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Introduction

Inpainting spatio-temporal sequences is an active research topic that relies heav-
ily on supervision with large datasets. In this work, we consider the problem of
reconstructing missing information with an unsupervised learning approach. Fol-
lowing the work of Kim et al. [4] we train a generative model on the occluded se-
quences. We ensure that the models captured both frame-based and sequential-
based information. Our proposed model is adapted to large-scale images and can
be used to different types of sequences and occlusion processes. Code available
at: https://github.com/raoufkeskes/Unsupervised-Spatiotemporal-Data-Inpainting

Problem Setting

let x, y ∈ RC×T×H×W be the true unknown and the occluded sequences respec-
tively. We want to find x∗ such that:

x∗ = arg maxx log pX|Y (x|y) = arg maxx log pX(x) + log pY |X(y|x) (1)

Where pX(x) is the unknown prior and pY |X(y|x) is the likelihood.

• Prior handling:

Let G be the following mapping G : Y → X. To maximize the likeli-
hood, we want G(y) = x̂ to be close to pX . We will handle this by generative
adversial network approach (GAN) for both frames and sequences.
let ŷ = F (x̂, m̂) where m̂ ∼ PM is a random occlusion process generated
from pM and F is a masking operator. We want to find G∗ such that:

G∗ = argmin
G

L(G) = max
Df,Ds

E
y∼pY ,ŷ∼pGY

[log Ds(y) + log(1 − Ds(ŷ)+

1

T

∑
t=1

T log Df (yt) + log(1 − Df (ŷt)]
(2)

where Ds and Df are sequence and frame discriminators.

• Likelihood handling:

To maximize the likelihood Ey∼pY pY |X(y|G(y)) we simply force our genera-
tor to only generates missing values and leave the others intact.

G(y) = Gold(y)� m̄ + y �m (3)

Where Gold is the output of the generator before masking out the true values.

Datasets

The paper tackled two types of spatio temporal data :

• Geophysical data: Where we had only one dataset called SST(The Sea
Surface Temperature) with a specific type of occlusion simulating Clouds

• Natural Videos: where we used 3 benchmark video datasets :

1. FaceForensics++ : This dataset contains 1000 videos of non-occluded
face movements on a static background [5], we apply face recognition to
extract faces [2]

2. KTH : A human action dataset containing 2391 video clips of 6 human
actions

3. BAIR Robot Pushing Dataset : This dataset contains 44374 videos
recorded by an one-armed robot.

The occlusions used for this type of data are : Raindrops(simulating rain),
MovingBar(Simulating an obstacle) and RemovePixels(simulating noise)

Model

This section details The architecture of the networks used in this paper.

Generator : As mentioned in the paper, we went with a ResNet-type self-attention network,
composed of several 3D ResNet blocks followed with a spatial Self-Attention Layer. The
self-Attention layer is added to help both generator and discriminator to better model the
relationships between spatial regions [7].

When working with GANs, we usually map an input noise variable to the desired data
space (say images).In other words, the generator is formulated as the stacked of deconvo-
lution layers that transfer few features to complex examples. In ResNet-type architecture,
the input corresponds to video sequences (masked ones in our case) that we pass through
an encoder to extract features and then a decoder for reconstruction.

Discriminator : Traditional adversarial training processes uses only a sequence discrimina-
tor i.e it treats the entire sequence. An alternative suggests introducing another on-frames
discriminator dealing with frames individually.

We use a PatchGAN discriminator, rather than a traditional discriminator that returns
a single value over the whole frame (analogously sequence), it penalizes structure at the
scale of patches where it tries to classify if each N x N patch of frame (resp sequence)
is real or fake. We run this discriminator convolutionally across frames (resp sequences),
we may work with the output as an array of values or averaging all responses to provide a
single output.

Fig. 1: Model Architecture

Results

Fig. 2: Samples from test sets. SST data (a) are masked with Cloud, natural video datasets (b,c,d)are masked with Remove-Pixel

and Raindrops. Each sample from top row to bottom: observed y, and recovered x̃

Supervised variants

• Paired variant : We assume that we have access to corrupted-uncorrupted
pairs (y, x) from the joint distribution

• Unpaired variant : We assume that we have access to unpaired samples
where y is sampled from PY and x is sampled from PX , and then we con-
struct our corrupted-uncorrupted pair (y, x)

Evaluation metrics

We evaluate the performance of the generator by how visually pleasant are the
results. Different metrics have been proposed in the community. But, we use
as main performance measure of the generated frames Fréchet Inception Dis-
tance (FID) [3], and for generated sequences Fréchet Video Distance (FVD)
[6]. Both metrics are a distance measure between two multi-variate Gaussian
distributions with mean and covariance (m,C) generated from p(.) and (mw, Cw)
generated from pw(.)

d2((m,C), (mr, Cr)) = ‖m−mw‖22 + Tr(C + Cw − 2(CCw)
1
2) (4)

In particular, the activations of Inception model, trained on ImageNet, are chosen
as our random variable for the FID measure.Whereas the activations of i3d [1]
trained on kinetics 400 are chosen for the FVD measure.
In addition, we also use the Mean square error (MAE) to evaluate the recon-
struction deviation from the real data.

Conclusion and Remarks

• Inpainting videos in a fully unsupervised context is a hard task and an active
research area.

• Training is very sensitive, not stable and GPU/time consuming.
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