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Abstract

The recurrent structure is a prevalent framework for the task
of video super-resolution, which models the temporal depen-
dency between frames via hidden states. When applied to
real-world scenarios with unknown and complex degrada-
tions, hidden states tend to contain unpleasant artifacts and
propagate them to restored frames. In this circumstance, our
analyses show that such artifacts can be largely alleviated
when the hidden state is replaced with a cleaner counterpart.
Based on the observations, we propose a Hidden State Atten-
tion (HSA) module to mitigate artifacts in real-world video
super-resolution. Specifically, we first adopt various cheap fil-
ters to produce a hidden state pool. For example, Gaussian
blur filters are for smoothing artifacts while sharpening filters
are for enhancing details. To aggregate a new hidden state that
contains fewer artifacts from the hidden state pool, we devise
a Selective Cross Attention (SCA) module, in which the at-
tention between input features and each hidden state is cal-
culated. Equipped with HSA, our proposed method, namely
FastReal VSR, is able to achieve 2x speedup while obtain-
ing better performance than Real-BasicVSR. Codes will be
available at https://github.com/TencentARC/FastReal VSR.

Introduction

Video Super-Resolution (VSR) aims to recover high-
resolution (HR) frame sequences from their low-resolution
(LR) counterparts, where the utilization of complementary
information across adjacent frames is the key factor to im-
prove performance. VSR can be roughly classified into two
categories — sliding-window-based methods (Caballero et al.
2017; Huang, Wang, and Wang 2017; Wang et al. 2019;
Tian et al. 2020; Li et al. 2020; Isobe et al. 2020a) and re-
current methods (Chan et al. 2021, 2022a; Huang, Wang,
and Wang 2015; Sajjadi, Vemulapalli, and Brown 2018;
Haris, Shakhnarovich, and Ukita 2019; Xiang et al. 2020;
Isobe et al. 2020a,b; Lin, Huang, and Wang 2021). Recur-
rent methods are the prevalent approaches since they can
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Figure 1: Our proposed FastRealVSR can ahieve the best
trade-off between NIQE, speed and parameters in the real-
world VideoLQ dataset.

model long-term dependencies with hidden states, and have
won several championships in video restoration competi-
tions (Yang 2021; Yang et al. 2022a).

When applied to real-world low-quality videos, existing
recurrent methods (e.g., BasicVSR (Chan et al. 2021)) tend
to produce unpleasant artifacts, which will be amplified
through propagation (Chan et al. 2022b). This problem be-
comes more severe when the degradations are more compli-
cated with unknown blur, noise and compression.

Recent work Real-BasicVSR (Chan et al. 2022b) makes
the first attempt to alleviate those artifacts. It adopts a sep-
arate image pre-cleaning module before the video recurrent
restoration model to explicitly remove degradations for each
video frame. However, while mitigating unpleasant artifacts,
such a strategy can also lead to detail loss, due to the explicit
denoising operation in the image level. Besides, the separate
module brings extra computation cost, which slows down
the inference speed and is not friendly to practical usages.

In this work, we carefully investigate the cause of the
unpleasant artifacts in VSR. We draw two observations. 1)
Once the output of the previous frame produces artifacts, the



Previous hidden state is discarded when restoring current frame.

Figure 2: Negative impact of hidden state in real-world sce-
nario. The hidden state could contain artifacts that appears
in the previous frames, and further propagate to consequent
frames. The regions marked with the ellipse dotted box are
the artifacts. (Zoom-in for best view)

hidden state will also contain such artifacts and further prop-
agate to consequent frames. When we discard the hidden
state and only use the current input frame, those artifacts dis-
appear, but at the cost of detail loss. 2) When we replace the
“problematic” hidden state with a cleaner one (e.g., the cor-
responding one from the MSE model' or a Gaussian-blurred
one), the artifacts are largely mitigated and do not further
propagate to consequent frames.

Such observations motivate us to directly manipulate the
hidden state instead of introducing extra cleaning modules.
We propose a Hidden State Attention (HSA) module to mit-
igate artifacts in real-world video super-resolution. Specif-
ically, we first generate a hidden state pool, where each
new hidden state is produced by filtering the original hid-
den state with different filters, including Gaussian blur fil-
ters, box blur filters, sharpening filters, etc. Those operations
will either blur hidden state to alleviate artifacts or sharpen
edges to enhance details. We choose those classical filters as
they only bring a little computation cost. After that, selective
cross attention will calculate the similarity between the fea-
tures of the current frame and each hidden state in the pool.
As “problematic” hidden state usually has a large deviation
from input features, such a design can effectively mitigate
artifacts. A cleaned hidden state is then aggregated from the
hidden state pool based on the calculated attention. As a re-
sult, this new hidden state not only contains fewer artifacts,
but also maintains the details.

!"Training with MSE loss tends to produce over-smooth results
and thus the hidden state is also cleaner and more smooth.
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Figure 3: The diagram of general unidirectional recurrent
network. Modelcompbine is derived by replacing the GAN
hidden state in Modelg,, with the MSE hidden state in
Model,,s.. We use a single color to represent a complete
pre-trained model. (Zoom-in for best view)

To make our algorithm more practical in the real world,
we also take inference speed into consideration. We adopt
a compact unidirectional recurrent framework as the back-
bone of our method. Together with the efficient Hidden State
Attention (HSA) module, our proposed method, namely
FastReal VSR, achieves 2x speed-up over Real-BasicVSR,
while keeping comparable performance.

Our contributions can be summarized as follows. 1) We
analyze the hidden state in recurrent VSR methods and show
that the hidden state is the main reason for unpleasant arti-
facts. 2) An effective hidden state attention with cheap hid-
den states and selective cross attention is proposed to miti-
gate artifacts in real-world VSR models. 3) FastReal VSR is
capable of achieving a better speed-performance trade-off,
surpassing previous methods.

Related Work

Video Super Resolution. Most existing VSR methods can
be divided into two categories: sliding-window based meth-
ods (Caballero et al. 2017; Huang, Wang, and Wang 2017;
Wang et al. 2019; Tian et al. 2020; Li et al. 2020) and re-
current methods (Chan et al. 2021, 2022a; Huang, Wang,
and Wang 2015; Xiang et al. 2020; Isobe et al. 2020a,b).
Sliding-window methods often take several adjacent frames
as input and predict the center frame. In contrast to sliding-
window based methods, recurrent methods adopt recurrent
neural network (Mikolov et al. 2010) to process the input
frame and generate the output progressively. Some recent
methods (Chan et al. 2021, 2022a) have achieved excellent
performance on synthetic degradations (e.g., bicubic). Re-
cently, several transformer-based (Cao et al. 2021; Liang
et al. 2022) methods are proposed. However, when these
methods (Chan et al. 2021) are applied to real-world scenar-
ios, their performance deteriorates severely and obvious ar-
tifacts will appear since the degradations in real-world scene
are unknown and complex.

Real-World Video Super-Resolution. Recent work Re-
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Figure 4: Qualitative comparison between Modelyge,
Modelgan and Modelcombine. As shown on the left side
of the figure, after replacing GAN hidden state with MSE
hidden state, the artifacts in the wall are largely mitigated.
As shown on the right side of the figure, the output of
Modelcombine also loses many necessary details in the rail-
ing. (Zoom-in for best view)

alBasicVSR (Chan et al. 2022b) is proposed to in-
vestigate tradeoffs in real-world VSR. Similar to Real-
ESRGAN (Wang et al. 2021), a second-order degradation
model is adopted to simulate the degradations in the real-
world. To alleviate the artifacts that are amplified in recur-
rent methods (e.g.BasicVSR), it uses a pre-cleaning module
and a cleaning loss to “clean” the input sequence, which is
then fed into a general VSR network. In this paper, to miti-
gate the artifacts, we do not introduce any cleaning modules.
Instead, we manipulate the hidden state directly to mitigate
the artifacts. Compared to RealBasicVSR, our proposed Fas-
tReal VSR achieves a better speed-performance trade-off.
Hidden State Manipulation. Hidden state is the key com-
ponent in recurrent methods that adopted in video restora-
tion task (Nah, Son, and Lee 2019; Zhong et al. 2020). To
handle the misalignment between the hidden state and the re-
ferred current feature, some works (Nah, Son, and Lee 2019;
Zhou et al. 2019) in video deblurring area are proposed to
adapt the hidden states to the current frame by referring to
the current feature. Different from them, we aggregate a new
hidden state from a hidden state pool and aim to alleviate the
mitigate contained in “problematic” hidden state.

Methodology
Analysis of Hidden State

Observation 1: Hidden state in recurrent methods propa-
gates the artifacts.

In a unidirectional recurrent method, information in the
hidden state serves two purposes. The first is to reconstruct
the current frame with a reconstruction module, and the sec-
ond is to propagate the previous information to the next
frame. Therefore, once the output of the previous frame pro-
duces artifacts, the hidden state also contains such artifacts
and further propagates to consequent frames. As shown in
the 1% and 374 rows in Fig. 2, the contents of ellipse dotted
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Figure 5: Effects of different kernels. For regions with ar-
tifacts, blur filters can mitigate artifacts. For regions with
details, sharpening filters can further sharpen details.

box in T;_1, T} retain and amplify the artifacts that appears
in T3 _o. If the hidden state is not used (setting to 0) and only
the information of input image is used, the artifacts will be
clearly alleviated. This phenomenon can be observed in the
274 and 4*" rows in Fig. 2. Directly discarding the hidden
state, however, also lead to detail loss and unsharp edges
(2" and 4*" rows in Fig. 2).

In a word, the hidden state not only enhances details but
also propagates the artifacts, which is consistent with the ob-
servations in RealBasicVSR (Chan et al. 2022b).
Observation 2: Replacing the hidden state in the GAN-
based model with its corresponding hidden state in the MSE-
based model can mitigate the artifacts.

When the hidden state contains artifacts, although directly
discarding the hidden state can alleviate the artifacts, it also
leads to obvious details loss in other regions. Therefore, it
is better to find a cleaner variant of the “problematic” hid-
den state which contains fewer artifacts and maintains its
details. Typically, a GAN-based model is fine-tuned from
an MSE-based model with a combination of MSE loss, per-
ceptual loss (Johnson, Alahi, and Fei-Fei 2016) and GAN
loss (Goodfellow et al. 2014). As shown in the 1°¢ row
of Fig. 4, the model trained with MSE loss tends to pro-
duce over-smooth results, thus the hidden state in the MSE-
based model is cleaner and smooth. Consequently, we won-
der whether the artifacts of restored outputs can be mitigated
if we replace the ’problematic’ hidden state with the corre-
sponding one in the MSE model. For better clarification, the
hidden state in the MSE-based model and the hidden state in
GAN-based model are referred to as MSE hidden state and
GAN hidden state, respectively.

Fig. 3 illustrates the simplified diagram of a unidirec-
tional recurrent network that uses both hidden state and in-
put frame as inputs. In Fig. 3, we use a single color to rep-
resent a complete pre-trained inference model. To replace
the GAN hidden state with MSE hidden state, firstly, we
need to use Model,se (pre-trained MSE model) to infer
the input sequence and store all generated hidden states.
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Figure 6: Framework overview of FastRealVSR. The left flowchart is a general unidirectional recurrent network. fs(¢) and
fa(t) represent the shallow and sharp feature of X, respectively. h;_1 is the hidden state that is propagated to restore X;. By
adopting hidden state attention (HSA), h;_1 is transformed into izt_l. HSA is composed of a hidden state pool and a selective
cross attention module, as shown on the right side of the figure.

Then, we will infer the input sequence with Modelcompbine-
Modelcombine 18 modified from Modelga, and the differ-
ence is that the GAN hidden state is replaced with the pre-
viously stored MSE hidden state. The qualitative compar-
ison between these three models is shown in Fig. 4. We
can observe that 1) from the comparison of the 2" and 37¢
rows (Fig. 4 (a)), the artifacts in Modelg,, are reduced in
Modelcombine- 2) directly replacing the GAN hidden state
with the MSE hidden state could sometimes lose the neces-
sary details (Fig. 4 (b)), compared against Modelgay,.

Although replacing the GAN hidden state with the MSE
hidden state can mitigate artifacts, it is unpractical with two
shortcomings. 1) To obtain final results, it takes the double
time since we need to run Model,,sc and Modelcompine in
sequence. 2) The output of Modelcompine also loses many
necessary details compared against Modelg,,,. Therefore, it
is preferable to directly manipulate the GAN hidden state,
and construct a new hidden state that not only contains the
smooth counterpart of the artifact region in the GAN hidden
state, but also maintains the details of other regions.

Framework

Motivated by the above observations, we propose a hidden
state attention (HSA) module to directly manipulate the hid-
den state and mitigate artifacts. An overview is illustrated in
Fig. 6.

Formulation. We first briefly introduce the pipeline of the
general unidirectional recurrent VSR method. Let X be the
t-th image of the input sequence and Y; be the ¢-th frame of
the restored sequence. Several residual blocks RB; are used
to extract the shallow feature of X;:
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fs(t) = RB1(X4). (1

The hidden state from previous frame is first warpped
with the estimated optical flow. The warpped hidden state
is denoted as h;—;. We use a pre-trained SPyNet (Ranjan
and Black 2017) to generate the optical flow. Then h;_1 is
concatenated with f,(¢) and input to another set of residual
blocks RB; to get the deep feature f;(¢):

fa(t) = RBa(Concat(hi—1, fs(t))), )

where ;1 € REXWXC (1) is then passed to an upsam-
pling block UP, and added with the bilinear upsampling of
X to generate Y;:

Y; = UP(fq(t)) + Bilinear(X,). 3)
For our method, we replace h;_1 with ﬁt,l with HSA:
hi—1 = HSA(hy_1). (4)

where HSA is composed of a hidden state pool module and a
selective cross attention module. The specific details of these
two modules are described below.

Hidden State Pool. Hidden state pool is a container that
gathers the blurry and sharp versions of h;_;. The blurry
version is obtained by a blurring operation, while the sharp
version is obtained by the simplified sharpening algorithm
(i.e.unsharp masking (USM)). Specially, the sharp version
is obtained by first subtracting the blurry version from the
input, and then adding the residual to the input.



The above design is inspired by feature denoising (Xie
et al. 2019) that is adopted to clean feature maps for improv-
ing the adversarial robustness of convolutional networks.
The effects of different blur operations are shown in Fig. 5.
Here, we use images to better illustrate the effects of blurry
and sharpening filters. For the region with artifacts, we pre-
fer its blurry version, while for the region with correct de-
tails, we prefer its sharp version.

In practical implementation, the operation of generating
different versions of h;_; can be easily achieved by a con-
volution layer with a fixed kernel. Such computational op-
erations are very cheap, and the computational cost is neg-
ligible. The process of generating the ¢-th blurry version of
h¢—1 and the j-th sharp version of h;_; are formulated as:

hi | =he @K, 5)

hy_y =hi—1 + (him1 — hymy @ K7), (6)
where ® denotes the convolving operation and k?, k7 are
the blur kernels. The degree of blurring and sharpening can
be controlled by adjusting the kernel size and variance (only
specifically for the Gaussian filter). In our experiment, two
mean filters and one Gaussian filter are adopted to generate
blurry versions. We use two sharpening filters to generate
the sharp versions. Detailed configurations of these filters
are provided in the appendix.
Selective Cross Attention. After obtaining the hidden state
pool hi_; € REXWXC (1 < j < N) (N denotes the num-
ber of hidden state included in the hidden state pool), it is
vital to aggregate a new hidden state that contains fewer ar-
tifacts. From the 2"? and 4! rows of Fig. 2, we can observe
that the artifacts in the output are largely mitigated if only
the information of the input frame is utilized, indicating that
the input feature contains fewer artifacts. Therefore, for the
region with artifacts, the “problematic” hidden state has a
large deviation from input features. Inspired by this, we pro-
pose a selective cross attention (SCA) module to aggregate
a new hidden state /A1t71 based on the attention between the
hidden state pool hi_; € RE*WXC (1 <4 < N) and fea-
ture of input frame.

As shown in Fig. 6, we first process f(t) with a convolu-
tional layer H.,y, and get the query Q € RH*WxC:

Q = Hconv(fs(t))~ (7)

For all h{_; (1 < i < N), we adopt two 3 X 3 convo-
lutional layers to generate the key K} ; (1 < i < N) and
value V;ﬂl (1 < ¢ < N), respectively. Then we calculate
the similarity between each K;_; and @ by the attention
mechanism (Vaswani et al. 2017; Liu et al. 2021). Based on
the calculated attention maps, we aggregate izi_l from V" |
(1 £ < N). The attention matrix is computed as

SoftMax([Q(K1)T; ..; QKM @ (V. VY. (8)
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Figure 7: Results of URN-GAN, FastRealVSR-Blurry,
FastRealVSR-Sharp and FastRealVSR. The outputs of
URN-GAN and FastReal VSR-Sharp contain unpleasant ar-
tifacts. (Zoom-in for best view)

Experiments
Setup

Training Settings. We train our FastRealVSR on the
REDS (Nah et al. 2019) dataset. The following degradation
model is adopted to synthesize training data:

X =Y ® ks + n5) Lrlrrvpec 9

where X and Y are paired low-resolution and high-
resolution sequences. The k, n, and r are blur kernel, ad-
ditive noise, and downsampling factor, respectively. We use
a constant rate factor (crf) to control the degree of FFMPEG
compression. crf uses a specific quality by adjusting the bi-
trates automatically. The sampling range of o, J, and crf are
{0.2: 3},{1:5}, and {18 : 35}, respectively.

Following RealBasicVSR, we load 15 frames as a se-
quence and flip them temporally in each iteration. The
patch size of input LR frames is 64 x 64. The pre-trained
SPyNet (Ranjan and Black 2017) is used as the flow net-
work and its weights are fixed in training. We employ Adam
optimizer (Kingma and Ba 2014). The training process is
divided into two stages.

In the first stage, we adopt the Unidirectional Recurrent
Network (URN) shown in Fig. 6, and train it for 300K itera-
tions with the L; loss. The batch size and learning rate are set
to 16 and 10~%. In the second stage, we equip URN with the
proposed HSA module to get the network FastRealVSR. We
employ the pre-trained MSE model for initialization. Then
we train FastRealVSR for 70K iterations with a combina-
tion of L; loss, perceptual loss (Johnson, Alahi, and Fei-Fei
2016) and GAN loss (Goodfellow et al. 2014), whose loss
weights are set to 1,1,5x1072, respectively. The specific
implementation details, network configuration and the eval-
uation metrics can be found in the appendix.
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Figure 8: Analysis of hidden state pool and SCA. The outputs of URN-GAN contain obvious artifacts (®). The artifacts
produced in URN-GAN are largely alleviated in FastReal VSR (@). When all hidden states in the hidden state pool are replaced
with a single blurry hidden state, the artifacts are mitigated (®). While the artifacts are retained when all hidden states are
replaced with a single sharp hidden state (®). The summed blurry/sharp attention maps are visualized in ® and ®, respectively.
The binary map (@) indicates the region where the value of ® is larger than ®. The regions marked with ellipse dotted boxes

are artifacts. (Zoom-in for best view)

Ablation Studies

Hidden State Pool. We use the GAN version of URN
(URN-GAN) as the baseline model. Then we train FastRe-
alVSR, FastReal VSR-Blurry and FastRealVSR-Sharp with
the same settings. The only difference among them is the
representation type of the hidden states in the hidden state
pool. To be specific, FastReal VSR-Blur contains only blurry
variants of hidden states, while FastRealVSR-Sharp con-
tains only sharp ones. The quantitative comparison is listed
in Tab. 1. The performance of FastReal VSR is significantly
better than FastRealVSR-Blurry and FastRealVSR-Sharp,
indicating that the information in the blurry and sharp repre-
sentations of hidden states is complementary to each other.
Fig. 7 shows the restored results of these four models. It
can be observed that FastReal VSR and FastReal VSR-Blurry
both produce outputs with fewer artifacts, whereas the out-
puts of URN-GAN and FastReal VSR-Blurry contain obvi-
ous artifacts. Besides, the edges of FastReal VSR are sharper
than FastReal VSR-Blurry.

Selective Cross Attention. In SCA, each hidden state in-
teracts with input features by attention. If the input feature
is not used to guide the aggregation of hidden states and
only a convolution layer is adopted to aggregate these hid-
den states, a performance drop is observed in Tab. 2. It indi-
cates that the guidance of input features is necessary when
aggregating a new hidden state from a hidden state pool.
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Network NIQE]
URN-GAN 3.8435
FastReal VSR-Blurry | 3.8544
FastReal VSR-Sharp | 3.8210
FastReal VSR 3.7658

Table 1: Ablation studies of different representation types in
hidden state pool. FastReal VSR achieves best performance.

w/o SCA
3.8446

Variant
NIQE]

FastReal VSR (w/ SCA)
3.7658

Table 2: Ablation study of SCA. With SCA, FastReal VSR
achieves better performance.

Analysis of Hidden State Attention

The proposed HSA module aims to alleviate artifacts in the
hidden state. Hence, we further validate the effectiveness of
HSA for the “problematic” hidden state. When the previous
output contains artifacts, the hidden state generated in URN-
GAN contains artifacts and is a “problematic” hidden state
(see Fig. 7 and the 1°¢ row in Fig. 8). To get the “problem-
atic” hidden state, we run URN-GAN and store all gener-
ated hidden states. We use h; (1 < t < L — 1) to refer
to the “problematic” hidden state that produced by URN-
GAN during the process of restoring low-resolution frame
X. To test whether HSA in RealFastVSR has the capacity
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Figure 9: Qualitative comparison on the VideoLQ dataset for x4 video SR. (Zoom-in for best view)

Bicubic | DAN | RealSR | BSRGAN | Real-ESRGAN | RealVSR | DBVSR | RealBasicVSR | FastReal VSR
Params (M) - 4.3 16.7 16.7 16.7 2.7 255 6.3 3.8
Runtime (ms) - 185 149 149 149 1082 239 63 30
NIQE | 8.0049 | 7.1230 | 4.1482 4.2460 4.2091 8.0606 6.7866 3.7662 3.7658
BRISQUE | 54.899 | 51.563 | 30.542 30.213 32.103 54.988 50.936 29.030 29.374

Table 3: Quantitative comparison on VideoLQ dataset. FastReal VSR is capable of achieving a better speed-performance trade-
off. Runtime is computed with an output size of 720 x 1280, with an NVIDIA V100 GPU. Following RealBasicVSR, metrics
are computed on the Y-channel of the first, middle, and last frames of each sequence.

to mitigate artifacts, we replace the original hidden state in
RealFastVSR with the “problematic” hidden state h;_; from
URN-GAN when restoring X,. From the 2" row in Fig. 8,
we can observe that HSA has the ability to mitigate artifacts
contained in the “problematic” hidden state.

Investigation of Different Filters in Hidden State Pool.
We then investigate the respective effectiveness of blurry and
sharp filters utilized in the hidden state pool. Specifically,
we replace all hidden states in the hidden state pool with
a single variant of hidden state, i.e., the hidden state pool
contains identical hidden states after same filters. Note that
the number of hidden states in the hidden state pool remains
the same. The results of adopting only a single blurry or a
single sharp filter in hidden state pool are shown in the 379
and 4" rows of Fig. 8, respectively. We can observe that
blurry filters can mitigate artifacts but with the cost of detail
loss, whereas sharp filters enhance both artifacts and details.
Therefore, the combination of blurry filters and sharp filters
can make a better trade-off between enhancing details and
suppressing artifacts.

Visualization of Attention Map in SCA. We also visual-
ize the attention map in the selective cross attention (SCA)
module to understand how the information in different rep-
resentations of hidden state is selected based on the input
feature. For better visualization, blurry and sharp attention
maps are summed together, respectively, resulting in two
maps. The visualization of these two maps is shown in the
5t" and 6" rows in Fig. 8. We can observe that for different
versions (i.e., blurry or sharp) of h;_1, SCA indeed learns to
select the proper information with end-to-end training. Be-
sides, we compare these two maps and get the binary map
shown in the 7" row in Fig. 8. The binary map indicates the
region where the value of blurry attention map is larger than
the sharp one. It can be observed that for the regions with
artifacts, SCA prefers the blurry representations.
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Comparison with State-of-the-Art Methods

We compare our FastRealVSR method with seven algo-
rithms: DAN (Huang et al. 2020), RealSR (Ji et al. 2020),
BSRGAN (Zhang et al. 2021), Real-ESRGAN (Wang et al.
2021), RealVSR (Yang et al. 2021), DBVSR (Pan et al.
2021) and RealBasicVSR (Chan et al. 2022b) on the Vide-
oLQ (Chan et al. 2022b) dataset. VideoLQ consists of 50
real-world low-quality videos that are collected from vari-
ous video hosting sites such as Flickr and YouTube.

The quantitative results on VideoLQ are shown in Tab. 3.
Compared with other methods, FastReal VSR achieves a bet-
ter speed-performance trade-off. In particular, compared to
RealBasicVSR, FastReal VSR achieves comparable perfor-
mance with 2 x faster speed and smaller model size. Qual-
itative results are presented in Fig. 9. Compared to previous
methods, FastReal VSR can effectively remove annoying ar-
tifacts and preserve sharp details.

Conclusion

The hidden state in the recurrent VSR models not only en-
hances details but also propagates artifacts. Our analyses
show that such artifacts can be largely mitigated if the hid-
den state is replaced with a cleaner counterpart. Therefore,
we propose the Hidden State Attention (HSA) module that is
composed of a hidden state pool and a selective cross atten-
tion module. Our FastReal VSR combines the unidirectional
recurrent network and the proposed HSA, achieving a better
speed-performance trade-off than previous methods.
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