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Abstract

As a critical clue of video super-resolution (VSR), inter-
frame alignment significantly impacts overall performance.
However, accurate pixel-level alignment is a challenging task
due to the intricate motion interweaving in the video. In re-
sponse to this issue, we introduce a novel paradigm for VSR
named Semantic Lens, predicated on semantic priors drawn
from degraded videos. Specifically, video is modeled as in-
stances, events, and scenes via a Semantic Extractor. Those
semantics assist the Pixel Enhancer in understanding the re-
covered contents and generating more realistic visual results.
The distilled global semantics embody the scene information
of each frame, while the instance-specific semantics assemble
the spatial-temporal contexts related to each instance. Fur-
thermore, we devise a Semantics-Powered Attention Cross-
Embedding (SPACE) block to bridge the pixel-level features
with semantic knowledge, composed of a Global Perspective
Shifter (GPS) and an Instance-Specific Semantic Embedding
Encoder (ISEE). Concretely, the GPS module generates pairs
of affine transformation parameters for pixel-level feature
modulation conditioned on global semantics. After that, the
ISEE module harnesses the attention mechanism to align the
adjacent frames in the instance-centric semantic space. In ad-
dition, we incorporate a simple yet effective pre-alignment
module to alleviate the difficulty of model training. Extensive
experiments demonstrate the superiority of our model over
existing state-of-the-art VSR methods.

Introduction
Owing to various constraints, videos captured in real scenes
suffer from degradations such as low resolution, blur, and
noise, etc. Video super-resolution (VSR) aims to recover
high-resolution (HR) video frames from their low-resolution
(LR) counterparts with better visual quality. With the prolif-
eration of high-definition displays and the ever-increasing
demand for superior video contents, VSR has gained
widespread attention. It not only improves the viewer’s vi-
sual enjoyment, but also holds potential applications in fields
like film restoration (Wan et al. 2022), medical imaging (Lu
et al. 2023) and satellite imagery (Deudon et al. 2020).

Compared with single image super-resolution (SISR), ad-
jacent frames usually contain highly related contents, which
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Figure 1: Top: Global semantics and instance-specific se-
mantics. Middle: Original frames and event information (in-
dicated by green arrows). Bottom: Patch PSNR heat map
of five frames in a video, super-resolved by a single image
super-resolution model. A clear boundary shows that PSNR
is strongly related to video content.

can provide complementary information for video super-
resolution. Thus, the effective utilization of temporal infor-
mation across video frames can yield fine-grained visual
details. In recent years, an increasing number of VSR ap-
proaches can be categorized into two paradigms, explicit
and implicit inter-frame alignment. The explicit alignment
attempts to align supporting frames with the reference frame
by using extracted motion information, including optical
flow-based approaches at the image/feature level (Chan et al.
2021), optical flow-guided deformable convolution (Chan
et al. 2022), trajectory-aware attention (Liu et al. 2022a),
etc. The implicit motion estimation and motion compensa-
tion seamlessly extract spatio-temporal features from multi-
ple frames like 3D convolution (Liu et al. 2021).

However, in the temporal dimension, accurate pixel-level
alignment still poses a challenging task. On one hand, dif-
ferent contents exhibit varying restoration difficulties (Li
et al. 2023). As illustrated in Figure 1, smooth regions (in-
dicated in light green) are easy to recover, while textured ar-
eas (marked in red) are relatively difficult. The sub-optimal
restoration results of texture-rich regions will hinder the ac-
curacy of alignment, and even for easy-to-recover contents,
high-frequency artifacts may be introduced due to misalign-
ment (Zhou et al. 2022). On the other hand, in many real
scenes, the camera’s viewpoint is not fixed, leading to sig-
nificant changes in the background between adjacent frames.
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Beyond movement from the camera, the scene itself may
also be constantly changing with lighting and compositional
elements. Moreover, the trajectories of instances within the
video are usually inconsistent (Liu et al. 2022b, 2023b).
These diverse motion cues, when overlaid, make precise
inter-frame alignment difficult. For instance, when facing in-
formation loss due to occlusion, pixel-level alignment may
bring holes and blur.

To address these issues, we draw inspiration from how
humans perceive images, which tend to automatically under-
stand these contents hierarchically. For example, we might
intuitively regard the front-running race car on a track as
the foreground, while other parts are perceived as the back-
ground. Thus, a straightforward approach is to leverage ad-
vanced video analysis techniques to model the foreground
and background of videos. The intuition behind this is to
establish instance-centric semantic representations, and at
the same time, to attribute diverse motion information con-
tained in the video to the corresponding instance. Each in-
stance or background is regarded as an independent move-
ment unit. In this way, the original complex intertwined mo-
tion is now broken down into several simple and indepen-
dent movements. Besides, the change of object scale and
illumination seriously affects the accuracy of alignment in
pixel space, while those factors can be ignored in semantic
space. Therefore, the semantic association of same object
in temporal dimension can support the alignment of objects
in multi-frames, thus avoiding the complex interactions of
multi-instance or background noise and the challenge of ac-
curate pixel-level alignment.

Driven by the above analysis, we introduce Semantic
Lens, a novel paradigm for video super-resolution. It com-
bines the magnifying power of a lens with the semantic pri-
ors, enabling not only improving resolution but also gen-
erating enjoyable visual results. Specifically, we decouple
the video, originally composed of frames, into instances,
events and scenes via constructing a Semantic Extractor.
To make use of those semantics, we develop a Semantics-
Powered Attention Cross-Embedding (SPACE) block, com-
prising a Global Perspective Shifter (GPS) and an Instance-
Specific Semantic Embedding Encoder (ISEE). It embeds
the semantics into features extracted from LR frames in a
position-embedding-like manner and enables the instance-
centric inter-frame alignment with the guidance of seman-
tic priors. Experimental results demonstrate that our method
consistently outperforms existing state-of-the-art methods.
The main contributions are summarized as follows:

• We pioneer a novel representation for video modeled as
instances, events, and scenes, providing both global se-
mantics and instance-specific semantics to boost the per-
formance of video super-resolution.

• We propose a Semantics-Powered Attention Cross-
Embedding block to bridge semantic priors and pixel-
level features, being aware of the restored contents.

• We further design Instance-Specific Semantic Embed-
ding Encoder to perform inter-frame alignment in the
instance-centric semantic space via attention mechanism.

Related Work
Video Super-resolution Existing VSR framework generally
consists of feature extraction, alignment, fusion and frame
reconstruction. It is vital for them to utilize the informa-
tion of inter-frame to improve their performance. For ex-
ample, EDVR (Wang et al. 2019) adopts multi-scale de-
formable convolution (DCN) and pyramid structure to en-
hance the alignment. BasicVSR (Chan et al. 2021) exper-
imentally verifies that feature-level warping can alleviate
the loss of details caused by the inaccurate optical flow es-
timation. BasicVSR++ (Chan et al. 2022) proposes flow-
guided deformable alignment to stabilize the training of
DCN, which explores multiple related pixels to reduce ar-
tifacts. TCNet (Liu et al. 2023a) devises a spatio-temporal
stability module to enhance the structure stability of frames
and the temporal consistency of the video. RVRT (Liang
et al.) divides the video sequence into multiple clips and
transmits information clip-by-clip, achieving the balance be-
tween performance and computational complexity. Report-
ing that inaccurate optical flow estimation and resampling
operations will destruct the sub-pixel information in the LR
video, PSRT (Shi et al. 2022) proposes patch alignment.
TTVSR (Liu et al. 2022a) employs optical flow and atten-
tion mechanism to locate the most similar frame patch along
the same trajectory and makes full use of the information of
the whole sequence. Yet, the performance of optical flow-
based methods always degrades greatly to process videos
with large motion or significant lighting changes.
Visual Understanding Visual understanding at different
granularity levels has been a longstanding problem (Zhu
et al. 2023) in the computer vision field. Segmentation,
whose essence lies in grouping pixels, encompasses vari-
ous tasks based on different semantics. Semantic segmen-
tation seeks to discern semantic categories per-pixel within
an image (Zhang et al. 2022), while instance segmenta-
tion (He et al. 2017) clusters pixels with identical seman-
tic connotation into objects. With the ability to understand
at both the pixel and instance levels, it is logical to step
toward the panoptic segmentation (Kirillov et al. 2019).
Lately, a tendency has emerged to design a universal ar-
chitecture capable of handling all segmentation tasks, like
Mask2Former (Cheng et al. 2022), which excels over spe-
cialized architectures in various segmentation tasks while
being straightforward to train.

In this paper, we forgo the pixel-level inter-frame align-
ment dominated by optical flow, favoring a content-oriented
alignment based on semantic cues instead. Our method out-
shines state-of-the-art works in several evaluation metrics.

Method
The proposed paradigm for video super-resolution, named
Semantic Lens, is illustrated in Figure 2, which con-
sists of a Semantic Extractor and a Pixel Enhancer. Let
ILR =

{
ILR
t |t ∈ [1, T ]

}
be a LR video sequence of height

H , width W , and frame length T . The Pixel Enhancer
aims to recover a high-resolution version, i.e., IHR ={
IHR
t |t ∈ [1, T ]

}
of height sH , width sW , in which s is

the up-sampling factor. It coincides with the mission of the
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Figure 2: Overall pipeline for Semantic Lens consists of a Semantic Extractor and a Pixel Enhancer. The Semantic Extrac-
tor decouples low-resolution video into instances, events, and scenes, each characterized by their embodied semantics with
differentiated descriptors. These semantics are employed to enhance the pixel-level features of Pixel Enhancer in a position-
embedding-like manner, which yields semantic-aware features.

conventional VSR network. Differently, semantic priors de-
rived from Semantic Extractor are embedded into the fea-
tures of the Pixel Enhancer for instance-centric alignment,
generating more enjoyable visual results. In this section, we
will elaborate on the detailed designs of diverse semantics’
utilization as well as the overall architecture.

Architecture
At each time step t, given a reference frame ILR

t and 2n ad-
jacent supporting frames {ILR

t−n, · · · , ILR
t−1, I

LR
t+1, · · · , ILR

t+n},
the Semantic Lens delivers the super-resolved reference
frame ISR

t as output. First, the Semantic Extractor is re-
sponsible to extract diverse semantic priors from LR frames,
which is mainly composed of two parts, that is, frame
encoder-decoder and instance encoder-decoder. The frame
encoder-decoder spatially models intra-frame correlations
frame by frame, obtaining global information and instance-
specific context at the frame level. While the instance
encoder-decoder allows the interaction of the instance-
related content along the time dimension, and establishes the
video-wise instance representation under the supervision of
video instance segmentation (VIS). In this way, the video
content is encoded into the instance-centric semantic space.
And then, those semantic information serves as the input of
the subsequent stage together with the LR frames.

Pixel Enhancer is in charge of refining the original pix-
els and generating absent information. It adopts the bidirec-
tional and second-order grid propagation identical to that
of BasicVSR++, thereby enabling aggressive exploitation

of information from the entire video. The bidirectional fea-
ture propagation branch is composed of Multi-Frame Self-
Attention Blocks (MFSAB) (Shi et al. 2022). Walking past
the stacked MFSABs, the refined deep features Ft of the ref-
erence frame are used to generate the high-resolution result
via a reconstruction module, consisting of several convolu-
tion layers as well as pixel-shuffle layers.

With the aim of improving the inter-frame alignment,
we formulate a semantic-guided instance-centric alignment
schema. Specifically, features of supporting frames are first
coarsely warped to reference frame via the IMAGE mod-
ule. Then, the designed SPACE block is positioned before
the basic unit of the feature propagation branch, and itera-
tively enhances the semantic abundance of original features.
Based on global semantics, the GPS module generates pairs
of scale and bias for spatially-adaptive feature modulation.
The modulated features are further aligned with the guid-
ance of instance-specific semantics by the ISEE module,
which means that the inter-frame alignment is constrained
within the same instance and its related context. Finally, the
features aligned in instance-centric semantic space are fed
into the subsequent MFSAB.

Semantic Extractor
The Semantic Extractor aims to encode the pixel-based
representation of a video into a latent semantic space.
In this semantic space, video is decoupled into instances
(foreground), events (temporal), and scenes (background).
Among them, instances and scenes symbolize the characters
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Figure 3: Illustration of Semantics-Powered Attention Cross-Embedding (SPACE) Block, composed of Global Perspective
Shifter (GPS) and Instance-Specific Semantic Embedding Encoder (ISEE). It is inserted before MFSAB, the basic unit of
feature propagation in Pixel Enhancer, to bridge the semantic-level priors with pixel-level features.

and locations recorded in the video, while events encom-
pass the context of instances and their interactions across
frames. To put it another way, the video is transformed
into the instance-centric form. In this work, we employ X-
Decoder (Zou et al. 2023), a frame-wise detector, to distill
instance and scene information of each frame into tokens,
which can be formulated as:

ft = Encframe(I
LR
t ) (1)

Os
t , f̃t = XDec(ft,Ot, C) (2)

where Encframe and XDec separately denote the frame
encoder and decoder. ft and f̃t are the pixel-level features
generated by the encoder and decoder respectively. The
generic non-semantic queries Ot and classificatory queries C
serve as the inputs of the decoder together with ft. Ot is ran-
domly initialized, while C is obtained by encoding the cate-
gory labels through a text encoder. Os

t represents the token-
level semantics, in which the last semantic token gleans the
global image representation, with the rest being used for in-
stance segmentation.

For the event, we gather instance-specific tokens from all
frames to construct the video-wise instance representation.
It can be used for generation of consistent instance masks
given specific frame in VIS, thus it can also locate the pixels
related to the same instance of multiple frames for alignment
in VSR. Specifically, instance-specific tokens are divided
into different local temporal windows without overlapping.
In the instance encoder, window-based self-attention is em-
ployed upon instance-specific tokens which shifts along the
temporal dimension, so that tokens from different frames
can communicate instance-specific information. The above
process can be formulated as:

Õs
t,i = Encinst(Os

t,i), i ∈ [1, Nf ] (3)
where Encinst denotes the instance encoder. Os

t,i, Õs
t,i rep-

resent the i-th instance-specific token within t-th frame and

those have interacted with each other along the temporal
axis in instance encoder, respectively. Nf is the number of
instance-specific tokens in each frame.

The construction of video-wise instance representation is
to incorporate the appearance of instances across multiple
frames, i.e., a more essential depiction of instance. For this
reason, trainable video queries OV are used to embody the
video-wise instance-specific semantics and event semantics:

Os
V,i = Decinst(Õs

t,i,OV ) (4)

Mt,i = Os
V,i · f̃t (5)

where Decinst denotes the instance decoder and Os
V,i are

the video-wise instance-specific representations. Both in-
stance encoder and decoder consist of a stack of blocks
based on the attention mechanism. Mt,i represents the seg-
mented masks of instances. With an eye to the limited ex-
pressiveness of the global semantic token and the intricate
scenes of long video sequences, we suggest retaining the
global representations of all frames to describe the scene in-
formation of the video, denoted as Os

t,g .

Semantics-Powered Attention Cross-Embedding
When aligning inter-frame features with the guidance of se-
mantic priors, a challenge that should be considered is the
discrepancy between them. To alleviate this issue, we pro-
pose the Semantics-Powered Attention Cross-Embedding
(SPACE) Block, as graphically depicted in Figure 3. The
SPACE block is like the bridge between Semantic Extrac-
tor and Pixel Enhancer, embedding semantic priors into
pixel-level features in a position-embedding-like manner. It
is composed of the Global Perspective Shifter (GPS) and
the Instance-Specific Semantic Embedding Encoder (ISEE).
The former generates pairs of affine transformation param-
eters for spatial-wise feature modulation conditioned on
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Figure 4: Illustration of Implicit Masked Attention Guided
Pre-Alignment (IMAGE) Module.

global semantics, while the latter utilizes the attention mech-
anism to enable the model to be aware of the specific content
during alignment, yielding richer semantic-aware features.

Specifically, the global semantics of each frame is con-
densed into a single token, providing the most concise se-
mantic representation of a video frame. GPS firstly extends
the global semantics to match the spatial dimensions of the
features from the last MFSAB using a simple dot product:

Õs
t,g = Os

t,g · Ft (6)

where Os
t,g ∈ R1×C and Õs

t,g ∈ RC×H×W are original and
extended global semantics of t-th frame, respectively. C is
the embedding dimension of features during propagation.

Utilizing two convolutional layers followed by a ReLU
activation, it generates parameter pairs (γ, β), which are
used for spatial affine transformations of the pixel-level fea-
tures, representing the scale and bias, respectively:

(γ, β) = G(Õs
t,g) (7)

F̃t = (Ft ⊙ γ + β) + Ft (8)

where G represents the convolution layers and ReLU activa-
tion. F̃t denotes the features embedded with global seman-
tics, which are then fed into the ISEE. The intuition behind
this methodology lies in allowing each pixel to be modulated
by the global semantic prior by generating different modu-
lation parameters, enabling adaptive feature enhancement.

ISEE is built upon the cross-attention, where the queries
Q are derived from pixel-level features, while the keys K
and values V are generated by instance-specific semantics.
It bridges pixel-level features with semantic-level priors by
learning the interrelationships between different pixels and
instances, thereby embedding instance-specific priors into
the original features via attention map A, which is applied
to values for weighted summation. The above procedures are
formulated as:

Q = F̃tW
Q,K = Os

V,iW
K ,V = Os

V,iW
V (9)

A = SoftMax(QKT/
√
D) (10)

F sa
t = AV (11)

where WQ,WK ,WV ∈ RC×D represent the parameter
matrices of projections, and D is the channel number of
projected vectors. The refined semantic-aware features F sa

t
will serve as the input of the subsequent MFSAB.

Aside from the SPACE, we further introduce a pre-
alignment module, named Implicit Masked Attention
Guided Pre-Alignment (IMAGE), as depicted in Figure 4.
IMAGE utilizes the pixels from the reference frame as
queries and performs a local window search in the cor-
responding positions of the supporting frames. By apply-
ing attention operations, the supporting frames are coarsely
aligned to the reference frame, unlike previous works (Cao
et al. 2022; Yang et al. 2020) which use attention to di-
rectly enhance low-resolution images with high-resolution
textures. Drawing inspiration from DCN v2, we follow the
idea of modulation mask to limit the magnitude of offsets,
preventing the model from learning overly irrelevant con-
tent. As previously stated, the Semantic Extractor outputs
both pixel-level masks and semantic-level tokens simulta-
neously. Instance masks, which explicitly describe the con-
tent correspondence across different frames, naturally serve
as modulation masks for IMAGE and are thus used as at-
tention masks for frame-wise pre-alignment. The benefits
are two-fold. Firstly, when the pre-aligned supporting frame
conducts window-based attention with the reference frame
in MFSAB, it provides a broader range of information. Sec-
ondly, using instance masks as constraints can avoid perfor-
mance deterioration caused by irrelevant content, meaning
that coarse alignment is executed only between the same in-
stances or backgrounds across frames. Our masked attention
modulates the attention matrix via

A = SoftMax
(
M+QKT

)
(12)

where the attention mask M at feature location (x, y) is

M(x, y) =

{
0 if Mt,i(x, y)

⋂
Mt′,i(x, y) ̸= ∅

−∞ otherwise
(13)

Here, Mt,i and Mt′,i indicate the i-th instance masks from
the reference frame and supporting frame, respectively.

Experiments
Datasets and Metrics We evaluate the performance of
Semantic Lens on the benchmark datasets widely used
in the field of video instance segmentation, YouTube-VIS
(YTVIS) (Yang, Fan, and Xu 2019), available in three ver-
sions (2019, 2021 (Yang et al. 2021) and 2022 (Yang, Fan,
and Xu 2022)). They are chosen for our research with the
intent of aiding semantic priors for video super-resolution.
YTVIS encapsulates 40 different predefined object cate-
gories. YTVIS-19 consists of 2,238 high-resolution video
clips for training and 302 for validation, with a total of 4,883
unique video instances. The improved and extended suc-
cessors, YTVIS-21 and YTVIS-22, share a training set that
comprises 2,985 videos. Moreover, additional videos are in-
cluded in YTVIS-21 for validation, nearly doubling the an-
notation quantity compared to its 2019 predecessor. On the
basis of YTVIS-21, YTVIS-22 introduces 71 more complex
and longer videos into the validation set. In consistency with
prior studies, we evaluate our model with 4× downsam-
pling using two degradations: Bicubic downsample (BI) and
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Method Frames BI degration BD degradation
YTVIS-19 YTVIS-21 YTVIS-22 YTVIS-19 YTVIS-21 YTVIS-22

Bicubic - 32.41/0.9103 31.96/0.8874 31.92/0.8834 31.89/0.8645 31.42/0.8567 31.33/0.8524
EDVR (Wang et al. 2019) 5 35.77/0.9429 35.26/0.9394 35.15/0.9358 32.28/0.8667 31.90/0.8598 31.81/0.8599
BasicVSR (Chan et al. 2021) 15 35.69/0.9446 35.35/0.9417 34.56/0.9369 32.25/0.8630 31.90/0.8562 31.81/0.8523
IconVSR (Chan et al. 2021) 15 36.25/0.9488 35.80/0.9457 35.69/0.9424 32.21/0.8625 31.83/0.8560 31.73/0.8519
BasicVSR++ (Chan et al. 2022) 30 36.33/0.9493 35.89/0.9463 35.77/0.9430 32.26/0.8645 31.88/0.8579 31.78/0.8539
TTVSR (Liu et al. 2022a) 50 36.33/0.9492 35.91/0.9465 35.81/0.9433 32.30/0.8645 31.93/0.8578 31.82/0.8534
RVRT (Liang et al.) 30 36.53/0.9507 36.06/0.9481 35.93/0.9444 32.31/0.8650 31.95/0.8584 31.85/0.8544
PSRT (Shi et al. 2022) 16 36.58/0.9514 36.14/0.9487 36.04/0.9458 34.95/0.9103 32.07/0.8619 31.98/0.8582
IART (Xu et al. 2023) 16 36.55/0.9513 36.24/0.9491 36.12/0.9460 32.45/0.8687 32.05/0.8619 31.97/0.8585
Semantic Lens (Ours) 5 37.19/0.9542 36.55/0.9499 36.39/0.9468 38.49/0.9625 37.93/0.9597 37.73/0.9558

Table 1: Quantitative comparison (PSNR↑ and SSIM↑) on the YTVIS (2019/2021/2022) dataset for 4× VSR task. The best
performance is displayed in bold, and the second best performance is marked in underline.

Bicubic EDVR BasicVSR IconVSR

BasicVSR++Frame 19, Clip 036 GTPSRT Semantic Lens (Ours)

Figure 5: Visual comparison of VSR (4×) on YTVIS-19 dataset.

Bicubic EDVR BasicVSR IconVSR

BasicVSR++Frame 01, Clip 422 GTPSRT Semantic Lens (Ours)

Figure 6: Visual comparison of VSR (4×) on YTVIS-22 dataset.

downsampling employing a Gaussian filter with a standard
deviation of σ = 1.6 (BD). We keep the same evaluation
metrics: 1) peak signal-to-noise ratio (PSNR) and 2) struc-
tural similarity index (SSIM) as previous works.
Model Setting and Training Details For the Semantic Ex-
tractor and Pixel Enhancer, we maintain the same settings
as the released code of the baseline network (Zou et al.
2023; Heo et al. 2022; Shi et al. 2022). Additionally, to align
the semantic-level information with pixel-level features, we
introduce a channel compression module, projecting the
semantic-level features from 512 to 120. We train our model
with five input frames (T = 5) sampled from the same
video, and set the input patch size of LR frames as 64× 64.

For optimization, we use AdamW with β1 = 0.9, β2 = 0.99
and weight decay = 10−4. The learning rate is initialized to
2× 10−4. The Charbonnier loss is applied on whole frames
between the ground-truth IHR and restored frame ISR, de-
fined as L =

√
||IHR − ISR||2 + ϵ2. The whole model is

trained based on X-Decoder pre-training at the image-level.
Firstly, the X-Decoder with frozen weights is extended to
the video-level using the video instance segmentation task.
Subsequently, fine-tuning is performed on the entire Seman-
tic Lens, where all parameters of the Semantic Extractor are
kept fixed and not updated. The model is implemented with
PyTorch-2.0 and trained across 4 NVIDIA 3090 GPUs.
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Figure 7: The attribution results of adjacent frames.

Performance Comparison
We compare Semantic Lens with several state-of-the-art
methods, including 4 CNN-based VSR methods and 4
transformer-based methods. For all previous methods, we
conducted evaluations using their official codes and weights.
As shown in Table 1, Semantic Lens achieves state-of-
the-art performance on all datasets under both degrada-
tions. Specifically, Semantic Lens provides an average im-
provement of 0.61 dB/0.31 dB/0.27 dB on YTVIS-19/21/22
datasets respectively, establishing the SOTA. What’s more,
our model achieves better performance in SSIM values.

The qualitative comparisons presented in Figure 5 and
Figure 6 demonstrate the superiority of the Semantic Lens
to restore finer details compared to other methods. While
CNN-based methods are still struggling to restore accurate
patterns, transformer-based ones, benefiting from their pow-
erful modeling capabilities, have been dedicated to recover-
ing more realistic textures. Compared to PSRT, the textures
super-resolved by Semantic Lens is closer to the ground
truth, even the distant tiny pattern can be restored intactly.
This is achieved by introducing the semantic priors to en-
able the model to understand the restored contents.

Furthermore, we employ the interpretability tool, Local
Attribution Map (LAM) (Gu and Dong 2021), to shed light
on the behavior of the Semantic Lens. Given the specified
target patch on the reference frame, LAM tracks the infor-
mation used by the model. It highlights the pixels in multi-
frames that contribute to the super-resolution most, gener-
ating the corresponding attribution maps. Representative re-
sults are shown in Figure 7. It can be observed that Semantic
Lens, empowered by semantic priors, tends to concentrate
more on the same instance across frames, which is particu-
larly evident in the attribution map of supporting frame #2.

BasicVSR BasicVSR++ PSRT Semantic Lens
PSNR 36.64 36.67 37.15 37.19
SSIM 0.9495 0.9436 0.9538 0.9542

Table 2: Quantitative comparison on the YTVIS-19 dataset.

To further validate the superiority of Semantic Lens, we
train some methods on the YTVIS dataset, adhering to the
training strategy outlined in the original papers, with an in-
put of 5 video frames. As reported in Table 2, we can ob-
serve that Semantic Lens achieves consistent and significant
performance gain over each other method.

Ablation Study
To verify the effectiveness of each component in the pro-
posed Semantic Lens, we start with a baseline and gradually
insert the components. Specifically, we remove the IMAGE
and SPACE, retaining only MFSAB in the feature propaga-
tion branch as the baseline, while the rest of the network
remains the same. From Table 3, it is apparent that each
component brings considerable improvement, ranging from
0.05 dB to 0.3 dB in PSNR. Hence, it verifies that beneficial
semantic priors for super-resolution are embedded into the
pixel-level features.

Baseline GPS ISEE IMAGE PSNR/SSIM
1 ✓ 36.75/0.9493
2 ✓ ✓ 36.84/0.9510
3 ✓ ✓ ✓ 37.14/0.9541
4 ✓ ✓ ✓ ✓ 37.19/0.9542

Table 3: Results of ablation studies on the YTVIS-19
dataset.

(a)

(b) (c)

(d) (e)

Figure 8: Visual comparisons of ablation for investigating
the contribution of key modules. (a) HR Frame. (b) Baseline.
(c) Baseline+SPACE. (d) Semantic Lens. (e) Patch of GT.

As shown in Table 3 and Figure 8, the proposed SPACE
plays an important role in the final super-resolved result be-
cause of the adaptive embedding of diverse semantics. Com-
pared with the baseline, the model with SPACE can achieve
a more intact and natural recovery on tiny and fine textures
(such as strings of the tennis racket in Figure 8 (c)). It also
verifies that introducing IMAGE can indeed help improve
the sharpness of the final results of videos.

Conclusion
In this paper, we introduce a video super-resolution
paradigm, named Semantic Lens, that draws knowledge
from semantic information. It consists of a Semantic Ex-
tractor and a Pixel Enhancer, which are responsible for ex-
tracting semantic priors and enhancing pixel-level features
from low-resolution videos, respectively. To bridge the se-
mantic and pixel-level information, we deploy a Semantics-
Powered Attention Cross-Embedding Block ahead of the
feature propagation basic block within the Pixel Enhancer.
It iteratively embeds global semantics and instance-specific
semantics into the features of VSR, aligning adjacent frames
in the instance-centric semantic space.
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