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Abstract

Video super-resolution (VSR) aims to generate a high-resolution version of a
reference frame by utilizing information from multiple adjacent frames. Numer-
ous existing VSR studies have concentrated on effectively aligning neighboring
frames to facilitate better fusion of adjacent frame information, yet seldom have
they investigated the important step of adjacent frame information fusion itself.
To address this problem, we propose a video super-resolution model based on a
group feedback fusion mechanism (GFFMVSR). Specifically, after neighboring
frame alignment, the aligned video sequence is input into a first-stage temporal
attention module. The sequence is then partitioned into several groups, with
each group sequentially passing through an intra-group fusion module to achieve
preliminary fusion. Subsequently, the fusion results from different groups are
processed by a second-stage temporal attention module. Each group is then fed
into the feedback fusion module sequentially, where a feedback mechanism is
utilized to fuse information across different groups. Finally, the fused result is
output for reconstruction. Empirical verification demonstrates that this model
exhibits strong information fusion capabilities and surpasses existing models in
both objective evaluation metrics and subjective visual effects.
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Abstract: Video super-resolution (VSR) aims to generate a high-resolution
version of a reference frame by exploiting information from multiple adjacent
frames. While many existing VSR works have focused on how to effectively
align adjacent frames to better fuse their information, few have investigated the
crucial step of adjacent frame information fusion itself. To address this gap, we
propose a video super-resolution model based on group feedback fusion mech-
anism (GFFMVSR). Specifically, after aligning adjacent frames, the aligned
video sequence is fed into the first temporal attention module. The sequence
is then divided into several groups, each of which undergoes preliminary fusion
through a group-wise intra-group fusion module. Subsequently, the fusion re-
sults from different groups pass through a second temporal attention module.
Each group is then sequentially fed into a feedback fusion module, which lever-
ages a feedback mechanism to fuse information across different groups. Finally,
the fused result is output for reconstruction. Experiments demonstrate that this
model possesses strong information fusion capabilities and outperforms existing
models in both objective evaluation metrics and subjective visual quality.

Keywords: video super-resolution; temporal attention; feedback mechanism;
group fusion

0 Introduction

Super-resolution (SR) refers to the process of reconstructing a high-resolution
(HR) image from its corresponding low-resolution (LR) counterpart. Depend-
ing on the number of input frames, SR tasks can be categorized into two types:
single-image super-resolution (SISR) and video super-resolution (VSR). This pa-
per focuses on the VSR task, which has attracted widespread attention in com-
puter vision and image processing research due to its broad application prospects
—for instance, when surveillance footage needs to be enlarged for person or
license plate identification, or when videos are projected onto high-definition
displays for visual enhancement.

The first deep learning-based SISR algorithm, SRCNN, was proposed by Dong
et al. [?], consisting of three convolutional layers that learn an end-to-end nonlin-
ear mapping from LR to HR images, demonstrating impressive potential. Since
then, numerous deep learning methods have been applied to SISR. For example,
VDSR [?], inspired by VGG [?], employs a deeper convolutional network archi-
tecture. Li et al. [?] proposed SRFBN, a network architecture that uses feedback
connections to leverage more contextual information for correcting low-level fea-
ture learning. Pan et al. [?] introduced FFAMSR, a network architecture apply-
ing residual-in-residual (RIR) structures and combining spatial and coordinate
attention for thorough feature extraction and reuse. Despite achieving state-of-
the-art performance, these networks suffer from high computational costs and
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memory footprint, limiting their deployment on mobile devices. To address this,
lightweight networks such as FALSR-A [?] and SMSR [?] have been proposed.

In the VSR domain, Huang et al. [?] proposed BRCN, a bidirectional recurrent
convolutional network that models long-term temporal information across mul-
tiple frames to improve VSR quality. Caballero et al. [?] introduced VESCPN,
which jointly trains optical flow estimation and spatio-temporal networks in
an end-to-end manner for efficient VSR. Tao et al. [?] proposed SPMC, which
simultaneously achieves motion compensation and upsampling through a de-
signed sub-pixel motion compensation module. Inspired by the inherent spatio-
temporal learning capability of SDCNN, Kim et al. [?] proposed 3DSRNet, which
stacks multiple 3D convolutional layers for VSR while avoiding direct motion
alignment. Jo et al. [?] introduced DUF, which utilizes 3DCNN to mine spatio-
temporal information and predicts a dynamic upsampling filter [?] for implicit
motion compensation and upsampling, thereby replacing pixel-level optical flow
estimation and alignment. Haris et al. [?] proposed RBPN, which leverages
spatial and temporal information through recurrent encoder-decoder modules.
TDAN [?] and EDVR [?] applied deformable convolution to VSR and proposed
a temporally deformable alignment module that achieves motion alignment at
the feature level.

Hupé [?] and Gilbert [?] et al. discovered that in human cognitive theory, feed-
back connections connecting cortical visual areas can transmit reflected signals
from higher-order regions to lower-order regions for utilization. Building upon
this, Zamir et al. [?] proposed a feedback mechanism network applicable to com-
puter vision. In recent years, this mechanism has been incorporated into network
architectures for various visual tasks [?, ?, ?], demonstrating promising results.
To the best of our knowledge, however, feedback mechanisms have not yet been
applied to VSR research. Inspired by prior work [?, ?], we hypothesize that
since feedback mechanisms [?] allow networks to carry historical information
to influence the learning of new inputs, could fused results containing partial
adjacent frame information similarly influence the fusion of remaining adjacent
frames? To this end, we propose a video super-resolution model based on group
feedback fusion mechanism (GFFMVSR). The principle of our feedback scheme
is that results containing partial adjacent frame information can facilitate better
fusion of the remaining adjacent frame information.

The main contributions are:

a) We propose a video super-resolution model based on grouping and feedback
mechanism principles, which can effectively fuse high-level information from
aligned frames and improve video reconstruction capability.

b) We introduce a group feedback mechanism into the VSR domain, providing
a novel adjacent frame information fusion method to enhance spatio-temporal
information fusion performance.

c¢) We incorporate dual temporal attention into the model, where temporal
attention modules can capture important information hidden in adjacent frames,
enabling the network to recover clearer video frames with richer details.
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1.1 Network Architecture

As shown in Figure 1 [Figure 1: see original paper], the video super-resolution
model based on group feedback fusion mechanism consists of five main compo-
nents: Feature Extraction and Alignment Module (FEAM), Intra-Group Fusion
Module (IGFM), Dual Temporal Attention Module (DTAM), Feedback Fusion
Module (FFM), and Rebuild Module (RM). Blue arrows indicate feedback fu-
sion, while green arrows denote global residual skip connections. The network’
s task is to reconstruct a high-resolution version of the reference frame from
an input video sequence of N frames. We define the input video sequence as
{IER . IER .. ,IﬁrRN}, the super-resolved version of the reference frame as
I5% the ground-truth high-resolution version as IHE deconvolution operation
as Deconv(s,n), and convolution operation as Conuv(s,n), where s is the filter
size and n is the number of filters.

The FEAM extracts and aligns features from adjacent frames, as shown in
Equation (1):

{Ef e Y BN} = frpan (L s oo TP TG

where frpan(-) represents the feature extraction and alignment operation.
In FEAM, feature extraction is simply implemented through downsampling
with strided convolution operations, while alignment follows the multi-scale
deformable convolution-based method proposed in EDVR [?] (i.e., the PCD
alignment module). Readers are referred to EDVR [?] for detailed information
about the PCD alignment module.

The aligned adjacent frames are then fed into Temporal Attention Module 1
(T AM;) to compute similarity between adjacent frames and the reference frame,
which facilitates intra-group information fusion. This operation is shown in
Equation (2):

’

{F;ZN’ Y >F7?+N} = fTAMl({Fﬁva“' S ER 7F7?+N})
where fr 45, () represents the operation of Temporal Attention Module 1.

The sequence {Ffi N Fﬂ/, e Fﬂ; ~} is divided into N groups, each represent-
ing a specific frame rate. Each group sequence is fed into a parameter-shared
IGFM to achieve preliminary fusion within the group, producing the fused fea-
ture sequence defined as {G;,Gs,...,Gy} (the IGFM module will be detailed

in Section 1.2).

To extract information useful for subsequent reconstruction, a second temporal
attention module (T'AM,) with the same structure as T AM, is inserted after
IGFM, forming the Dual Temporal Attention Module (DTAM). This temporal
attention module will be elaborated in Section 1.3. The feature sequence after
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TAM, is defined as {G7,G5, ..., G}, with the operation shown in Equation
(3):
{Gll’ év"'v }V}:fTAM2({G1aG27~--7GN}>

where fp 4, () represents the operation of Temporal Attention Module 2.

Cross-group information is further integrated through the feedback fusion mod-
ule based on a feedback mechanism. As shown in Figure 2 [Figure 2: see orig-
inal paper], the red dashed box in Figure 1 can be unfolded into T iterations
(t € [1,T]), representing one iteration in Figure 1 . To enable the hidden state
in FFM to carry the concept of output, we connect the loss at each iteration.
The loss function will be detailed in Section 1.5. The elements in sequence
{G], G5, ...,Gy} are fed into the FFM module sequentially to achieve feedback
fusion. Additionally, G is treated as the initial hidden state F°

out"

The t-th iteration of FFM receives the ¢t-th group feature G; and the hidden
state !, from the previous iteration, producing the ¢-th output F?,, of FFM.

out
This operation is shown in Equation (4):

i = Ferm(GEL FLE)

where fppy(+) represents the FEM operation, and the actual feedback process
is illustrated in Figure 2. The FFM module will be detailed in Section 1.4.

Since different groups contain different information after fusion, to emphasize
important information, the feedback fusion results are fed into the reconstruc-
tion module to generate a residual image. As shown in Figure 1, the reconstruc-
tion module uses HR features and performs the operation shown in Equation
(o) t
Ret = fRM (Fout)

where fr(¢) represents the reconstruction module operation. The reconstruc-
tion module upscales the fused LR features to generate the network’ s residual
image.

Temporal attention can focus more effectively on features beneficial for subse-
quent reconstruction rather than treating all features equally. DTAM consists
of two identical temporal attention modules with the structure shown in Fig-
ure 4 [Figure 4: see original paper|, named T AM,; and TAM,. They focus on
capturing temporal information and computing weights for feature sequences be-
fore and after group fusion, respectively, thereby improving information fusion

effectiveness.
Finally, the high-resolution version of the reference frame I°% is generated by
adding the network-produced residual map to the bicubic upsampling of the

input reference frame. This operation is shown in Equation (6):
I;StR = fup(I%R) + Ret

where f,,(-) represents the upsampling kernel operation. The choice of upsam-
pling kernel is arbitrary; here we use a bicubic upsampling kernel. After T'
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iterations, we obtain T° SR versions of the reference frame {Iﬁ{%, Ifjg”, Jfg .
Notably, as the number of iterations increases, the reconstructed reference frame
carries more adjacent frame information and becomes closer to the ground-truth
HR version. Therefore, we select the result from the last iteration as the final

reconstruction.

1.2 Intra-Group Fusion Module (IGFM)

Adjacent frames at greater temporal distances may contain less useful infor-
mation. To fully utilize useful information, eliminate excessive irrelevant fea-
tures, and improve subsequent feedback efficiency, preliminary non-feedback
intra-group fusion is required before feedback fusion. The aligned feature se-

’

quence {F,‘.‘_/N, L B Ff_ﬂ/rN} is divided into groups. Unlike previous work,
adjacent N frames are divided into N groups based on their temporal distance
to the reference frame. The original sequence is rearranged as {G, Gy, ..., G },
where each G, consists of a subsequence containing the previous frame F*
the reference frame F;}/, and the next frame Fﬂfrn It should be noted that the
reference frame appears in every group (the specific reason is discussed in Sec-
tion 2.2). The contributions of adjacent frames at different temporal distances
are not equal, and grouping enables efficient information extraction and fusion
of adjacent frames at different temporal distances under the guidance of the
reference frame. Notably, our method can be easily generalized to arbitrary

numbers of input frames.

For each group, the intra-group fusion module is deployed for feature fusion
within the group. As shown in Figure 3 [Figure 3: see original paper], the
front part of this module uses 3D convolutional layers with 3 x 3 x 3 kernels
to achieve spatio-temporal feature fusion for each group. Then, 15 2D units
are applied in a 2D dense block to deeply integrate information within each
group, producing the grouped feature sequence {G{, G,, ..., Gy }. Each unit in
the dense block sequentially consists of batch normalization [?] (BN), ReLU [?],
1x 1 convolution, BN, ReLU, and 3 x 3 convolution. As done in [?], each 2D unit
concatenates all previous feature maps as input. Finally, a 1 x 1 convolutional
layer reduces the number of channels. The 2D dense block design is inspired by
DUF [?]. To improve efficiency, the weights of the intra-group fusion module
are shared across all groups, with effective modifications made to the data flow
channels. The operation of this module is shown in Equation (7):

{Gh GQ» s GN} = fIGFM({Gla G27 ey GN})

where fropar(+) represents the intra-group fusion module operation. Section 2.2
verifies the effectiveness of the proposed temporal grouping strategy.
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1.3 Dual Temporal Attention Module (DTAM)

Inter-frame temporal relationships are crucial in VSR adjacent frame fusion (due
to occlusion, blur regions, and parallax issues, different adjacent frames contain
varying amounts of information). The goal of temporal attention is to compute
similarity between feature sequences in an embedding space. Intuitively, in an
embedding space, more attention should be paid to feature information that is
more similar to the reference feature. In T'AM,, for each frame feature, the
similarity distance (i.e., temporal attention map M) can be calculated as:

M = sigmoid(0(F7) - (F))

where F is treated as the reference feature, and 6(-) and ¢(-) are two embedding
operations that can be implemented through simple convolutional filters. The
sigmoid activation function restricts the output to [0, 1], stabilizing gradient
backpropagation. Note that the temporal attention map has the same size as
the feature map Fy*. The attention-weighted feature for each adjacent frame is
computed as:

FY = F* o M¢
where © represents element-wise multiplication.
Similarly, for T AM,, the reference feature is G. Its temporal attention map M7
and attention-weighted features are computed as shown in Equations (10) and

(11) (the same applies here). Notably, in T'AM,, the reference frame appears in
every group, which is also the case in TAM;.

1.4 Feedback Fusion Module (FFM)

The FFM module is shown in Figure 5 [Figure 5: see original paper|. The
t-th iteration (¢ € [1,7T]) of FFM receives feedback information Ff. ! to guide
the fusion of the ¢-th group feature map G}, then passes the more informative
representation F,, to the next iteration and reconstruction module, forming a
complete feedback process. To implement the feedback fusion function of FFM,
the module sequentially contains three projection groups, where information
flows effectively across levels through dense skip connections. Each projection
group mainly includes upsampling and downsampling operations, which project
HR features onto LR features to continuously refine the fused features. FFM
is executed iteratively to effectively fuse the feature sequence {G, G5, ..., G}
The iterative process is unfolded as shown in Figure 2.

G, and F!}} are concatenated and compressed to guide the fusion of input
features G} through feedback information FY_ !, producing the input feature
F! for the refinement group:

Etn = Cl([ £7Ft71])

out
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where C| (+) represents the initial channel compression operation, and [-] denotes
concatenation.

We define HY and L{ as the HR and LR feature maps produced by the g-th
projection group in FFM during the ¢-th iteration, where g € [1,3]. H/ can be
obtained through:

H{ =Dec,([L{ ', L2, ..., L)

where Dec,(-) represents upsampling using Deconv(k, m) at the g-th projection
group. Similarly, L{ can be obtained by:

L{ = Conv,([H{,H{ ', ..., H}))

where Convg(-) represents downsampling using Conv(k, m) at the g-th projec-
tion group. To reduce parameters and improve computational efficiency, we
add channel compression operations before all Conv(k, m) and Deconv(k,m)
operations except the first projection group.

To fully utilize useful information from each projection group, we perform fea-
ture fusion on the LR features produced by the projection groups (shown by red
arrows in Figure 5) to generate the output of the FFM module:

Féut = 03([Ft71 L%7L%a L?])

out

1.5 Loss Function

In this work, we choose L1 loss to optimize the proposed network. Although
only the final result from the last iteration of the reconstruction sequence
{Iff,[fg, ,I;O’g} is used as the final output, during training we still need
to connect intermediate results to the loss function to ensure that each FFM
iteration maximally fuses useful information from the current input feature map.

The loss function of the network can be expressed as:
T
Loss =y |15 — IR,
t=1

where 6 represents the network parameters. W, is a constant factor representing
the contribution value of the SR result at each iteration. We set all W, to 1,
meaning each reconstructed SR result has equal contribution, enabling each
iteration to fuse high-level information as much as possible.

2.1 Experimental Settings

Dataset. We adopt Vimeo-90k [?] as the training set, which is widely used
for video super-resolution and contains approximately 90k 7-frame video clips.
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We crop regions with a spatial resolution of 256 x 448 from the high-resolution
video clips. Similar to [?, ?], we generate 64 x 112 low-resolution video clips by
applying a Gaussian blur kernel with standard deviation ¢ = 1.6 and 4x down-
sampling. We evaluate our method on two popular benchmark datasets: Vid4
[?] and Vimeo90K-T [?]. Both benchmark datasets contain various motion and
occlusion scenes, making them suitable for evaluating our method’ s information
fusion and high-resolution reconstruction capabilities.

Implementation Details. Unless otherwise specified, our network takes 7
video frames as input, i.e., N = 3. We use PReLU [?] as the activation function
after all convolutional and deconvolutional layers except the final layer in each
sub-network. We set T' = 6, k = 4 with stride 4 and padding 2, and m = 64. We
optimize using the Adam [?] optimizer with 8; = 0.9 and 8, = 0.999. No weight
decay is used during training. The learning rate is initially set to 2 x 10~* and
then reduced by a factor of 0.5 every 8 epochs until training ends at 60 epochs.
The mini-batch size is set to 2. Training data is augmented through flipping
and rotation with a probability of 0.5.

All experiments are conducted on a GPU server equipped with Python 3.8,
PyTorch 1.1, and an Nvidia 2080TT.

2.2 Ablation Studies

Grouping Experiments. We first organize the input sequence using differ-
ent methods. A baseline method (denoted as Basel) simply stacks the input
sequence along the temporal axis and feeds it into IGFM and FFM modules
at once (without temporal attention modules in between). Here, the FFM
module only executes once without feedback mechanism. In addition to our
proposed grouping method {345,246, 147}, we also tried other grouping strate-
gies: {123,345,567} and {345,142,647}. As shown in Table 1 , the grouping
method {345, 246,147} achieves the highest PSNR, suggesting that including
the reference frame in each group helps the model extract missing information
from the reference frame. The suboptimal performance of {345,142,647} can
be attributed to the large information differences between adjacent frames at
different temporal distances from the reference frame, which is detrimental to
grouped information learning.

Component Ablation Experiments. To verify the role of each module, we
use the grouping method {345,246, 147} mentioned above as the Base model
(denoted as Base2). We then introduce Temporal Attention Module 1 (T'AM,),
Temporal Attention Module 2 (T'AM,), and the feedback fusion mechanism
(FFM) to the Base2 model respectively. Notably, disabling the feedback fusion
mechanism after grouping is achieved by concatenating adjacent group features
along the temporal dimension and executing the FFM module only once. Ad-
ditionally, the complete model integrating TAM,, T AM,, and FFM is denoted

chinarxiv.org/items/chinaxiv-202205.00119 Machine Translation


https://chinarxiv.org/items/chinaxiv-202205.00119

ChinaRxiv [$X]

as GFFMVSR (Ours). With an upscaling factor of 4, the PSNR values on the
Vid4 test set are shown in Table 2 .

Asseen in rows 1, 2, 3, and 4 of Table 2, introducing T'AM,; and T'AM, improves
the Base2 model’ s PSNR by 0.09 dB and 0.08 dB, respectively. When both
temporal attention modules are introduced to form the dual temporal attention
module, PSNR improves by 0.13 dB. As shown in rows 1 and 5, introducing the
feedback fusion mechanism improves PSNR by 0.18 dB. The final row shows that
the complete model with dual temporal attention and feedback fusion mecha-
nism achieves the best performance, surpassing Base2 by 0.27 dB, confirming
the validity of our proposed model.

2.3 Comparison with State-of-the-Art Methods

In this section, we compare our method with several state-of-the-art VSR meth-
ods, including TOFlow [?], DUF [?], RBPN [?], EDVR [?], MuCAN [?], Liu [?],
PFNL [?], and VSR-Transformer [?]. TOFlow and RBPN both use optical flow
for explicit motion estimation at the pixel level. EDVR adopts implicit motion
estimation with stronger noise handling capability. DUF, MuCAN, and PFNL
skip the motion estimation process. The last method specifically uses the latest
Vision Transformer (ViT) [?] network for VSR tasks. We run publicly available
code or carefully reproduce most methods ourselves, attempting to replicate the
results reported in the original papers.

Vid4 Dataset. Table 3 shows quantitative results on Vid4, with data either
computed by us or taken from the original papers. Y and RGB represent lu-
minance and RGB channels, respectively, and “-” indicates unavailable values.
As a downgraded version of GFFMVSR, GFFMVSR-S (which only uses Tempo-
ral Attention Module 1) achieves average PSNR/SSIM values of 27.43/0.8373
on the Y channel and 25.93/0.8186 on RGB channels, outperforming all other
methods. With dual temporal attention, GFFMVSR-S becomes GFFMVSR,
achieving even higher performance on both Y and RGB channels.

Qualitative results are shown in Figure 6 [Figure 6: see original paper]. We
can see that GFFMVSR produces sharper edges and finer textures than other
methods, validating the superiority of our approach. Additionally, to compare
temporal consistency performance, we extract and visualize temporal profiles
from the Calendar sequence in the Vid4 dataset (see Figure 7 [Figure 7: see
original paper]). Temporal profiles are obtained by taking horizontal pixel rows
at the same position across multiple consecutive frames (the red line in Figure
7) and stacking them vertically. We can observe that GFFMVSR produces the
most consistent results with fewer flickering artifacts and more uniform line
details compared to other methods.

Vimeo-90K-T Dataset. Vimeo-90K-T contains approximately 7k video clips
selected from Vimeo-90K as a test set, covering numerous scenes with large
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motion. Quantitative PSNR/SSIM results are shown in Table 4 , which also
includes parameter counts for most methods. Our method far exceeds most
state-of-the-art methods in PSNR and SSIM, such as TOFlow, DUF, RBPN,
and MuCAN. The only exception is EDVR-L, whose model size is about four
times larger than ours, and EDVR involves a pre-training process requiring sub-
stantial data and training time. Nevertheless, our method achieves comparable
PSNR and slightly better SSIM.

Furthermore, qualitative results on Vimeo-90K-T are shown in Figure 8 [Figure
8: see original paper]. We can see that GFFMVSR can also produce visually
convincing SR images on this challenging dataset.

3 Conclusion

This paper addresses the problem that feedback mechanisms existing in the hu-
man visual system have not been fully exploited in current video super-resolution
models. We propose a novel end-to-end trainable video super-resolution network
called GFFMVSR. By combining grouping principles with feedback mechanisms
for VSR tasks, we effectively improve adjacent frame information fusion and
target frame reconstruction quality. The input sequence is reorganized into
several groups of subsequences with different frame rates, allowing hierarchical
spatio-temporal information extraction, followed by intra-group fusion modules
for preliminary group feature fusion. The feedback fusion mechanism efficiently
learns and fuses newly input content through feedback information, mimicking
human cognitive learning processes. Applying temporal attention at appropri-
ate positions in the model to form the dual temporal attention model further
encourages the model to focus on useful information fusion. Extensive exper-
iments on several benchmark datasets demonstrate that our proposed model
outperforms existing VSR methods both quantitatively and qualitatively.
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