3D-LSTM 0.910 41.3
CrevNet (RPM) 0.928 38.5
IPRNN w/o SCs (STGRU) 0.950 12.8
IPRNN 0.965 9.8

the skip-connections in IPRNN. As shown in Table 3, STGRU
obviously outperforms other popular memories with better
scores.

4. CONCLUSION

In this paper, we proposed an Information-Preserving Spa-
tiotemporal Predictive Model (IPRNN) for video prediction.
In our method, we added multiple skip-connections between
the corresponding layers of encoders and decoders to recon-
struct better visual details. And a novel spatiotemporal GRU
was proposed for more reliable spatiotemporal representa-
tions and lower computation load. The proposed method can
significantly outperform other popular methods.
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Gülçehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio, “Learning phrase repre-
sentations using rnn encoder-decoder for statistical ma-
chine translation,” in EMNLP, 2014.

[12] Nicolas Ballas, Li Yao, Chris Pal, and Aaron C
Courville, “Delving deeper into convolutional networks
for learning video representations.,” in International
Conference on Learning Representations, 2016.

[13] Andreas Geiger, Philip Lenz, Christoph Stiller, and
Raquel Urtasun, “Vision meets robotics: The kitti
dataset,” The International Journal of Robotics Re-
search, vol. 32, no. 11, pp. 1231–1237, 2013.

[14] Piotr Dollár, Christian Wojek, Bernt Schiele, and Pietro
Perona, “Pedestrian detection: A benchmark,” in IEEE
Conference on Computer Vision and Pattern Recogni-
tion, 2009, pp. 304–311.

[15] Marc Oliu, Javier Selva, and Sergio Escalera, “Folded
recurrent neural networks for future video prediction,”
in The European Conference on Computer Vision, 2018,
pp. 716–731.
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