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Recurrent Temporal Aggregation Framework for
Deep Video Inpainting

Dahun Kim*, Student Member, IEEE, Sanghyun Woo*, Student Member, IEEE,
Joon-Young Lee, Member, IEEE, and In So Kweon, Member, IEEE

Abstract—Video inpainting aims to fill in spatio-temporal holes in videos with plausible content. Despite tremendous progress on deep
learning-based inpainting of a single image, it is still challenging to extend these methods to video domain due to the additional time
dimension. In this paper, we propose a recurrent temporal aggregation framework for fast deep video inpainting. In particular, we
construct an encoder-decoder model, where the encoder takes multiple reference frames which can provide visible pixels revealed
from the scene dynamics. These hints are aggregated and fed into the decoder. We apply a recurrent feedback in an auto-regressive
manner to enforce temporal consistency in the video results. We propose two architectural designs based on this framework. Our first
model is a blind video decaptioning network (BVDNet) that is designed to automatically remove and inpaint text overlays in videos
without any mask information. Our BVDNet wins the first place in the ECCV Chalearn 2018 LAP Inpainting Competition Track 2: Video
Decaptioning. Second, we propose a network for more general video inpainting (VINet) to deal with more arbitrary and larger holes.
Video results demonstrate the advantage of our framework compared to state-of-the-art methods both qualitatively and quantitatively.
The codes are available at https://github.com/mcahny/Deep-Video-Inpainting, and https:/github.com/shwoo93/video_decaptioning.

Index Terms—Video inpainting, Video completion, Video object removal, Video caption removal, Video decaptioning, Video editing

1 INTRODUCTION

EMOVING unwanted items in a video is a practical and
Rcrucial problem as it can help numerous video restoration
and editing tasks such as scratch restoration, automatic caption
removal, and undesired object removal. This also opens more
opportunities to video content generation and manipulation tasks
such as inserting new elements in a scene [I], [2], [3], [4].
Furthermore, there are several semi-online streaming scenarios
such as automatic content filtering and visual privacy filtering.

Despite tremendous progress on deep learning-based inpaint-
ing of a single image, it is still challenging to extend these
methods to video domain due to the additional time dimension.
A straightforward way of video inpainting is to apply image
inpainting on each frames individually, but this comes with a clear
limitation that the video results are unstable and inconsistent over
time. The second row in Figure 10 shows such an example when
using the state-of-the-art feed-forward image inpainting [5] in a
frame-by-frame manner.

The challenge of video inpainting is to fill in the holes with
contents that are spatially plausible and temporally coherent at
the same time. Early works address this problem by using a
patch based greedy selection [0], a per-frame diffusion based
technique [7], or a global flow field based optimization [8]. While
the last shows the state-of-the art [8] (3rd row in Figure 10)
quality video results, the trade-off against the effectiveness is its
limited practicality due to its intensive computational cost and
vulnerability to noisy optical flows. Recently, Wang et al. [9]
proposed a deep learning based method for video inpainting,
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CombCN, by combining 3D and 2D CNNs. However, their setting
works on low-resolution videos (e.g., 128 x 128 pixels) with fixed
square holes, limiting its application to general scenarios.

In this paper, we propose a deep feed-forward framework for
video inpainting which performs two core functions: 1) temporal
aggregation and 2) recurrent propagation of visible information
over time. We use a set of sampled video frames as the reference
to take visible contents to fill the hole of a target frame. With
the recurrent propagation, we reuse the useful information from
the previous time step and enforce temporal consistency. As real-
world applications, we consider two types of distractor in a video:
overlaid caption and unwanted foreground object. First, in the
context of media and video from various languages, there are
frequently text captions or encrusted commercials. These text
overlays occlude parts of frames and hinder visual perception
for both human and machines. In terms of a video caption re-
moval problem, the holes are mostly narrow and have regularized
locations and patterns. This makes it difficult to create mask
annotations, but instead enables using the captions themselves as
pseudo indicators for the holes. On the other hand, the task of
foreground object removal deals with large and arbitrary holes
with more motions involved, and the mask annotations can be
obtained by human labeling or off-the-shelf video object segmen-
tation algorithms.

To deal with two different video inpainting scenarios, we pro-
pose two network designs based on the same proposed framework.
Our first model is a blind video decaptioning network (BVDNet)
which is designed to automatically detect and inpaint overlaid
captions in a video without any mask information (i.e. blind to
input mask). Second, we propose a network for video object
removal (VINet) which explicitly warps visible contents between
frames to inpaint arbitrary and object-level holes indicated by
input masks.

We conduct extensive experiments to validate the contributions
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of our design choices. We show that our formulation of temporal
feature aggregation and recurrent propagation leads to the video
results that are much more accurate and visually pleasing than
existing frame-by-frame learning based methods (e.g. [5]), and
similar to computation-heavy optimization methods (e.g. [8]). The
example results by our proposed VINet are shown in the last row
of Figure 10. Our model sequentially processes video frames of
arbitrary length and requires no optical flow computation at test
time.
Our contributions can be summarized as follows:

e We propose a novel video inpainting meta-architecture
equipped with two core functions: temporal feature ag-
gregation and recurrent propagation. Based on our 3D-
2D encoder-decoder framework, we design a blind video
decaptioning network (BVDNet) for caption removal, and
a more general video inpainting network (VINet) for
foreground object removal.

e Our BVDNet automatically detects and inpaints overlaid
captions in a video without any mask information. Trained
by the residual learning and our robust loss function,
BVDNet outperforms other competing methods and runs
in real time (50+ fps). We took the first place in the ECCV
Chalearn 2018 LAP Video Decaptioning Challenge.

e Our VINet deals with arbitrary and large (object-level)
holes. It learns to explicitly compensate motions and pick
up visible contents from neighbor frames. We also propose
to recurrently propagate information from the previous
time step to enforce temporal consistency.

2 RELATED WORK
2.1

Significant progress has been made on image inpainting [5], [10],
[L1], [12], [13], [14], [15], [16], [17], [18], to the point where
commercial solutions are now available [19]. However, video
inpainting algorithms have been under-investigated. This is due to
the additional time dimension which introduces major challenges
such as severe viewpoint changes, temporal consistency preserv-
ing, and high computational complexity. Most recent methods
found in the literature address these issues using either object-
based or patch-based approaches.

In object-based methods, a pre-processing is required to split a
video into foreground objects and background, and it is followed
by an independent reconstruction and merging step at the end
of algorithms. Previous efforts which fall under this category
are homography-based algorithms that are based on the graph-
cut [20], [21]. However, the major limitation of these object-based
methods is that the synthesized content has to be copied from the
visible regions. Therefore, these methods are mostly vulnerable to
abrupt appearance changes such as scale variations, e.g. when an
object moves away from the camera.

In patch-based methods, the patches from known regions are
used to fill in a mask region. For example, Patwardhan et al. [22],
[23] extend the well-known texture synthesis technique [12] to
video inpainting. However, these methods either assume static
cameras [22] or constrained camera motion [23] and are based on
a greedy patch-filling process where the early errors are inevitably
propagated, yielding globally inconsistent outputs.

To ensure the global consistency, patch-based algorithms have
been cast as a global optimization problem. Wexler et al. [24]

Image and Video Inpainting

present a method that optimizes a global energy minimization
problem for 3D spatio-temporal patches by alternating between
patch search and reconstruction steps. Newson et al. [25] extend
this by developing a spatio-temporal version of PatchMatch [19]
to strengthen the temporal coherence and speed up the patch
matching. Recently, Huang et al. [8] modify the energy term
of [24] by adding an optical flow term to enforce temporal
consistency. Although these methods are effective, their biggest
limitations are high computational complexity and the absolute
dependence upon the pre-computed optical flow which cannot be
guaranteed to be accurate in complex sequences.

To tackle these issues, we propose a deep learning based video
inpainting meta-architecture. To efficiently exploit temporal infor-
mation coming from multiple frames, we construct a 3D encoder
- 2D decoder model, that can provide traceable features revealed
from the video dynamics. Based on the proposed framework, we
design two video inpainting networks that can be applied to blind
and non-blind video inpainting task respectively.

For the blind video inpainting task, we choose an example
of video decaptioning task which is to inpaint text overlays in a
”blind” manner. This is of the practical use because media/video
data from various languages frequently include text captions or
subtitles which reduce visual attention for both machine and hu-
man; Also, annotating pixel masks for every frames is impractical
since many video subtitles include semi-transparent shadows (as
in Figure 5) where it is ambiguous to label the pixels in binary. We
show that our method successfully inpaints text overlays in videos
without any mask information.

We then extend our framework to perform a general video
inpainting task with the inpainting masks are given (i.e., non-
blind). The missing regions are more arbitrary and larger than the
previous task. We argue that our method provides a better prospect
than the previous optimization-based techniques in that deep
CNNs are excellent at learning spatial semantics and temporal
dynamics from an ever-growing vast amount of video data.

There is a relevant and concurrent work on deep video in-
painting presented by Wang et al. [9]. However, we tackle more
challenging and general scenarios. Wang et al. tested their method
on the datasets (FaceForensics, 300Vw, Caltech) where each set
has narrow semantic fdiversity and trivial camera movements.
Such strong semantic and motion prior is not readily available in
real-world videos. Also, they use a fixed and stationary mask over
time, which is also not plausible in the real-world setting. On the
other hand, we validate our method using videos in the wild from
the Youtube-VOS dataset along with real dynamic object masks.
Our experiment shows that joint function of temporal aggregation
and recurrence is crucial to handle real dynamic contents.

2.2 Other Multi-frame Video Methods

Most multi-frame methods for video restoration [26], [27] or
enhancement [7], [28] (e.g. video super-resolution, video interpo-
lation) usually focus on pixel-level fusion with low-level and local
motion compensation. On the other hand, video inpainting has to
deal with semantic-level and object-sized holes, which requires a
high-level understanding of context with a larger receptive field
in both space and time. When compared to video super-resolution
task (VSR), video inpainting should address the challenging flow
synthesis problem because the pixel-level flow on the missing
pixels cannot be linearly scaled as in (VSR) due to the large size
and arbitrariness of the hole.
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Fig. 1: Overview of the proposed meta-architecture. The skip connections, recurrent feedback, and the used objective functions are
denoted by gray, red, and black arrows, respectively. During inference, we apply the model in an auto-regressive manner to obtain

output sequences.

To this end, we propose a non-trivial well designed system for
video inpainting. We identify the key functions: content genera-
tion, hierarchical feature transfer, motion detection, and coherency
enforcement. We then incorporate them into a single pipeline,
achieving an end-to-end architecture. Our method is comparably
effective to the optimization based method, and superior to the per-
frame deep inpainting method [5], while having fast computation
speed (i.e. 50fps for decaptioning, and 10fps for inpainting).

3 PROBLEM FORMULATION

Video inpainting aims to fill in arbitrary missing regions in
video frames X{ := {X;, Xs,..., X7}. The reconstructed re-
gions should be either accurate as in the ground truth frames
YT = {Y1,Ys,...,Yr} or seamlessly merged into the sur-
rounding space and time. We formulate video inpainting as a
problem of learning a mapping function from X{ to the predic-
tion YT := {Y1,Ys,..., Y}, where the conditional distribution
p(Y{L'|XT) should be identical to p(Y{'|X{). Learning this
mapping leads to the realistic and temporally consistent video
generation. To simplify the problem, we factorize the conditional
distribution to a product form based on a Markov assumption.
Accordingly, the naive frame-by-frame method can be represented
as

p(Y"IXT) = [] (Y2l X0).

t=1

M

However, for the video results to be consistent in botAh space and
time, we propose that the generation of t-th frame Y; should be
coherent with 1) the neighboring pixels Xff]]\\,’ within a temporal
radius N, and 2) the previously generated frame ?}_1. Thus, we

propose to learn the conditional distribution

T
p(Y1T|X1T) = HP(Yt|Xﬁx,Ytq)~

t=1

2

4 METHOD

Figure 1 provides an overview of our proposed meta-architecture
f which consists of two parallel pathways for temporal ag-
gregation and recurrent propagation, respectively. For temporal
aggregation, we use a set of sampled frames as the reference to
pick up visible contents to fill the hole of a target frame. We set
the radius N to 2, such that we use two lagging and two leading
frames as the reference at each time step. To maximize useful
temporal information, we attempt to find the optimal sampling
interval. With the minimum interval of 1, the reference frames
will contain non-significant changes and be redundant. If we jump
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with a large stride, on the other hand, irrelevant new scenes will
be included. We empirically find that the stride of 3 performs
the best in our preliminary experiments. That is, we sample
Xﬁ'x = {Xi—6, Xi1—3, Xt, Xi13, Xe16} at each time step,
which gives the temporal window spanning over about 15 frames.
For recurrent propagation, we connect the output Y;_; from the
previous time step ¢ — 1 to the current time step ¢ via a feedback.
This is to reuse the previously collected cues, and to enforce
temporal consistency in the video results. Therefore, a tuple of
X ttfjj\\,[ , Y;_1) constructs the total inputs at each time step.

At inference, the output video )A/lT is obtained by sequen-
tially running the function f in an auto-regressive manner. Our
formulation of multi-to-single frame aggregation and recurrent
propagation works as a backbone structure (meta-architecture)
for our downstream network designs: a blind video decaptioning
network (BVDNet) in Section 4.1, and a video inpainting network
(VINet) for foreground object removal in Section 4.2.

4.1

In the context of an inpainting problem, the overlaid captions
in a video create holes that are mostly narrow and systematic
in their locations and patterns. We exploit such regularity as an
indicator for the corrupted regions in video frames, and construct
the input with a stack of corrupted RGB frames without any mask
information (3-channel). The overall decaptioning algorithm is
illustrated in Figure 2.
Aggregation via 3D convolutions. A stack of reference frames
and a target frame is fed into the aggregation pathway. Since most
captions in a video are not continuously moving, it is efficient to
use 3D convolutions to directly aggregate spatio-temporal features
in a search window, without serious motion compensation between
frames. Another pathway consists in 2D CNN, and takes an output
frame from the previous time step to recurrently propagate useful
information throughout time.
Residual Learning. Directly estimating all pixels in a frame
may needlessly touch uncorrupted pixels. To compensate the
absence of the mask information, we train our model by a residual
learning algorithm. Specifically, the final output is yielded by
summing the input target frame {X;} and the predicted residual
image {R,;} in a pixel-wise manner. This trains our network to
automatically detect corrupted pixels, and also prevent the global
tone distortion.

Formally, with the proposed BVDNet fpyv p, the blind video
decaptioning problem can be modeled as

Y = fevp(XIN Vi) + X, 3)

BVDNet for Video Caption Removal

4.1.1 Network Design

Our core design is a hybrid encoder-decoder model, where the
encoder consists of two sub-networks: 3D CNN and 2D CNN.
The decoder follows a normal 2D CNN design as in other
image generation networks. The network is designed to be fully
convolutional to handle arbitrary size input. The final output video
is obtained by applying fgy p in an auto-regressive manner.

3D-2D Hybrid Encoder. Our strategy is to collect potential
hints from multiple reference frames that can provide visible
pixels revealed from the scene dynamics. Also, we enforce the
generation of the target frame to be consistent with the previous
generation. We construct a hybrid encoder consisting of two
streams: temporal aggregation stream and recurrence stream.
The first stream consists in 3D convolutions which can directly

Image shortcut
Aggregation stream

Recon. loss

beautitully it's
again the pupil

Warping
loss

Temporal-pooling
skip connections

I

Recurrence

2D

stream

Feedback connection

Fig. 2: Overview of BVDNet: blind video decaptioning net-
work. We propose a hybrid encoder-decoder model, where the
aggregation encoder stream takes multiple input frames and the
decoder reconstructs the middle frame. The temporal-pooling skip
connections carry low-level information. By a residual learning
algorithm, our model directly learns to recover the corrupted pixels
in the input. The output is then fed into a feedback connection for
a recurrent learning to the next time step.

capture spatio-temporal features from the neighbor frames. This
helps in understanding the short-term video-level context which
is required to recover the target frame. The input tensor shape is
H xW xT x C, where H, W and C are the height, width and
channels of the input frame {X}, and 7' = 2N + 1. Here, the
goal is to remove text overlays in the middle frame (3th out of 5).
The temporal dimension of feature gradually reduces to 1 as the
features are temporally pooled through the 3D convolution layers.

The second is a 2D CNN recurrence stream which takes the

previously generated frame, of size H X W x 1 x C, as input. This
stream works as a reference that the current generation should be
coherent with. Then, the output feature of this recurrence stream
is combined with the temporally-pooled one-frame feature from
the aggregation stream by element-wise summation. Since the
feature maps from the two streams are comparatively different on
the corrupted regions, the combined hybrid feature map implicitly
encodes the knowledge on where to attend.
Bottleneck and Time-Pooling Skip Connections. The encoder
is followed by bottleneck layers that consist of several dilated
convolutions, as suggested in [16]. The large receptive field size
helps to capture wide spatial context which supports the recovery
of the corrupted pixels. The following is a 2D CNN decoder which
is symmetric to the recurrence encoder stream.

We apply skip connections only between the 3D encoder
stream and the decoder. Each skip connections pass through a
3D convolution layer that pools the temporal dimension into one
frame, so that the feature map can be directly concatenated with
the decoder feature maps of equal dimension. Despite the concern
raised by Yu et al. [18] that the skip connections carry almost
zero features on the corrupted regions, our temporal-pooling skip
connections are immune to this problem since they can adaptively
aggregate low-level features that are complementary to the oc-
cluded points in the middle frame.

Our full BVDNet is trained to generate the residual frame
{R:}, which is added with the input middle frame {X;} to
produce the final output {Y; }.
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Warp loss

1/8 Mask-sum
Input target E, Pany
frame /8 ~
N .
| Flow
estimator

[

Wt:>t—1

{Xt 6'Xt 3'Xt+3'Xt+6}

Recurrent feedback

Flow loss

Fig. 3: Overview of VINet. Our proposed VINet takes in multiple input frames (X 65 Xi—3, Xy, Xiy3, Xi46) and the previously
generated frame (Y} 1), and generates the inpainted frame (Yt) as well as the flow map (Wt:t 1). We employ both flow sub-networks
and mask sub-networks at 4 scales (1/8, 1/4, 1/2, and 1) to aggregate and synthesize feature points progressively. For temporal
consistency, we use a recurrent feedback along with two losses: flow loss and warp loss. The orange arrows denote the X2 upsampling

for residual flow learning as in [
mask sub-networks are omitted in the figure for the simplicity.

4.1.2 Loss Functions
We train the BVDNet by minimizing the following loss function,

“4)

where Lr is an image reconstruction loss, and L, is a
temporal warping loss. Ar and \g; are the weighting coefficients
which are set to 1 and 2 respectively throughout the experiments.

A simple way for image reconstruction is to use the LI
loss following the previous studies [5], [17]. For the structural
details, We apply the SSIM loss [30] with a small patch window
according to the setting of the competition evaluation metric.
Inspired by [31], we also use a first-order matching term, which
compares image gradients of the prediction with the ground truth,
and encourages the prediction to have not only close-by values but
also similar local structure. To this end, the image reconstruction
loss L includes three terms as

L= AR‘CR + )\st‘csta

ol o
Lssim = ( (12 )(/2'[:_}}:;: Ccll))(fUthU: 3-2)02)) (6)
Loraa. = |[Vw (Ve =Y)|| +|VaFi-v)| . @

Lr=L1+ Lssim + Lygrad., (®)

where Yt, Y denote the predicted and target ground truth frames
respectively. 1, o denote the average, variance. ¢y, co denote two
stabilization constants which are respectively set to 0.012,0.032.
Vw, Vg are the image gradients along the horizontal and vertical
axis.

With the recurrence stream in the encoder, we optimize our
model with additional temporal warping loss which is widely
used in video generation works [32], [33], [34]. The temporal
consistency loss L; is defined as

Lo = i Hot:n—1 ® Y — ¢t:>t—1(Y}—1))Hl ; ©)
t=2

] for 5 reference streams, while the thinner orange arrow denotes only the stream from Y;_;. The

where © is the element-wise product operator. O denotes the
binary occlusion mask and ¢ denotes the flow warping operation
using the optical flow between consecutive target frames Y; and
Y;_1. The occlusion is detected by the method of [35] and the
optical flow are obtained by the pretrained FlowNet2 [36]. For the
training, we set the number of recurrences to 5 (K = 5).

4.1.3 Training and Testing

Dataset. We used the ECCV Chalearn 2018 LAP Video Decap-
tioning Challenge dataset for training, validation, and testing. It
is a large dataset of 5 seconds (125 frames) MP4 video clips in
128 x 128 pixel RGB frames, containing both encrusted subtitles
({X}) and without subtitles ({Y'}). The dataset contains a wide
variety of captions with different colors, size, positions, and shad-
ows. The training and validation set consist in 70K and 5K sample
pairs of input and ground truth video clips, respectively. The
testing set consists of 5K input video clips without ground truth.
We convert every video clip into PNG images in our experiments.
Training. We adopt horizontal flipping and color jittering for
data augmentation. We train our model for 200 epochs with a batch
size of 128. Adam optimizer is used with 5 = (0.9, 0.999) and a
learning rate of 0.001. The training takes 3 days on two NVIDIA
GTX 1080 Ti GPUs. For the competition, we train our model
without the recurrence stream in the encoder and the warping loss.
Testing.  For the pixels where the absolute difference between
the input middle frame {X;} and the prediction {Y};} is less than
0.01 in [0, 1] scale, we copy the values from the input frame.
Finally, we convert PNG files back to MP4 videos.

Evaluation Metric. To evaluate the quality of the reconstruc-
tion, the mean square error (MSE), the peak signal-to-noise ratio
(PSNR), and the structural dissimilarity, DSSIM i.e. (1-SSIM)/2,
are used.

4.2 VINet for Video Object Removal

Removing foreground objects in a video involves arbitrary and
large holes with various motions. In contrast to the video caption
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removal, we assume that the inpainting masks are given for
all video frames, and construct the input by concatenating each
RGB frame with a corresponding mask channel. To deal with
these differences, we propose several modifications to the network
design and the training scheme. We train VINet to explicitly fetch,
arrange, and combine visible feature points from neighbor refer-
ence frames. The overview of our VINet is illustrated in Figure 3.
Modification 1: Aggregation via Explicit Feature Alignment.
Instead of relying on the 3D convolutions with the input frame
stack, VINet learns to align each of the reference frames onto
the target frame in a feature level. The visible patches from the
reference feature maps are then picked up and aggregated onto the
missing regions of the target feature map. To this end, we use flow
and mask sub-networks to learn the flow and composition mask
between the frames, respectively.
Modification 2: Recurrence. Another modification is made
on the recurrence. Instead of having a separate pathway until
the bottleneck, the previous prediction frame is fed into the
aggregation pathway and is considered as another reference frame
for the next time step.

In the following, we provide more detailed description on
the network design, training, and testing of our VINet and the
differences to BVDNet.

4.2.1 Network Design

Encoder. The major difference resides in the encoder part
which is a multiple-tower network. All the towers consist in
the 2D CNN and represent the target and reference streams. We
consider the center frame as the target, and the other frames as
the references which can provide visible contents to the target.
All input frames are concatenated with their corresponding masks
along the channel axis, and fed into each of the streams. In
practice, we use a 6-tower encoder; There are 1 target stream that
takes the center target frame X, and 5 weight-sharing reference
streams that each take two lagging (X;—¢, X¢—3), two leading
frames (X;13, X¢+6), and the previous prediction (Y;_1). The
reference feature points are explicitly copy-pasted and refined
through the following feature flow learning and learnable feature
composition.

Feature Flow Learning. Before directly combining the target
and reference features, we propose to explicitly align the feature
points from each streams. This helps our model easily borrow
traceable features from the neighbor reference frames. To this end,
we insert flow sub-networks to estimate the flows from each of the
reference feature maps onto the target feature map in four different
scales (1/8, 1/4, 1/2, and 1). We adopt the coarse-to-fine structure
of the PWCNet [29] to model this hierarchical flow learning. For
the aggregation part, the feature flow warping for the first three
scales is supervised only by pixel reconstruction loss, i.e., good
feature warping will successfully pick up visible contents and
inpaint the target hole. The recurrence part involves the explicit
flow supervision (warp loss and flow loss in Section 4.2.2) which
is only given at the finest scale (i.e. 1) and only between the con-
secutive two predictions, where we use the pseudo-ground truth
flow W;_;_1 between Y; and Y;_; obtained from FlowNet2 [36].
Learnable Feature Composition. Given the aligned feature
maps from the five reference streams, they are concatenated along
the time dimension and fed into a 5 x 3 X 3 (THW) convolution
layer that produces a spatio-temporally aggregated feature map
F with the time dimension of 1. This is designed to dynamically
select reference feature points across the time axis, by highlighting

the features complementary to the target features and ignoring
otherwise. For each 4 scales, we employ a mask sub-network to
combine the aggregated feature map F'; with the reference feature
map F,.. The mask sub-network consists of three convolution
layers and takes the absolute difference of the two feature maps
|Fs» — F| as input and produces single channel composition mask
m, as suggested in [37]. By using the mask, we can gradually
combine the warped features and the reference features. At the
scale of 1/8, the composition is done by

F,

C1/8

= (1 —=myg) © Fy, o +myg © Fy o (10

Decoder. To pass image details to the decoder, we employ
skip connections as in U-net [38]. To prevent the concern raised
by [18] that skip connections contain zero values at the masked
region, our skip-connections pass the composite features similarly
to Equation (10), as

FC1/4:(1_m1/4)®F7‘1/4 +m1/4®Fs’1/47 (11)
F01/2 :(17m1/2)®F7’1/2 +m1/2®FS’1/2~ (12)

At the finest scale, the esti}nated optical flow Wt:>t—1 is u§ed
to warp the previous output Y;_; to the current raw output Y.
We then blend this warped image and the raw output with the
composition mask m1, to obtain our final output Y; as

Vi=(1—m) oY +m o Wea(Yor).  (13)

4.2.2 Loss Functions

We train our network to minimize the following loss function,
L =ARLR + AstLst + MieLis + ArLF, (14)

where L and Ly are the reconstruction loss, and warping loss
respectively, as in Section 4.1.2.

The difference in the warping loss is that Ly includes not only
the short-term warping loss L, but also the long-term warping
loss L;; as

Lo = i Hotétfl ©(Y; — d)tétfl(}/;&fl))Hl ; 5)
=2
Ly = i Hot:>1 o (Y; - ¢t:>1(Y1))H1 : (16)

t=2

Similar to Equation (9), we use [35] to obtain the occlusion
mask (O) and FlowNet2 [36] to extract the optical flow between
the target frames (V). ¢ denotes the warping operation. We
use both short-term and long-term temporal losses. Note that we
use ground truth target frames in the warping operation since
the synthesizing ability is imperfect during training. We set the
number of recurrence to 5 (K = 5) as in Section 4.1.

We learn the explicit flow learning on the consecutive output
frames. The flow loss L is defined as

£r = S (Woios = Wi ¥ = drmsVin)] )
t=2

a7
where W;_.;_1 is the pseudo-ground truth backward flow between
the target frames, Y; and Y;_q, extracted by FlowNet2 [36]. In
Equation (17), the first term is the endpoint error between the
ground truth and the estimated flow, anq the second term is the
warping error when the estimated flow, W;—;_1, is used to warp
the previous target frame to the next target frame.
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4.2.3 Two-Stage Training

We employ a two-stage training scheme to gradually train the core
functions for video inpainting; 1) We first train the model without
the recurrent feedback to focus on learning the temporal feature
aggregation. At this stage, we only use the reconstruction loss Lg;
2) We then add the recurrent feedback, and fine-tune the model
using the full loss function (Equation (14)) for temporally coherent
generation. We use videos in the Youtube-VOS dataset [39] as
ground truth for the training. It is a large-scale dataset for video
object segmentation containing 4000+ YouTube videos with 70+
common objects. All video frames are resized to 256 x 256 pixels
for training and testing. We further finetune VINet on 512 x 512
pixels frames to process higher resolution videos.

Video Mask Dataset. In general video inpainting, the spatio-
temporal holes consist in diverse motion and shape changes. To
simulate this complexity during training, we create the following
four types of video masks.

1) Random square: We randomly mask a square box in
each frame. The visible regions each of input frames are
mostly complementary so that the network can clearly
learn how to align, copy, and paste neighboring feature
points.

2) Flying square: The motion of the inpainting holes is
rather regularized than random in real scenarios. To
simulate such regularity, we shift a square by a uniform
step size in one direction across the input frames.

3) Arbitrary mask: To simulate diverse hole shapes and
sizes, we use the irregular mask dataset [17] which
consists of random streaks and holes of arbitrary shapes.
During training, we apply random transformations (trans-
lation, rotation, scaling, sheering).

4) Video object mask: In the context of the video object re-
moval task, masks with the most realistic appearance and
motion can be obtained from video object segmentation
datasets. We use the foreground segmentation masks of
the YouTube-VOS dataset [39].

Synthetic training Data. We create the training video data to
simulate the object removal scenarios. In particular, we overlay
the aforementioned different types of masks onto the background
video frames. The overlaid region is then filled with zero values
to simulate the foreground object that has been taken away. The
original background pixels are considered as the ground truth
values during training. We construct the input by concatenating
the corrupted frames and the corresponding binary masks.

4.2.4 Testing

We assume that the inpainting masks for all video frames are
given. To avoid any data overlap between training and testing,
we obtain object masks from the DAVIS dataset [40], [41], the
public benchmark dataset for video object segmentation. It con-
tains dynamic scenes, complex camera movements, motion blur
effects, and large occlusions. The inpainting mask is constructed
by dilating the ground truth segmentation mask. Our method
processes frames recursively in a sliding window manner similarly
to the BVDNet.

5 EXPERIMENTAL RESULTS

We evaluate our video inpainting framework and its two down-
stream network designs both quantitatively and qualitatively. We

conduct ablation studies to validate the effectiveness of the differ-
ent design components. We measure visual quality and temporal
smoothness of their video results, and conduct user studies to
compare human subjective preferences on different methods.

5.1

We conduct ablation studies using the publicly released validation
dataset to investigate the effectiveness of different design compo-
nents. Our evaluation is mainly based on the metrics used in the
competition. We report the competition results and visualize the
learned convolutional filters.

BVDNet Results on Video Caption Removal

5.1.1 The Impact of 3D Aggregation Encoder Stream

One of our core design choices is to use a 3D CNN aggregation
encoder stream in conjunction with a following 2D decoder. To
validate the effectiveness of this design, we construct two naive
baselines to compare with: a 3D encoder-3D decoder and a 2D
encoder-2D decoder models. We note that all models in this
experiment contain a single-stream encoder without the recurrence
encoder stream for a clearer comparison. We construct all the mod-
els with a comparable number of parameters. As shown in Exp 1,
2, and 3 in Table 1, our 3D-2D model shows the best performances
in all three metrics. This implies that the spatio-temporal feature
aggregation from the neighbor frames indeed helps our target task,
providing our model with a distinct advantage over the frame-by-
frame competitor. On the other hand, it is emprically shown that
adopting heavy 3D-3D operation does more harm than good. This
implies that making use of the neighbor frames does not always
work, but a careful architectural design is required.

5.1.2 The Impact of Loss Functions

We test our loss functions both quantitatively and qualitatively.
First, we remove each loss terms gradually from our full loss
function. Again, we use a model with the single-stream encoder,
and thus the temporal warping loss is not considered in this
experiment. As shown in Exp 3, 4, 5 and 6 in Table 1. We
observe complementary effects of each loss terms. The grad.L.1
loss improves the performance when used together with L1 loss.
Also, adding SSIM loss improves the structural similarity score
(DSSIM) more than adding the gradient loss does. This leads us
to use our full combination (i.e. Ly + Lgrqa. + Lssrar), which
achieves best scores.

We also provide qualitative analysis as shown in Figure 4. The
model trained with the L1 loss alone produces relatively blurry
outputs. We alleviate this problem by adding the gradient L1 loss
and the SSIM loss. We observe that adding these losses helps
recovering fine structures such as texture and edges.

5.1.3 The Impact of Recurrence Encoder Stream

We investigate the effectiveness of our recurrence stream in the
encoder, together with the temporal warping loss. We evaluate
both frame-level image quality and temporal consistency. As
shown in Exp 5 and 6 in Table 1, the recurrence stream improves
the visual quality of the video results. In addition, we quantita-
tively compare the temporal consistency in video results with and
without the recurrence stream. We measure the temporal error over
a video sequence, which is the average pixel-wise Euclidean color
difference between consecutive frames. We use FlowNet2 [36]
to obtain pseudo-ground truth optical flow as in the training.
Table 4 shows that having the recurrence significantly reduces
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Architecture Losses Recurrence Evaluation Metric

Exp 3D-3D 2D-2D 3D-2D | L1 grad. L1 SSIM | Enc. Stream | MSE PSNR DSSIM

1 v v 0.0031 28.4590 0.0652

2 v v 0.0012 33.6803 0.0279

3 v v 0.0011 34.1029 0.0261

4 v v v 0.0010 34.2251 0.0276

5 v v v 0.0011 34.2089 0.0240

6 v v v v 0.0010 34.6544 0.0225

7 (Full BVDNet) | v Vv v v ] v [ 0.0010 34.7055  0.0222

TABLE 1: The ablation studies on architectural design, loss functions, and recurrence stream. We evaluate on Chal.earn 2018 LAP
Inpainting Track?2 validation set.

Ours + GAN loss - Skip

MSE 0.0010 0.0015 0.0010
PSNR 34.7055 31.2257 34.3892
DSSIM 0.0222 0.0384 0.0233

TABLE 2: The ablation studies on additional GAN loss and
without residual learning. We evaluate on ChalLearn 2018 LAP
Inpainting Track? validation set.

Value MSE PSNR DSSIM

3 0.0011 33.7895 0.0247

Number 5 0.0010 34.7055 0.0222
of frames 7 0.0010 34.5063 0.0229
9 0.0010 34.6260 0.0226

TABLE 3: The ablation studies on the hyperparamter: number
of input frames. We evaluate on ChalLearn 2018 LAP Inpainting
Track2 validation set.

the temporal error. Our approach does not sacrifice either visual
quality and temporal stability, and the qualitative examples are
shown in Figure 5.

5.1.4 Adding GAN Loss

The adversarial training encourages the decaptioning results to
move towards the natural image manifold. We test the effect of
the adversarial training by adding the GAN loss on top of our full
loss function. We use 8 X 8 PatchGAN [42] as our discriminator
network which aims to classify whether 8 X 8 overlapping image
patches are real or fake. However, we observe no visible qualitative
improvement and the quantitative performance slightly dropped
(Table 2), which is consistent with the results in [43].

5.1.5 Removing Residual Image Shortcut

We investigate the importance of the residual learning. If we
remove the skip connection from the input middle frame to the
decoder output, the network should recover all the pixels from
scratch without referencing the input pixels. As shown in Table 2,
the residual learning leads to better performances, demonstrating
its effectiveness in video decaptioning task.

5.1.6 Number of Input Frames

In Table 3, we perform an experiment to determine the hyperpa-
rameter for our BVDNet, which is the number of input frames. The
number of input frames directly relates to the size of input batches,
which enables controlling the amount of temporal information to
be dealt with for each time step. Table 3 shows the comparison

Encoder version
without recurrence (BVDNet-Exp 6)
with recurrence (BVDNet-Exp 7)

Temporal Errors
0.00117
0.00090

TABLE 4: Temporal errors (warping errors) of BVDNet with and
without the temporal consistency constraint. We evaluate on 500
clips of Chalearn 2018 LAP Inpainting Track?2 validation set.

(a) (b) (© (d) (®

Fig. 4: The impact of each loss terms. (a) An input center frame.
(b-d) The reconstructed frames with: (b) Ly loss, (¢) L1 4 Lgyqd.
loss (d) L1 ++Lgradq. + Lssra loss (e) Ground truth frame. Best
viewed when zoomed-in.

results with four different input frame values. We observe an
overall tendency of better performances with larger number of
input frames, while the value of 5 gives the base results. This
indicates that having a proper temporal view range is crucial for
our target task.

5.1.7 Model Inference Time

Our BVDNet has a total of 23 layers and 10.5M parameters. Our
model is implemented on Pytorch v0.3, CUDNN v6.0, CUDA
v8.0, and runs on the hardware with Intel(R) Xeon(R) (2.10GHz)
CPU and NVIDIA GTX 1080 Ti GPU. The model runs at 62.5 fps
on a GPU for frames of resolution 128 x 128 pixel.

5.1.8 Final Challenge Results

Quantitative results. Table 5 summarizes the top entries from
the leaderboard of ECCV Chalearn 2018 Inpainting Challenge
Track2. We participated with our BVDNet without the recurrence
stream and achieved the first place on the final test phase. Our
full BVDNet is shown to be even stronger on the validation set
in Table 4, but we cannot provide the evaluation on the testing set
because the test server is closed.

Qualitative results. We visualize the learned feature maps of
our BVDNet in Figure 6. We observe a hierarchical attention
where the encoder features are highly activated on the surrounding
pixels, while the decoder features are more atfending to the
corrupted regions. We visualize the learned feature maps of our
BVDNet in Figure 6. We observe a hierarchical attention where
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Fig. 5: The impact of recurrence on temporal consistency. For
each sample, we visualize four consecutive input frames in the top
row. In the bottom rows are the zoomed-in views of our results
without recurrence (2nd row), with recurrence (3rd row), and the
ground truth frames (4th row). Without the recurrence, the change
in the subtitles leads to temporally flickering artifacts (a)

o e

(a) input (b) E-1/2

(d) D-1/4 (e) D-1/2 (f) output

(c) E-1/4

Fig. 6: Visualization of learned feature activation. £ and
D denote the encoder and decoder layers, respectively. For the
visualization, we average each feature maps along the channel
axis, and up-sample to 128 x 128 pixel. The fractional numbers
denote the spatial resolutions. We observe hierarchical attention
operations across layers. In the early encoder layers (b, c), low-
level features such as background textures ( e.g.around the subti-
tles) are aggregated along the time dimension. The latter decoder
layers (d, e) then gradually focus on the exact target regions.

the encoder features are highly activated on the surrounding pixels,
while the decoder features are more attending to the corrupted
regions.

Figure 7 shows several examples of our decaptioning results.
Our full model successfully recovers the fine details and textures
with smooth temporal transition, even when there are active object
movements, e.g. Figure 7-(a), or heavy illumination changes,
e.g. Figure 7-(b). When there are texts in a video as the content

MSE PSNR DSSIM
stephane 0.0022 30.1856 0.0613
hcilab 0.0012 33.0228 0.0424
anubhap93 0.0012 32.0021 0.0499
arnavkj95 0.0012 32.1713 0.0482
BVDNet-Exp 6 | 0.0011 | 333527 | 0.0404

TABLE 5: Final performances of the top entries in the ECCV
Chalearn 2018 LAP Inpainting Challenge Track2 test phase. We
note that stephane’s is the baseline from the organizers [44].

themselves, e.g. Figure 7-(c), our model is trained to separate
between the overlaid captions and the ones coming from the video;
This is an intended action since the video content itself should
be preserved. In the future, we can construct synthetic training
data to nearly unlimited amount to include more various real-
world captions. More qualitative video results can be found in the
supplementary materials.

5.1.9 User study on video caption removal results

As both quantitative and qualitative studies have their limitations
in evaluating image / video quality, we conduct a user study to see
the human preferences between our video results and the ground
truth using 25 randomly selected videos. We exclude the videos
containing solid shadow regions. In each comparison, we show
the input video, our result, and the ground truth. The display
order of our result and the ground truth is randomly shuffled. Each
participant is asked to choose a preferred video or equally good.
A total of 30 participants aged from 25 to 35 participated in this
study. The user study results are summarized in Figure 8. In order
to provide the statistical significance, we conduct F-test and T-
test on our survey result. F-test gives a two-tailed p-value of 0.21,
making us assume the equal variances. Then, on the assumption
that the mean preference between ours and the ground truth is the
same (null hypothesis), we obtain a two-tailed p-value of 0.83,
which fails to reject the null hypothesis. This implies that the
human preference between our video results and the ground truth
are statistically similar.

5.1.10 Limitation

We observe that the results are relatively blurry when the input
frames have solid shadow regions, as in Figure 7-(d). This is
because these shadows completely occlude the background pixels
and make larger holes. Not only the given training set lacks the
amount of samples with such large holes (solid shadows), but also
the feature aggregation of our BVDNet relies largely on implicit
3D conv operations, so it is not enough to estimate the motion
behind the large holes.

5.2 VINet Results on Video Object Removal

In this section, we visualize the learned temporal aggregation
mechanism and show the effectiveness of aggregation and recur-
rence pathways.

Baselines.  We compare our approach to state-of-the-art base-
lines in three representative streams of study: deep image inpaint-
ing [5], deep video inpainting [9], and optimization based video
inpainting [&].

e Yuetal [5]: A feed-forward CNN based method, which is
designed for single image inpainting. We processes videos
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1 _
yeah yeah nice
Thanks don't
you want
oh I've already
signed up
actually oh

yeah yeah nice
Thanks don't
you want
oh I've already
signed up
actually oh

yeah yeah nice
Thanks don't
you want
oh I've already
signed up
EEUELA

yeah yeah nice
Thanks don't
you want
oh I've already
signed up
actually oh

(©)

Fig. 7: Qualitative decaptioning results. For each example, the top rows are the input sequences and the bottom rows are the
decaptioning results using our full model. For visualization, we determine the time interval between the frames to be 0.1 seconds. Our
model performs well on various types of subtitles with complex background variations and also is able to separate the non-caption texts

in a video.

#Votes mOurs mGT mTie

139 143 268

6 7 8 9 10111213 14151617 18 15 20 21 22 23 24 25

Fig. 8: User study on our BVDNet results vs. ground truth.

frame-by-frame without using any temporal information.
We run their official test codes.

e Wang et al. [9]: A feed-forward CNN based method for
video inpainting, CombCN, which consists of a temporal
structure inference network, and a spatial detail recovering
network. We re-implemented CombCN [9], since their
code is not publicly available.

e Huang ef al. [8]: An optimization-based video completion
method, which jointly estimates global flow and color. It
requires on-the-fly optical flow computation and is ex-
tremely time-consuming. We run their official test codes.

5.2.1 Visualization of Learned Feature Composition

Figure 9 shows that the proposed VINet explicitly borrows visible
neighbor features to synthesize the missing content. For the
visualization, we use the VINet of the first training stage and plot

the learned feature flow from the four reference streams (without
the recurrent feedback) to the target stream, at 128 x 128 pixel
resolution. We observe that even with a large and complex hole
in the target frame, VINet is able to align the reference feature
maps with respect to the target, and integrate them to fill in
the hole. Even without explicit flow supervision, our flow sub-
networks are able to warp the feature points in visible regions
while shrinking the unhelpful zero features in masked regions.
Moreover, these potential hints are adjusted according to the
spatio-temporal context, rather than copied-and-pasted in a fixed
manner. One example is shown in Figure 9-(b) where the eyes of
the hamster are synthesized half-closed.

5.2.2 Improvement on Temporal Consistency

We first provide self-comparison which shows the temporal con-
sistency of the video results before and after using the recurrence
stream. Also, to validate the competitiveness of our method,
we compare with the three representative baseline methods [5],
[8], [9]. To provide the quantitative evaluation, we measure flow
warping errors [32] using the Sintel dataset [45] which contains
ground truth optical flows between video frames. We use the
foreground object masks in the DAVIS video dataset [40], [41]
as our inpainting mask sequences. We take 32 frames each from
21 videos in Sintel to constitute our inputs and experiment for five
trials. For each trial, we randomly select 21 videos of length 32+
from DAVIS to create corresponding mask sequences and keep
them unchanged for all the methods.

In Table 6, we report the flow warping errors averaged over the
videos and trials. It shows that our full model outperforms other
baselines by large margins. Understandably, Yu et al.’s method
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Fig. 9: Visualization of the learned feature composition. Input
frames are on the odd rows, and corresponding feature flows
referential to the middle stream, and the inpainting results are
on the even rows. VINet successfully aligns and integrates the
reference features onto the target frame to fill in the large and
complex hole region.

turns out to be the least temporally consistent. CombCN [9]
improves over the single image inpainting [5] in this metric, but
falls behind all the other video based methods, and their video
results still show considerable flicker artifacts. Surprisingly, even
the global (heavy) optimization method [8] performs marginally
better than our 1st-stage method and has a much larger error than
our full model.

Note that the error of our full model is reduced by a factor
of 10 after adding the recurrent feedback, implying that it signifi-
cantly improves the temporal stability.

5.2.3 Spatio-Temporal Video Quality

Wang et al. [33] proposed a video version of the inception score
(FID) to quantitatively evaluate the quality of video generation.
We take this metric to evaluate the quality of video inpainting as
it measures the spatio-temporal quality in a perceptual level. As
in [33], we follow the protocol that uses the 13D network [46]
pretrained on a video recognition task to measure the distance
between the spatio-temporal features extracted from the output
videos and the ground truth videos.

For this experiment, we take 20 videos in the DAVIS dataset.
For each video, we ensure to choose a different video out of the
other 19 videos to make a mask sequence, so that we have the
setting where our algorithm is supposed to recover the original
videos rather than remove any parts. We use the first 64 frames for
both input and mask videos. We run five trials as in Section 5.2.2
and average the FID scores over the videos and trials. Table 7
summarizes the results. Our method has the smallest FID among
the optimization based and all the learning based methods. This
implies that our method achieves both better visual quality and
temporal consistency.

DAVIS masks on Sintel frames
Frame-by-frame [5] 0.00369
CombCN [9] 0.00216
Optimization [&] 0.00161
VINet (agg. only) 0.00156
VINet (agg. + rec.) 0.00148

TABLE 6: Flow warping errors. We evaluate the flow warping

| errors on the Sintel dataset using 21 videos and ground truth flows.

DAVIS masks on DAVIS frames
Frame-by-frame [5] 0.00798
CombCN [9] 0.01403
Optimization [&] 0.00533
VINet (agg. only) 0.00727
VINet (agg. + rec.) 0.00467

TABLE 7: FID scores. We evaluate the FID scores on the DAVIS
dataset using 20 videos.

5.2.4 User Study on Video Object Removal

We apply our approach to remove dynamically moving objects
in videos. We use 24 videos from the DAVIS dataset [40], [41]
of which the names are listed in Figure 11. Examples of our
results are in Figure 12. We perform a human subjective test
for evaluating the visual quality of inpainted videos. We compare
our method with the strong optimization baseline [8] which is
specifically aimed for the video completion task.

In each testing case, we show the original input video, our
removal result and the result of Huang et al.on the same screen.
The order of the two removal video results is shuffled. To ensure
that a user has enough time to distinguish the difference and make
a careful judge, we play all the video results once at the original
speed and then once at 0.5X speed. Also, a user is allowed to
watch videos multiple times. Each participant is asked to choose
a preferred result or tie. A total of 30 users participated in this
study. We specifically ask each participant to check for both
image quality and temporal consistency. The user study results are
summarized in Figure 11. To provide the statistical significance,
we conduct F-test and T-test on our survey results. F-test gives a
two-tailed p-value of 0.08, making us assume the equal variances.
Then, on the assumption that the mean preference between ours
(1=22) and the optimization method [8] (u=18.7) is statistically
same (null hypothesis), we obtain a two-tailed p-value of 0.11
in T-test, which fails to reject the null hypothesis, i.e., the null
hypothesis holds. This supports our argument that both methods
show comparable performances.

In terms of visual quality, there are certain cases where the
proposed method is advantageous over its competitor [8]. As
shown in Figure 10, the optimization method is vulnerable
to fast object motion (rallye) and camera movement (car-turn)
which lead to inaccurate optical flow between frames, while our
learned semantics and recurrence are able to refine such errors.
The complete video results can be found in the supplementary
materials.

5.2.5 Extension to Higher Resolution Videos

Since our VINet is designed to be fully convolutional, we can
simply feed higher resolution frames at testing. However, to better
perform feature alignment and pixel reconstruction, we finetune
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Fig. 10: Comparison with state-of-the-art methods. Input video with mask boundaries in red (row-1). Video inpainting by frame-
by-frame image inpainting [5] (row-2), CombCN [9] (row-3), optimization-based method [8] (row-4), and the results by our VINet

(row-5). Best viewed when zoomed-in.
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Fig. 11: User study on results of VINet vs. optimization
method [8].

the VINet on high resolution (512 x 512) pixels frames with
the doubled stride value in the first encoder layer and the last
decoder layer. The complete video results can be found in the
supplementary materials.

5.2.6 Limitation and Future Work

We observe color saturation artifacts when there is a large and long
occlusion in a video. The discrepancy error of the synthesized
color propagates over time, causing inaccurate warping. The
regions that have not been revealed in the temporal radius is
synthesized blurry. One possible way to resolve these issues is
integrating recently proposed techniques such as multi-stage flow
inpainting [47] or Temporal PatchGAN loss [48].

For the future work, we would like to further improve the
feature aggregation part to ensure even larger temporal-window
size [49]. Another interesting direction is to allow user interven-
tion by training the model with additional user inputs such as

referral expressions [50] or scribbles [51], which would be useful
for video editing.

6 CONCLUSION

In this paper, we propose a novel framework for video inpainting
based on two guiding principles: aggregating temporal informa-
tion and recurrently connecting past predictions for temporally
coherent generation. Building upon these principles, we present
two network designs for two video inpainting tasks. First, we
focus on a blind video decaptioning task, and our proposed
BVDNet automatically removes text overlays in videos without
any mask information. Second, we extend our framework to
handle a more general video inpainting scenario: video foreground
object removal. Our proposed VINet deals with arbitrary and
large holes indicated by object-level input masks. Our extensive
experiments demonstrate that both BVDNet and VINet achieve
significantly better visual quality than the per-frame deep CNN
based competitors. Our BVDNet is ranked in the first place in
the ECCV Chalearn 2018 LAP Inpainting Challenge - Video
decaptioning. Furthermore, we show that our VINet performs
similarly to an optimization method. Despite some limitations, we
argue that a well-posed feed-forward network has a great potential
to avoid computation-heavy methods and to boost its applicability
in many related vision tasks.
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