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Exploiting Optical Flow Guidance for
Transformer-Based Video Inpainting

Kaidong Zhang, Jialun Peng, Jingjing Fu, Member, IEEE, and Dong Liu, Senior Member, IEEE

Abstract—Transformers have been widely used for video processing owing to the multi-head self attention (MHSA) mechanism.
However, the MHSA mechanism encounters an intrinsic difficulty for video inpainting, since the features associated with the corrupted
regions are degraded and incur inaccurate self attention. This problem, termed query degradation, may be mitigated by first completing
optical flows and then using the flows to guide the self attention, which was verified in our previous work – flow-guided transformer
(FGT). We further exploit the flow guidance and propose FGT++ to pursue more effective and efficient video inpainting. First, we
design a lightweight flow completion network by using local aggregation and edge loss. Second, to address the query degradation, we
propose a flow guidance feature integration module, which uses the motion discrepancy to enhance the features, together with a
flow-guided feature propagation module that warps the features according to the flows. Third, we decouple the transformer along the
temporal and spatial dimensions, where flows are used to select the tokens through a temporally deformable MHSA mechanism, and
global tokens are combined with the inner-window local tokens through a dual perspective MHSA mechanism. FGT++ is experimentally
evaluated to be outperforming the existing video inpainting networks qualitatively and quantitatively.

Index Terms—Flow completion, multi-head self attention, optical flow, transformer, video inpainting.

F

1 INTRODUCTION

V IDEO inpainting, aiming at filling-in the corrupted re-
gions in videos with plausible content [1], has been

widely applied in object removal [2], video retargeting [3],
video stabilization [4], and so on. Ideal video inpainting
should maintain the spatiotemporal coherence in the com-
pleted videos, so that the inpainted regions are as impercep-
tible as possible. Such goal is challenging since it requires
accurate modeling along both spatial and temporal dimen-
sions. Compared with image inpainting [5], [6], [7], [8], [9],
[10], [11], [12], [13], video inpainting concerns more about
the temporal dimension. If using image inpainting to video
frames individually, the results are seldom satisfactory since
they lack the temporal consistency perceived in natural
videos.

Recently, transformer [16] has been used for video in-
painting [15], [17], [18], [19] due to its remarkable long-
term spatiotemporal modeling ability. In most of the existing
studies of transformer-based video inpainting, the multiple
video frames are individually encoded into tokens. The fea-
ture relevance between the tokens associated with the cor-
rupted regions and the valid regions is estimated by various
transformer blocks. Next, the relevance is used to aggregate
the features to obtain the features of the corrupted regions,
and the obtained features are used to synthesize the in-
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(a) Input (b) FGT [14] (c) E2FGVI [15] (d) FGT++

Fig. 1: Qualitative comparison between FGT [14],
E2FGVI [15] and the extended FGT++. FGT++ is capable
of synthesizing more complete scene structure and finer
details, which leads to better spatiotemporal coherence in
video inpainting.

painted frames. Transformer-based methods have achieved
great success and outperformed their previous rivals. How-
ever, there is an intrinsic difficulty to adopt transformers
for video inpainting. The transformers are built upon the
multi-head self attention (MHSA) mechanism, which is the
key technology to estimate feature relevance and to restore
the features of the corrupted regions. Since the features
associated with the corrupted regions are inaccurate (they
cannot be accurate because of the frame-wise token genera-
tion). These inaccurate features incur error-prone estimation
of feature relevance, which further leads to unsatisfactory
restored features. This problem is named query degrada-
tion in this paper. Indeed, similar problems exist in other
transformer-based image/video processing tasks, such as
denoising [20], [21] and super-resolution [22], [23], but for
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inpainting, the problem is the most typical as the features
are non-uniformly degraded: the features associated with
the corrupted regions are degraded the most, while the
features from the valid regions are not degraded at all.

One solution to the query degradation problem is to first
complete the optical flows of the corrupted video and then
use the flows to guide the self attention in the transformers.
This solution is reasonable because: First, it is easier to
complete the flows than to complete the frames since the
former are more regular (e.g. well approximated by piece-
wise smooth signal) [24]; Second, the completed flows serve
as a strong indicator for spatiotemporal coherence, so we
can utilize the flow guidance to retrieve correct tokens with
a degraded query in transformers. Indeed, this solution had
been experimentally verified in our previous work, named
flow-guided transformer (FGT) [14]. FGT had demonstrated
its potential but still had several limitations. First, FGT is
not so much a solution to the query degradation problem
as a workaround for the problem. Second, the flow-guided
transformer architecture was not fully investigated in FGT.
Therefore, how to exploit the completed optical flows in
transformer-based video inpainting is worthy of in-depth
investigation.

In this paper, we extend our previous work FGT [14] and
conduct a comprehensive study to exploit the flow guidance
for transformer-based video inpainting. We propose FGT++
as a more effective video inpainting method that maintains
computational efficiency as possible. Following FGT, FGT++
is composed of two networks, a flow completion network
and a flow-guided transformer.

For the flow completion network, we notice the fact
that the motion fields are likely to be correlated in a tem-
porally local window due to inertia, and we propose to
aggregate the features of local flows to use their comple-
mentary nature, which greatly improves the flow comple-
tion accuracy over the previous studies [24], [25]. For a
decent performance-complexity tradeoff, we use the spatial-
temporal-decoupled pseudo 3D (P3D) blocks [26] to build a
U-Net-like [27] encoder. We also introduce a new edge loss
when training the flow completion network, which helps re-
construct sharper edges in the completed flows, i.e., sharper
motion boundaries, without any additional inference cost.

We explicitly address the query degradation problem
by proposing two orthogonal modules. First, we propose
a Flow Guidance Feature Integration (FGFI) module, which
utilizes the completed optical flows to supply motion dis-
crepancy to the encoded features. Second, we propose a
Flow-Guided Feature Propagation (FGFP) module, which
propagates the features along the temporal dimension based
on the trajectories suggested by the completed flows, before
performing MHSA in the transformer units. To deal with
possible errors in the completed flows, we further use
deformable convolution [28] to predict offsets to refine the
trajectories. In this manner, we ameliorate the feature quality
in the corrupted regions based on the features exposed in
nearby frames.

We redesign the flow-guided transformer in FGT to
incorporate the proposed FGFI and FGFP modules. Specifi-
cally, we decouple the transformer along the temporal and
spatial dimensions, i.e., the transformer consists of temporal
transformer units and spatial transformer units. In both

temporal and spatial units, we use the window partition
strategy [29], [30], [31] to improve the efficiency without
sacrificing the effectiveness. In the temporal transformers,
in addition to the large-window attention to ensure enough
receptive field, we propose a temporally deformable MHSA
(TD-MHSA) mechanism, which uses the completed flows
to select the tokens in a much smaller window. In the
spatial transformers, we restrict the attention within a small
window to pursue less computational cost, which nonethe-
less limits the receptive field; so we further condense the
tokens from the entire token map and integrate such global
tokens with the inner-window local tokens through a dual
perspective MHSA (DP-MHSA) mechanism.

In the training of flow-guided transformer, we introduce
an amplitude loss, i.e., the Fourier spectrum amplitude dif-
ferences between ground-truth and inpainted video frames.
We demonstrate that the amplitude loss is effective for
refining the low-frequency content in the inpainted videos.
To our best knowledge, such Fourier spectrum losses were
not studied for inpainting in the literature.

In summary, the contributions we have made in this
paper include:
• We analyze the query degradation problem in

transformer-based video inpainting, and propose FGFI
and FGFP modules to mitigate the problem.

• We propose a flow-guided transformer architecture,
including TD-MHSA and DP-MHSA mechanisms for
temporal and spatial transformer units, respectively.

• We design a flow completion network with local flow
feature aggregation, which outperforms previous flow
completion networks significantly.

• We conduct extensive experiments to demonstrate the
effectiveness and efficiency of the proposed methods.
Our FGT++ is superior than previous video inpainting
networks qualitatively and quantitatively, as shown in
Fig. 1.

2 RELATED WORK

2.1 Video Inpainting
Traditional video inpainting methods [1], [2], [4], [32], [33],
[34] adopt homography or optical flows to explore the
geometry relationship through the whole video to propagate
the content from valid regions to invalid regions spatiotem-
porally. Specifically, Huang et al. [35] exploit the intrinsic
property of natural videos and design a set of energy
equation for joint optimizing the motion field and frame
quality iteratively, which achieves coherent video inpainting
quality with unprecedented fidelity.

Recently, researchers put more efforts into deep learning
based video inpainting, which can be divided into flow-
based methods and pixel-oriented methods. Flow-based
methods [24], [25], [36] firstly complete optical flows and
then utilize the completed flows to capture the corre-
spondence between the valid regions and the corrupted
regions in a chain-like manner through all video frames.
Our method also includes the flow completion component.
Besides the frame content propagation, we explore the usage
of completed optical flows in feature propagation, feature
enhancement and temporal attention guidance for better
video completion quality.
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Fig. 2: Our method consists of two steps. Firstly, we adopt the Local Aggregation Flow Completion network (LAFC) to
complete the corrupted target flows. Secondly, we synthesize corrupted regions with improved flow-guided transformer
under the guidance of the completed optical flows. The “Flow-guided content propagation” module is optional. PEG:
Position embedding generator.

The second category targets on directly synthesizing
the corrupted regions in video frames with the help of
spatiotemporal context. Some works adopt 3D CNN [37],
[38] or channel shift [39], [40], [41] to facilitate the interac-
tion between complementary features in a local temporal
window. Several methods integrate recurrent [3], [42] or
attention [43], [44] mechanism to CNN-based networks,
which is beneficial for extending the limited receptive field
of traditional convolution. Inspired by the spatiotemporal
redundancy in videos, Zhang et al. [45] and Ouyang et
al. [46] adopt internal learning to perform long range prop-
agation for video inpainting. Currently, Zeng et al. [17], Liu
et al. [18], [19] and Li et al. [15] adapt transformer [16] to
retrieve similar features in a considerable temporal receptive
field for high-quality video inpainting. Our method is also
built on transformer, but differently, we explicitly exploit the
motion correspondence across frames under the guidance
of completed optical flows to ease the query degradation
problem and provide temporal relevance prior to temporal
transformer blocks.

2.2 Image Inpainting

Image inpainting aims at filling the corrupted regions in
images with plausible content to maintain the spatial coher-
ence of the completed images. Traditional Image inpainting
methods can be divided into two categories, i.e. diffusion-
based methods and patch-based methods. The seminal work
of Bertalmio et al. [47] proposes image inpainting problem
for the first time, which uses PDE to progressively propagate
content from the boundary to the corrupted regions. As a
representative work in patch-based image inpainting, Patch-
Match [48] adopts a fast nearest-neighbor field algorithm to
generate high-quality inpainting results and reduce compu-
tational cost simultaneously. Recently, deep learning based
image inpainting methods utilize the powerful semantic
analysis ability of CNN and GAN [49] to synthesize new
content that may not exist in the corrupted images [5],
[6], [8]. Partial convolution [7] and gated convolution [9]
are proposed to fill the free-form holes to complement the

limitations of the traditional CNN. Recently, researchers
introduce the structure guidance [10], [11] and the semantic
guidance [13] to further improve the performance of image
inpainting. Different from image inpainting, video inpaint-
ing requires coherence not only in one frame, but across all
the frames through a video, which is more challenging.

2.3 Transformers in Computer Vision

Recently, transformer [16] sparks the computer vision com-
munity due to its outstanding long range feature capture
ability. Transformer has been integrated to numerous fields
and achieved promising performance, such as basic archi-
tecture design [29], [30], [31], image classification [50], [51],
[52], [53], object detection [54], [55], action detection [56],
segmentation [57], etc. Our method is an advanced adapta-
tion of transformer in video inpainting from the perspective
of motion exploitation. Besides, we also propose several
meticulously designed strategies to improve efficiency while
maintaining competitive performance, including spatial-
temporal decomposition, temporal deformable MHSA and
the combination of local and global tokes in spatial MHSA.

3 METHOD

Assume the video length is T , the input of video inpainting
is a corrupted video sequence X :={X1, ..., XT } and its
corresponding mask sequence M :={M1, ...,MT }. In each
mask Mt, “1” indicates the missing regions, and “0” repre-
sents the valid regions. Our goal is to synthesize the missing
regions in the video sequence and maintain the spatiotem-
poral coherence between our result Ŷ :={Ŷ1, ..., ŶT } and
the ground truth video sequence Y :={Y1, ..., YT }.

We illustrate the pipeline of our method in Fig. 2.
Our pipeline is composed of a Local Aggregation Flow
Completion network (LAFC) for flow completion and an
improved version of flow-guided transformer to synthesize
the corrupted regions. Given a corrupted video sequence
X , we firstly estimate its bidirectional optical flows F̃f
and F̃b. Then, we complete each optical flows based on



JOURNAL OF LATEXCLASS FILES, JANUARY 2023 4

itself and its local references with LAFC. We adopt FGT++
to synthesize the corrupted regions under the guidance
from the completed flows. The inference strategy is flex-
ible. We can perform the flow-guide content propagation
(FGCP) [25] first and inpaint the rest corrupted regions
or synthesize all the corrupted regions with the flow-
guided transformer. The former is slower but owns bet-
ter performance. FGT++ inpaints video frames under the
sliding window strategy. In each forward pass, we sample
local frames Xl = {Xt−s, ..., Xt−1, Xt, Xt+1, ..., Xt+s} and
global frames Xg = {Xr, X2r, ...}. Where s denotes as the
sampling stride of the local frames and r is the sampling
interval in global frames. The global frame sequence Xg are
used to enlarge the temporal receptive field. We feed Xl

and Xg to FGT++ and obtain the completed local frames
X̂l. Such process is iterated until all of video frames are
completed.

3.1 Flow Completion Network

3.1.1 Local aggregation

The motion and velocity variance caused by force over
time causes the degradation of correlation between distant
optical flows. Fortunately, the variance of instantaneous
motion is a gradual process, therefore the optical flows
are highly correlated in a short temporal window. Such
correlation can serve as a strong reference for more accurate
flow completion.

Previous works [58], [59] mainly adopt 3D convolu-
tion [60] to capture local temporal correlation. However,
it greatly increases the difficulty for network optimization
due to its considerable parameter size and computation
overhead. Recently, there are numerous variants of 3D con-
volutions [26], [61], [62], [63], which maintains the local
temporal modeling property of traditional 3D convolution
while greatly reduces the computation cost. Considering
efficiency, we adopt P3D block [26] instead to capture the
local temporal correlation between optical flows in a short
temporal window by decoupling the spatial and temporal
processing. We integrate P3D blocks into the encoder of
LAFC and add skip connection [27] to exploit the local
correlation between optical flows. LAFC processes forward
and backward optical flows in the same manner, therefore
we unify the signs of forward and backward flows to F
for simplicity. Given a corrupted optical flow sequence, we
adopt Laplacian filling to obtain the initialized flows F̃ =
{F̃t−ni, ..., F̃t, ..., F̃t+ni}, where F̃t is the target corrupted
flow, i is the temporal interval between consecutive flows,
and the length of the flow sequence is 2n + 1. We feed the
initialized flow sequence F̃ to LAFC for flow completion of
the target flow F̃t. We denote the input of m-th P3D block as
f̃m, and the output as f̃m+1. We formulate the local feature
aggregation process as

f̃m+1 = TC(SC(f̃m)) + f̃m, (1)

where TC represents 1D temporal convolution, and SC is
the 2D spatial convolution. We keep the temporal resolution
unchanged except the final P3D block in the encoder and
that inserted in the skip connection. We shrink the temporal
resolution inside these blocks to obtain the aggregated flow

features of the target flow. Finally, we utilize a 2D decoder
to obtain the completed target optical flow F̂t.

3.1.2 Edge loss

As discussed previously, motion variance in a short tem-
poral window is gradual. Therefore, flow fields are piece-
wise smooth, which means the gradients of optical flows
are considerable small except motion boundaries [25]. The
edges in flow maps inherently contain crucial salient fea-
tures that benefit the reconstruction of motion boundaries.
Nevertheless, the reconstruction of motion boundaries in
optical flows is tough, as there is no explicit guidance. In
LAFC, we design a novel edge loss to supervise the comple-
tion quality in motion boundaries of F̂t explicitly, which can
improve the flow completion quality without introducing
additional computation overhead during inference.

Firstly, we extract the motion boundaries of the com-
pleted target flow F̂t with a small projection network Pe.
Then, we extract the edges from the ground truth Ft with
Canny edge detector [64] as the ground truth of motion
boundaries and calculate the binary cross entropy loss be-
tween them. We formulate edge loss as

Le = BCE(Canny(Ft), Pe(F̂t)). (2)

We utilize four convolution layers with residual connection
[65] to formulate Pe.

3.1.3 Entire loss function

We adopt L1 loss to supervise F̂t in the corrupted and the
valid regions, respectively. The loss function is

Lc =
∥∥∥Mt � (Ft − F̂t)

∥∥∥
1
/ ‖Mt‖1 ,

Lv =
∥∥∥(1−Mt)� (Ft − F̂t)

∥∥∥
1
/ ‖(1−Mt)‖1 ,

(3)

where � denotes as Hadamard product. Lc and Lv repre-
sent the reconstruction loss in the corrupted and the valid
regions, respectively.

Considering the piece-wise smoothness property of the
optical flows, we impose the first and the second order
smoothness loss to F̂t.

Ls =
∥∥∥∇F̂t∥∥∥

1
+
∥∥∥4F̂t∥∥∥

1
. (4)

Moreover, we also warp the corresponding ground truth
frames with F̂t to penalize the regions with large warp error.
We formulate the warp loss as

Lw =
∥∥∥W(F̂t→t+1, Yt+1)− Yt

∥∥∥
1
. (5)

The warp loss with backward flows can be extended
straightforwardly. We perform forward-backward consis-
tency check [66] to expel occlusion regions for more robust
warping error estimation. LAFC adopts the combination of
Lc, Lv , Ls, Lw and the edge loss Le as the loss function,
which is formulated as

LF = λ1Lc + λ2Lv + λ3Ls + λ4Lw + λ5Le. (6)

We simply set λ1, λ2 and λ5 to 1, λ3 to 0.5 and λ4 to 0.01 for
the balance of magnitude between different loss terms.
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Fig. 3: The illustration of flow guidance feature integration
module (FGFI).

3.2 Overview of Flow-Guided Transformer
The framework of improved flow-guided transformer is
illustrated in Fig. 2. The inputs are the combination of
local and global frames Xin = Xl + Xg . These frames are
firstly encoded to feature space FI , and then transformed
to tokens maps TI for transformer processing. The kernel
size, stride and padding in transformation operation follow
the settings of FFM [18]. We follow CVPT [67] to provide
positional embedding for video inpainting in flexible reso-
lutions, which adopts a depth-wise convolution block [68]
after the first transformer block. We utilize the spatiotem-
porally decoupled transformer blocks to explore the feature
correlation to complete the corrupted features. Finally, we
utilize a decoder to output the completed frames Ŷ .

In order to address the query degradation problem, we
utilize the bidirectional completed optical flows of Xl to
build the correlation between complementary features in FI
for high quality feature generation in the corrupted regions.
According to the intrinsic properties of spatial and temporal
processing, we elaborately design different window parti-
tion strategies for temporal and spatial transformer blocks.
In temporal transformer blocks, we combine large window
and temporal deformable MHSA for attention retrieval in
different temporal granularity. In spatial transformer blocks,
we design the dual perspective MHSA to maintain the local
smoothness while enlarging the spatial receptive field to
strike a balance between performance and efficiency trade-
off.

3.3 Proposed Solutions for Query Degradation
3.3.1 Query degradation
Previous transformer-based video inpainting methods [17],
[18], [19] mainly contain a frame-wise encoder, some cas-
caded transformer blocks and a frame-wise decoder. The
MHSA mechanism in transformer blocks measures the co-
sine similarity between query and key tokens, which is
formulated as

H = softmax(QKT /
√
D)V , (7)

where H , Q, K and V represent the completed features af-
ter attention processing, query, key and value, respectively.
And D is the token dimension. A = softmax(QKT /

√
D)

is the attention score. The query tokens tend to retrieve the
key tokens with similar context. If the query token Qi is
closer to the key token Kj than Km in token space, the
corresponding attention score will be Aij > Aim, where
Aij = softmax(QiK

T
j /
√
D).

If the features that generate query tokens are encoded
from a frame-wise encoder, the features in the corrupted
regions are synthesized based on the features from the
valid regions in the same frame. Such operation limits the
feature quality in the corrupted regions, especially when the
appearance in the corrupted features varies a lot against that
in the valid features.

We name such phenomenon as query degradation and
propose two orthogonal strategies to mitigate this problem.
One is “Flow guidance feature integration” (FGFI) and the
other is “Flow-guided feature propagation” (FGFP).

3.3.2 Flow guidance feature integration

The motion discrepancy between different objects and back-
ground exposed in completed optical flows supplies content
relationship within the feature map. The tokens with similar
motion magnitude are more likely to be relevant. Thus the
completed flows are capable of serving as the additional
guidance to enhance the frame features for more accurate
attention retrieval.

As discussed in Sec. 3.1, the local correlated property
of different optical flows lacks temporally long-range mod-
eling ability, which is necessary for temporal attention re-
trieval. Therefore, we decouple MHSA in transformer blocks
along spatial and temporal dimension and only exploit
the optical flows to enhance the features in the spatial
transformer to perform flow guidance feature integration.
A straightforward way is to encode completed flows F̂t into
flow tokens TF and concatenate with the frame tokens TI
along channel dimension before performing spatial MHSA.
However, the imperfectness of completed flows may mis-
lead the judgement of the relevant regions. Moreover, the
similar motion patterns may indicate different appearance
and the appearance may also vary a lot within objects,
which is likely to confuse the attention retrieval process.
Therefore, we propose a flow-reweight module to control
the impact of flow tokens TF based on the interaction
between TF and TI . We illustrate flow token integration
process in Fig. 3 and formulate the process as

ˆTF
j

t = TF jt �MLP(C(TIjt , TF
j
t )), (8)

where C is the concatenation operation. MLP stands for
the MLP layers. TIjt , TF jt and ˆTF

j

t represents the t-th
frame token map, flow token map and reweighted flow
token map in j-th spatial transformer, respectively. Finally,
we concatenate ˆTF

j

t and TIjt to obtain the flow-enhanced
tokens T̃ I

j

t to guide attention retrieval in spatial MHSA.

3.3.3 Flow-guided feature propagation

The relative motion between the corrupted regions and
the scenes causes the exposure of complementary features
across different frames. Therefore, modeling the correlation
of features temporally and propagating them along tem-
poral dimension is crucial for obtaining accurate features.
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Based on such motivation, we design the flow-guided fea-
ture propagation module (FGFP).

Fig. 4 depicts the working procedure of FGFP and the
technical details for feature propagation. Inspired by [15],
[69], we adopt the combination of first order, second or-
der and bidirectional feature propagation for more robust
propagation performance. We only propagate the features
across the features from local frames Xl because the quality
of optical flows across temporally distant frames degrades
severely. Assume the t-th feature in FI is FIt, the completed
optical flow from t to t+ 1 is F̂t→t+1, the FGFP module can
be formulated as

F̂ I
f

t = FGFP(FIt, FTt−1, F̂t→t−1, FTt−2, F̂t→t−2),

F̂ I
b

t = FGFP(FIt, FTt+1, F̂t→t+1, FTt+2, F̂t→t+2),

F̂ It = E(F̂ T
f

t , F̂ T
b

t),

(9)

where F̂ I
f

t and F̂ I
b

t denote as the forward and backward
propagated features, respectively, and F̂ It is the propagated
feature after feature fusion. FGFP is the FGFP block. All the
local frames in Xl share the same FGFP block. And E is the
feature fusion module to aggregate the propagated features.

In order to compensate the distorted motion trajectory
from the imperfect completed optical flows, we adopt the
deformable convolution [28] to predict the residual motion
offset of the completed optical flows. The trainable de-
formable convolution can refine the distortion of completed
optical flows. Such refinement operation is critical for the
feature propagation accuracy, which leads to further video
inpainting performance improvement.

We place the flow-guided feature propagation (FGFP)
module before MHSA in transformer blocks. For the first
transformer block, we insert FGFP module between the
frame-wise encoder and the transformer block. For other
transformer blocks, if we directly insert FGFP between two
transformer blocks, the extra transition between feature
space and token space will bring additional computation
cost. The feed forward layer in FGT [14] follows the F3N
layer in FFM [18], which contains the transition process
between these two spaces. The formula of F3N is

TI1t = MLP(TIt), F I1t = SC(TI1t ),

T̂ I
1

t = SS(FI1t ), T̂ It = MLP(T̂ I
1

t ),
(10)

M
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M
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Fig. 5: The difference between FGF3N and F3N module. SC
and SS are the soft composition and soft split operation in
FFM [18]. F̂ denotes as the completed optical flows.

Token map Attention zone

Fig. 6: The illustration of large window MHSA in temporal
transformer block.

where TI1t is token map processed by the first MLP layer;
FI1t is generated from TI1t with soft composition (SC); T̂ I

1

t

is the token map processed by soft split (SS) and T̂ It is the
output feature from the second MLP layer. The transition
between token space and feature space in F3N enables us
to integrate FGFP modules into the transformer blocks.
We place FGFP module between SC and SS in F3N, as
depicted in Fig. 5. We denote the modified F3N layer as the
FGF3N layer (flow guided F3N layer). The FGFP module
in the previous transformer is capable of improving the
feature expressiveness, which is beneficial to ameliorating
the attention retrieval accuracy in the MHSA of the later
transformer blocks.

3.4 Flow-Guided Transformer Architecture
3.4.1 Temporally deformable MHSA
FGT [14] designs a novel large window transformer to
maintain large spatiotemporal receptive field while reduce
the computation overhead compared with all-pair attention
retrieval in FFM [18]. The core of this transformer block is
large window MHSA, as depicted in Fig. 6, which plays
an important role in aggregating the context features from
temporally distant frames.

However, large window MHSA is inefficient in model-
ing the feature correlation between the temporally nearby
frames. The motion fields in temporally nearby frames are
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Fig. 7: The technical details of temporal deformable MHSA
in the temporal transformer block. SS: soft split; SC: soft
composition; LP: linear projection.

powerful priors in capturing temporal feature correspon-
dence, which is naturally described by the completed optical
flows F̂ . Therefore, besides the temporally global large
window MHSA, we design a novel temporal deformable
MHSA (TD-MHSA) to refine the attention retrieval in local
frames Xl under the guidance from completed flows F̂ .

We illustrate the module design of TD-MHSA in Fig. 7.
TD-MHSA aims to model the correlation between the t-th
token map TIt and the relevant content in t − 1-th and
t + 1-th token maps guided by completed optical flows
F̂t→t−1 and F̂t→t+1. First, we use SC to transform the token
map TIt−1 and TIt+1 to the feature space and obtain the
corresponding features

F̂ It−1 = SC(TIt−1),

F̂ It+1 = SC(TIt+1).
(11)

After we obtain F̂ It−1 and F̂ It+1, we exploit the cor-
responding completed optical flows F̂t→t−1 and F̂t→t+1 to
aggregate the relevant content in the warped location along
temporal dimension, and use SS to map the features to token
space for attention.

TIt−1→t = SS(W(F̂ It−1, F̂t→t−1)),

T It+1→t = SS(W(F̂ It+1, F̂t→t+1)),
(12)

whereW is the backward warping operation, TIt−1→t and
TIt+1→t represent the warped token map from t − 1 to t
and t+ 1 to t, respectively.

Finally, we encode the query, key and value based on the
warped token maps. An ideal case is that we only perform
MHSA for the tokens in the corresponding spatial location
along temporal dimension. However, since the completed
optical flows are not perfect, the constructed feature rel-
evance may be inaccurate. To improve the robustness of
TD-MHSA, we impose the window partition strategy to
the token maps. Different from large window MHSA, we
adopt smaller windows to TD-MHSA because the overall

Flatten

C

queryLP

LP

LP

key

value

Window partition

Flatten

m tokens

n tokens
…

M+n tokensExtract global tokens

LN+MHSA

LP Linear projection C Concatenation

Fig. 8: The illustration of dual perspective spatial MHSA in
the spatial transformer blocks.

correspondence has been modeled by the completed optical
flows. We set the height and width of TD-MHSA to be half
of that in large window MHSA. For t-th token map TIt
encoded from local frames Xl, we denote its d-th window
as TIt(d). We formulate the encoding process of query, key
and value as

Qt(d) = MLP(LN(TIt(d)),

Kt(d) = MLP(LN(C(T̂ It−1→t(d), T It(d), T̂ It+1→t(d)))),

Vt(d) = MLP(LN(C(T̂ It−1→t(d), T It(d), T̂ It+1→t(d)))),
(13)

where MLP and LN represents the MLP and layer nor-
malization layers [70], respectively. C is the concatenation
operation. Qt(d), Kt(d) and Vt(d) denotes as the query, key
and value tokens in d-th window, respectively. We perform
MHSA based on the encoded query, key and value.

3.4.2 Dual perspective MHSA

Since the neighbor tokens are more correlated due to the
local smoothness prior of natural images, we adopt relative
small window in spatial transformer. Assume the height,
width and channel size of token map are H , W and
C , respectively, the t-th frame token can be formulated
as TIjt ∈ RH×W×C . We divide TIjt into several h × w
non-overlapped windows and perform spatial MHSA in-
side each window. However, such operation introduces re-
stricted receptive field, which causes sub-optimal attention
retrieval performance. Moreover, if the window contains
numerous tokens projected from the corrupted regions, such
restricted receptive field lacks the ability to retrieve the
content from the valid regions. Therefore, we adopt depth-
wise convolution [68] to condense TIjt to global tokens,
and feed them to each window. Given the kernel size k
and downsampling rate s (also known as stride), the global
tokens are generated as

TGt = DC(TIt, k, s), (14)

where TGt represents the condensed global tokens and DC
is the depth-wise convolution. The query Qt(d), key Kt(d)
and value Vt(d) of the d-th window in TIt are generated as

Qt(d) = MLP(LN(TIt(d))),

Kt(d) = MLP(LN(C(TIt(d), TGt))),
Vt(d) = MLP(LN(C(TIt(d), TGt))),

(15)
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where TIt(d) stands for the d-th window in TIt. We apply
the spatial MHSA to process Qt(d), Kt(d) and Vt(d). We
illustrate the dual perspective spatial MHSA in Fig. 8.

Note that the global tokens are shared by all the win-
dows. In each spatial transformer, all-pair attention retrieval
in MHSA will lead each token to retrieve H × W tokens.
While the token number for retrieval in our dual perspective
spatial MHSA is (dHs e × d

W
s e+ h× w). We can derive that

when s > d
√

HW
HW−hw e, the referenced token number will

get reduced compared with all-pair attention retrieval.
Recently, focal transformer [30] also combines local and

global attention in transformer. Compared with [30], our
method decouples the global token size and the window
shape, which is more flexible than the sub-window pooling
strategy in focal transformer.

3.4.3 Loss function

We adopt the reconstruction loss in the corrupted and
the valid regions together with the T-Patch GAN loss [38]
to supervise the training process. Different from previous
works [15], [17], [18], we measure the reconstruction loss
not only from the spatial domain, but we also introduce
the frequency domain loss to supervise the amplitude of
Fourier transform between the reconstructed frames and the
ground truth. The spatial domain reconstruction loss can be
formulated as

Lyc =
∥∥∥Mt � (Yt − Ŷt)

∥∥∥
1
/ ‖Mt‖1 ,

Lyv =
∥∥∥(1−Mt)� (Yt − Ŷt)

∥∥∥
1
/ ‖(1−Mt)‖1 .

(16)

Recently, the analysis in frequency domain is introduced
in low-level vision field, and achieves significant progress
in image inpainting [71], video super-resolution [72], image
enhancement [73], etc. To the best of knowledge, this work
is the first attempt to introduce frequency domain analysis
in video inpainting.

Specifically, we introduce amplitude loss to the training
of FGT++, which supervises the amplitude of the inpainted
frame Ŷt and the ground truth Yt. For a given image K ,
the Fourier transform converts K from spatial to frequency
domain.

K(u, v) =
1√
HW

H−1∑
h=0

W−1∑
w=0

K(h,w)e−j2π(
h
H u+

w
W v). (17)

We denote the above process as F . After we obtain
K(u, v), we solve the amplitude component with the real
and imaginary part of K(u, v)

A(K(u, v)) =
√
R2(K(u, v)) + I2(K(u, v)), (18)

where R(K(u, v)) and I(K(u, v)) represents the real and
imaginary part of K(u, v), respectively. And A(K(u, v))
denotes as the amplitude of K(u, v). Following the above
process, we can get the amplitude of the restored frame and
the ground truth, and supervise the distance between them
with L1 loss, which is formulated as

Lamp =
∥∥∥A(F(Ŷt))−A(F(Yt))∥∥∥

1
. (19)

As for adversarial loss, we follow the previous work [17],
which is formulated as

Ladv = −Ez∼PŶt(z)
[D(z)]. (20)

The discriminator loss is

LD = Ex∼PYt (x)
[ReLU(1 +D(x))],

+ Ez∼PŶt
(z)[ReLU(1−D(z))].

(21)

where D represents the discriminator. Therefore, the gen-
erator loss is the combination of the loss terms described
above.

Ly = λy1Lyc + λy2Lyv + λy3Ladv + λy4Lamp. (22)

Following previous works [17], [18], we simply set λy1 and
λy2 to 1, λy3 to 0.01 and λy4 to 0.1.

4 EXPERIMENTS

4.1 Settings
We adopt Youtube-VOS [74] and DAVIS [75] datasets for
evaluation. Youtube-VOS contains 4453 videos, including
3471 videos for training, 474 videos for validation and 508
videos for inference. DAVIS contains 150 videos, including
60 for training and 90 for validation. Following original
splits, we adopt the training set of Youtube-VOS to train
our networks and the testset for inference. As for DAVIS,
we adopt its training set for inference because these frames
have corresponding densely annotated masks.

Following the previous work [25], we choose PSNR,
SSIM [76] and LPIPS [77] as video inpainting metrics. Mean-
while, we adopt end-point-error (EPE) to evaluate the flow
completion quality. We compare our method with FGT [14]
and other state-of-the-art baselines, including VINet [3],
DFGVI [24], CPN [43], OPN [44], 3DGC [38], STTN [17],
FGVC [25], TSAM [40], DSTT [19], FFM [18] and E2FGVI
[15].

4.2 Implementation Details
In our experiments, We utilize RAFT [78] to estimate optical
flows. In LAFC, the flow interval and input flow number
are both set to 3. The middle optical flow is treated as the
target flow during completion. FGT++ adopts 8 transformer
blocks in total (4 temporal and 4 spatial transformer blocks).
In the temporal transformer blocks, we adopt 2×2 zone
division for large window MHSA, and the height and width
of temporal deformable MHSA are set to be half of that
in large window MHSA. In the spatial transformer blocks,
the downsampling rate of the global token is 4, while the
window size is 8. Different from FGT, FGT++ adopts FGFI
module only in the first spatial transformer block. We adopt
the FGFP module in the first 6 transformer blocks and the
TD-MHSA to all the temporal transformer blocks. We adopt
Adam optimizer [79] to train our networks. The training
iteration is 280K for LAFC and 500K for FGT++. The initial
learning rate is 1e-4, which is divided by 10 after 120K
iterations for LAFC and 400K iterations for FGT++. During
FGT++ training, we sample 5 temporally nearby frames
as the local frames and sample additional 3 frames as the
global frames. For ablation studies, following FFM [18], we
choose DAVIS dataset, and train FGT++ for 250K iterations,
whose learning rate is divided by 10 after 200K iterations.
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TABLE 1: Quantitative results on the Youtube-VOS and DAVIS datasets. The best and second best numbers for each metric
are indicated by red and blue fonts, respectively. ↓ means lower is better, while ↑ means higher is better. “FGT++*” means
we adopt the completed flows to perform flow-guided content propagation first and utilize FGT++ to fill the rest unfilled
regions.

Method Youtube-VOS DAVIS
square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
VINet [3] 29.83 0.955 0.047 28.32 0.943 0.049 28.47 0.922 0.083
DFGVI [24] 32.05 0.965 0.038 29.75 0.959 0.037 30.28 0.925 0.052
CPN [43] 32.17 0.963 0.040 30.20 0.953 0.049 31.59 0.933 0.058
OPN [44] 32.66 0.965 0.039 31.15 0.958 0.044 32.40 0.944 0.041
3DGC [38] 30.22 0.961 0.041 28.19 0.944 0.049 31.69 0.940 0.054
STTN [17] 32.49 0.964 0.040 30.54 0.954 0.047 32.83 0.943 0.052
TSAM [40] 31.62 0.962 0.031 29.73 0.951 0.036 31.50 0.934 0.048
DSTT [19] 33.53 0.969 0.031 31.61 0.960 0.037 33.39 0.945 0.050
FFM [18] 33.73 0.970 0.030 31.87 0.965 0.034 34.19 0.951 0.045
E2FGVI [15] 34.75 0.974 0.027 33.06 0.969 0.030 35.02 0.957 0.039
FGVC [25] 33.94 0.972 0.026 32.14 0.967 0.030 33.91 0.955 0.036
FGT [14] 34.04 0.971 0.028 32.60 0.965 0.032 34.30 0.953 0.040
FGT++ 35.02 0.976 0.025 33.18 0.971 0.028 35.61 0.961 0.035
FGT++* 35.36 0.978 0.022 33.72 0.976 0.022 35.90 0.968 0.027

4.3 Quantitative Evaluation
We set the resolution of videos to 432×256 during inference.
In order to evaluate the performance comprehensively, we
adopt the square maskset and object maskset during infer-
ence. The square maskset is static or generated with contin-
uous motion trace. We adopt it to evaluate the performance
of Youtube-VOS and DAVIS datasets. The average size of the
masks is 1

16 of the whole frame. As for the object maskset,
we shuffle DAVIS object masks randomly to evaluate video
inpainting performance. For fair comparisons among flow-
based video inpainting methods, we utilize the same optical
flow extractor for DFGVI [24] and FGVC [25] as our method.

We report the quantitative evaluation results between
our method and other baselines in Tab. 1. Our method
outperforms previous baselines by a significant margin on
all three metrics, which means our method is capable of
inpainting videos with less distortion and better perceptual
quality against existing baselines. The quantitative improve-
ment of FGT++ against FGT demonstrate the effectiveness
of the newly proposed components. Compared with pure
FGT++, if we adopt flow-guided content propagation first
and utilize the FGT++ to inpaint the left corrupted re-
gions, we can boost the performance further, as indicated
in FGT++*.

4.4 Qualitative Comparison
We illustrate the qualitative comparisons between our
method and four recent baselines [14], [15], [18], [25] under
the square mask, object mask and object removal settings
in Fig. 9. Compared with these baselines, our method
enjoys outstanding visual quality. Thanks to the precise
optical flows synthesized by LAFC, FGT++ could restore
the corrupted video frames with high fidelity based on the
accurate motion trajectory and object clusters formed by
the completed optical flows. Moreover, the accurate optical
flows also plays an important role in providing less content
propagation error than FGVC [25], which leads to more

TABLE 2: Model analysis. We gradually replace the
flow completion network and frame synthesis network
with LAFC and FGT++ to validate our proposals.
“FGVC→FGT++” means we adopt the completed flows
from FGVC to perform content propagation and guide the
inference of FGT++.

Method square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

FGVC [25] 32.14 0.967 0.030 33.91 0.955 0.034
FGVC→FGT++ 32.95 0.969 0.026 34.59 0.961 0.032

FGT++* 33.72 0.976 0.022 35.90 0.968 0.027

TABLE 3: Efficiency analysis between FGT++ and current
video inpainting transformers. The resolution of the pro-
cessed video is 432×256.

Method Flops Params Speed

STTN [17] 477.91G 16.56M 0.22s
FFM [18] 579.82G 36.59M 0.30s

E2FGVI [15] 493.49G 41.80M 0.28s
FGT [14] 455.91G 42.31M 0.39s
FGT++ 488.59G 53.30M 0.53s
FGT++* 488.59G 53.30M 2.14s

precise content propagation results in FGT++*. Therefore,
our method can naturally synthesize more visual pleasing
video frames.

4.5 Ablation Studies
4.5.1 Model analysis
In order to analyze the role that flow completion and
transformer-based frame synthesis in video inpainting, we
start from FGVC [25] and gradually adapt it with our
proposed components. We report the results in Tab. 2. Com-
pared with FGVC, “FGVC→FGT++” demonstrates FGT++
is more reasonable than the image inpainting baseline [8]
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(a) Input (b) FFM [18] (c) E2FGVI [15] (d) FGVC [25] (e) FGT [14] (f) FGT++ (g) FGT++*

Fig. 9: Qualitative comparison between our method and some recent baselines [14], [15], [18], [25]. From top to bottom,
every two rows display inpainting results of square maskset, object maskset, and object removal, respectively.

to complete the unfilled regions after flow-guided con-
tent propagation. Furthermore, the great improvement of
“FGT++*” against the other baselines also demonstrates the
importance of the accurate motion trajectory formed by
the LAFC completed optical flows in video inpainting. In
Tab. 3, we compare FGT++ with different transformer-based
video inpainting methods. Since FLOPs in video inpainting
is related to the number of frames processed simultaneously,
we assume the processed frame number is 20, including 10
local and 10 global frames. This is a common practice in
STTN [17] and FFM [18]. Although FGT++ contains more
parameters than previous baselines, the computation cost is
controllable due to the elaborately designed window par-
tition strategy for temporal and spatial transformer blocks,
respectively, which indicates the memory usage of FGT++
is highly competitive. As for the inference speed, if we
adopt FGT++ to complete all the missing regions purely,
the speed is slower compared with previous transformer
baselines but still competitive. If we adopt flow-guided
content propagation procedure (FGT++*), we can obtain
much better video inpainting quality, but the speed will
degrade to 2.14s/frame because Poisson blending operation
consumes much time.

4.5.2 Flow completion
We report EPE of LAFC against four baselines, including the
previous flow completion methods [24], [25], LAFC without
edge loss supervision and LAFC without local feature aggre-
gation. We show the results in Tab. 4. With the introduction
of local aggregation and edge loss, our method achieves
substantial improvement. We illustrate the subjective im-
provement in Fig. 10. Local aggregation empowers LAFC to
exploit the complementary flow features in a local temporal

TABLE 4: Quantitative improvement of our proposals for
flow completion. S: single flow completion, LA: Flow com-
pletion with local aggregation, Le: Edge loss.

Maskset EPE↓

DFGVI [24] FGVC [25] S LA LA + Le

square 1.161 0.633 0.546 0.524 0.511
object 1.053 0.491 0.359 0.338 0.328

window, which is beneficial for flow completion under the
exposed references. With edge loss, LAFC can synthesize
optical flows with clearer motion boundaries. Finally, we
report the influence of flow number and flow interval w.r.t.
EPE in Fig. 11. When the flow number or interval is too
small, the target flow cannot utilize abundant references
for accurate flow completion, which undermines the perfor-
mance. However, if the flow number or interval is too large,
the flow completion performance will deteriorate gradually
because of the relevance degradation of the distant optical
flows.

4.5.3 Flow-guided transformer
In this part, we adopt FGT++ to synthesize all pixels in
the corrupted regions for fair comparisons across different
settings. We evaluate the effectiveness of the design of
FGT++ from two perspectives. The first is our designed
window partition strategy in temporal and spatial trans-
former blocks, including temporal deformable MHSA (TD-
MHSA) and dual perspective spatial MHSA (DP-MHSA).
And the second is the flow guidance integration module
(FGFI) and the flow-guided feature propagation module
(FGFP). FGT++ adopts these two components to mitigate
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(b) DFGVI (c) FGVC (d) S (d) LA(a) Input (d) LA +(d) LA +

Fig. 10: Comparison of flow results between DFGVI [24], FGVC [25], and several variants of our method. S: single flow
completion, LA: Flow completion with local aggregation, Le: Edge loss.

(a) Square masks

(b) Object masks

Fig. 11: EPE results with varying flow number (when flow
interval is 3) or varying flow interval (when flow number is
3) on both square and object masksets.

(a) Input (b) w/o TD-MHSA (c) w/ TD-MHSA (d) GT

Fig. 12: Qualitative comparisons of TD-MHSA in the tem-
poral transformer block.

the query degradation problem. We report the results in
Tab. 5.

Considering the first four rows in Tab. 5, we identify the
introduction of global tokens in local window-based DP-
MHSA leads to substantial performance boost in FGT++
compared with the existence of only local or global tokens.
TD-MHSA also brings significant quantitative improvement
to FGT++. We illustrate the qualitative comparisons after
introducing specific architecture designs in spatial and tem-
poral transformer blocks in Fig. 13 and Fig. 12. We observe
the combination of small window and global tokens leads
to more accurate and smooth structure while maintaining
clear object boundaries. In addition, the introduction of TD-
MHSA boosts the inpainting quality by integrating motion
prior to temporal attention retrieval.

TABLE 5: Quantitative analysis about different components
in FGT++. W: Local window partition. G: Global tokens. FC :
FGFI module. FP : FGFP module. Td: TD-MHSA.

W G Td FP FC
square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

X - - - - 31.37 0.957 0.038 32.98 0.945 0.051
- X - - - 31.42 0.958 0.040 33.10 0.945 0.050
X X - - - 31.62 0.959 0.038 33.25 0.946 0.048
X X X - - 31.87 0.963 0.037 33.58 0.947 0.045
X X - X - 32.36 0.964 0.033 34.20 0.952 0.044
X X - - X 31.82 0.961 0.036 33.49 0.947 0.045
X X X X - 32.57 0.965 0.032 34.34 0.953 0.043
X X X X X 32.62 0.965 0.032 34.47 0.954 0.042

TABLE 6: Quantitative investigation about the effectiveness
of the combination of completed optical flows and learnable
deformable offset in FGFP module. F is the completed flow
and DCN represents the deformable convolution block.

Method square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

F 31.76 0.960 0.036 33.55 0.946 0.047
DCN 31.55 0.959 0.037 33.41 0.945 0.048
F+DCN 32.36 0.964 0.033 34.20 0.951 0.044

The 5th and 6th rows in Tab. 5 shows the effectiveness
of our proposed FGFI and FGFP modules. If we combine
the proposed modules, the quantitative performance could
get boosted further, which demonstrates these modules are
complementary to each other. Tab. 6 demonstrates the ef-
fectiveness of optical flows and learnable deformable offset
in feature propagation. Compared with single component,
our method can generate more accurate motion trajectory,
which improves the performance significantly. We visualize
the features and the corresponding inpainted frames in
Fig. 14. The “baseline” column represents the model without
FGFP module. With the introduction of flow guidance and
learnable deformable offset, we observe the completeness
of the structure of feature is improved gradually, which is
beneficial to the reconstruction of the output features and
the inpainted frames (the last two rows). We illustrate the
comparison of the attention maps between our method and
baseline in Fig. 15. We identify high quality features lead to
more accurate attention retrieval. Compared with baseline,
our method tends to focus more on the relevant regions,
which relieves the query degradation problem.

As for FGFI module, we observe the introduction of
FGFI module in spatial transformer block leads to more
accurate object boundaries and more complete structure, as
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(a) Input (b) L (c) G (d) L+G (f) GT(e) L+G+(e) L+G+

Fig. 13: Qualitative comparison between the frames synthesized by different components in the spatial transformer blocks.
L: Local window attention. G: Global tokens. Fc: FGFI module.

(a) Baseline (b) DCN (c) F (d) F+DCN

Fig. 14: The visualized features and inpainted frames. The
first row is the features processed by FGFP in the encoder
(except for baseline). The second row is the output features
from the decoder and the final row represents the inpainted
frames. F: completed flows; DCN: deformable convolution.

(a)frame (b)TA (c)LA (d)GA

Fig. 15: Attention map visualization between the baseline
model without FGFP module (first row) and our method
(second row). The red square in (a) indicates the query
token. TA: temporal attention; LA: local attention in spatial
transformer; GA: global attention in spatial transformer.

indicated in Fig. 13. We also visualize the optical flows and
the corresponding attention map in Fig. 16. The red square
in Fig. 16(a) represents the query token. With flow guidance,
FGT++ tends to retrieve the tokens with similar motion
pattern (e.g. tokens in car region), which leads to clearer
object boundary for video inpainting with higher fidelity.

Besides, we investigate the performance variance w.r.t
the number of the FGFI, FGFP and TD-MHSA modules. The
baseline is the transformer with large window MHSA in
temporal transformer and DP-MHSA in spatial transformer,
which corresponds to the 3rd row in Tab. 5. In Tab. 7, we
observe the FGFI module in the first spatial transformer is
crucial, and the others only contribute slight improvement.

(a) input

(b) completed flow

(c) w/o FGFI

(d) w/ FGFI

Results Global attention Local attention

Fig. 16: Attention map visualization of our transformer
model with/without FGFI. The red square in (a) indicates
the location of the chosen query token for visualization.

TABLE 7: Ablation study about the PSNR variance w.r.t. the
number of FGFI module. The second row is the number
that spatial transformers counted from the encoder side are
integrated with FGFI module.

Maskset PSNR↑
0 1 2 3 4

square 31.62 31.82 31.85 31.87 31.87
object 33.25 33.49 33.51 33.52 33.52

Such results indicate the motion discrepancy in completed
optical flows is helpful for the spatial MHSA, but iterative
guidance is not necessary. In contrast, we discover the
FGFP module and the TD-MHSA both provide substantial
performance boost to FGT++, as indicated in Tab. 8 and
Tab. 9, respectively. Specifically, the performance of FGFP
module saturates when we impose it to the encoder and
the first 6 transformer blocks. The unnecessary of FGFP
module in the last two transformer blocks indicates the pure
feature propagation without further attention retrieval is
less helpful in video inpainting.

4.5.4 Amplitude loss
We report the results after imposing amplitude loss to
FGT++ in Tab. 10. We observe the amplitude supervision
could greatly improve the PSNR and SSIM metrics but with
slight sacrifice of LPIPS. We calculate the amplitude map
of each frame in the DAVIS dataset, including ground truth
and completed frames with or without amplitude loss under
the square maskset setting. We divide the amplitude in each
frame into four groups. Given a ground truth frame K ,
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TABLE 8: Ablation study about the number of FGFP mod-
ule. The “Num” column indicates the number of trans-
former groups counted from the encoder side integrated
with the FGFP module. We denote the consecutive temporal
transformer block + spatial transformer block as a group.
“Enc” represents the FGFP module integrated between the
encoder and the first transformer block.

Num square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Enc 32.06 0.962 0.035 33.88 0.949 0.046
Enc+1 32.11 0.963 0.035 34.05 0.951 0.046
Enc+2 32.23 0.964 0.034 34.10 0.951 0.045
Enc+3 32.36 0.964 0.033 34.20 0.952 0.044
Enc+4 32.34 0.964 0.034 34.21 0.951 0.044

TABLE 9: Ablation study about the number of TD-MHSA.
The “Num” column indicates the number of temporal trans-
former blocks counted from the encoder side integrated
with TD-MHSA.

Num square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

1 31.66 0.960 0.038 33.34 0.946 0.048
2 31.74 0.962 0.038 33.38 0.946 0.048
3 31.80 0.962 0.037 33.50 0.947 0.046
4 31.87 0.963 0.037 33.58 0.947 0.045

we transform it to the amplitude domain A(K) and obtain
the maximal amplitude value A(K)max. We define the low
frequency group as group 1 if the the amplitude value
Ai satisfies lg Ai

A(K)max
≤ −4; the middle-low frequency

group as group 2 if −4 < lg Ai

A(K)max
≤ −3; the middle

frequency group as group 3 if −3 < lg Ai

A(K)max
≤ −2; the

high frequency group as group 4 if −2 < lg Ai

A(K)max
. We

illustrate the ratio of the pixels in each amplitude group
to all pixels and the percentage decrease of L1 distance of
amplitude w.r.t. ground truth in the results with amplitude
loss relative to the results without amplitude loss in Fig. 17.
We observe that the majority in amplitude maps are low
frequency or middle-low frequency, and the L1 distance
in these two groups gets the most improvement. Therefore
the supervision in amplitude domain will emphasize the
alignment of low frequency components between the results
and the ground truth, which leads to the quantitative per-
formance boost in PSNR and SSIM metrics. However, the
high frequency group occupies only a tiny amount in the
amplitude maps, which causes the amplitude loss ignores
the supervision of the high frequency components in video
inpainting process. Such behavior leads to the slight drop of
the LPIPS metric.

5 CONCLUSION

We have proposed FGT++, a transformer-based video in-
painting method that exploits the optical flow guidance
at several aspects. We have introduced the flow guidance
feature integration and flow-guided feature propagation
modules to address the query degradation problem. We
have designed the temporal deformable MHSA mechanism

Fig. 17: The amplitude statistics w.r.t. each frequency group
of DAVIS dataset under square maskset setting.

TABLE 10: Ablation study about amplitude loss. “Base” and
“AMP” indicate the baseline and amplitude loss, respec-
tively.

Num square object

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Base 32.62 0.965 0.032 34.47 0.954 0.042
+AMP 33.01 0.967 0.034 34.89 0.956 0.045

for the temporal transformer units, and the dual perspective
MHSA mechanism for the spatial transformer units. We
have also designed a flow completion network to utilize the
features of the optical flows in a temporally local window.
We have introduced an edge loss for training the flow
completion network, and an amplitude loss for training the
inpainting network, both of which are shown effective. Our
experimental results have established the effectiveness and
efficiency of FGT++.

The current work has twofold limitations. First, the
computational speed of FGT++ is slower than the other
transformer-based methods due to the proposed compo-
nents. Although we have tried to balance performance and
speed, the results suggest that we further decrease the
computational complexity. Second, the performance of FGT
and FGT++ highly depends on the quality of the completed
flows. For a video with large motion, the complete flows
may contain severe errors, then FGT and FGT++ may lose
effectiveness in exploiting the flow guidance. We expect the
future work may resolve these issues, and may extend the
idea of optical flow guidance to other video transformers.
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