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Abstract

Sensors in mobile phones have significantly increased in
dimensions, reaching an impressive 200M pixels. How-
ever, the output resolution of images and videos stored
on a device is still constrained. In most modern high-
resolution imaging sensors, pixel binning is performed
to maintain a good signal-to-noise ratio (SNR) and ac-
commodate memory and bandwidth resource limitations.
This presents a challenge, as extensive spatial compres-
sion leads to irreversible data loss. Although Video Super-
Resolution (VSR) methods can be applied to reconstruct
high-resolution videos, they may still lead to unsatisfac-
tory reconstruction results. To address this challenge, we
rethink the role of Compressive Sensing (CS) in the video
domain. We propose a novel on-sensor sampling scheme
and examine different dynamic binning mask layouts with
temporal variations. For reconstruction, we use conven-
tional VSR models and demonstrate that combining them
with our compression strategy enhances image quality. Ex-
tensive experiments on benchmark datasets confirm that our
method improves reconstruction quality both quantitatively
and qualitatively.

1. Introduction

Each year, 1.6 trillion photos are captured worldwide us-
ing smartphones, establishing mobile phones as the dom-
inant force in the photography market. This is connected
to the ever-improving quality of smartphone cameras and
the expansion of image sensor dimensions. Despite a sub-
stantial increase in sensor size - reaching up to 200M pixels
[10, 46] - the default image file save settings remain limited
to a modest 12.5M pixels for still images and Full HD ( 2M
pixels) for video sequences.

In high-resolution sensors, physical constraints impose
limitations as smaller pixels are densely packed onto the
sensor surface. While this theoretically may help capture
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Figure 1. Illustration of sensor layout with a 4 x 4 pixel struc-
ture cell (a) and the conventional 16Sum binning process with a
16:1 compression rate. Where (b) is an intermediate stage: 8-
summation and (c) is the final binned low-resolution output.

more details, it can reduce the per-pixel photon reception,
resulting in lower SNR. Such sensors can acquire extremely
high-resolution images under optimal lighting conditions,
but perform poorly in low-light environments. Moreover,
higher pixel counts demand increased processing band-
width and storage capacity, as they generate substantial vol-
umes of data for processing. To achieve higher signal-to-
noise ratios while maintaining high frame rates, pixel bin-
ning is commonly integrated at the hardware level [19, 26].

For 200M pixel sensors [10, 46], implementing a 16:1
binning ratio, denoted as 16Sum, reduces the output to a
12.5M pixel image, resulting in significantly larger effec-
tive pixels, that can capture more light. The binning pro-
cess aggregates a 4 x 4 pixel structure by first summing
the values of 4 x 2 pixels [46], then averaging the two re-
sulting sums to produce a single pixel output, as illustrated
in Fig. 1. However, pixel binning presents a fundamen-
tal trade-off: while it reduces image noise, it simultane-
ously decreases spatial resolution and fine detail preserva-
tion. When upscaling the images back to a higher resolu-
tion during post-capture, the output quality is limited to ei-
ther utilizing mobile digital zoom, or reconstruction using
Single-Image Super-Resolution (SISR), or VSR methods.

VSR aims to restore a series of high-resolution (HR)
frames by exploiting the temporal information within low-
resolution (LR) frames [32]. It produces Super-Resolution
(SR) results with higher accuracy than SISR, by leveraging



the complementary sub-pixel information from multiple
video frames. Nevertheless, there are several limitations
for the existing VSR methods, which lead to unsatisfactory
quality of the results. One limitation is the underlying
assumption regarding motion in a scene. In regions char-
acterized by minimal to no motion, temporal correlations
across frames may not offer additional information to
enhance the super-resolved output.

In this work, we propose a novel compression frame-
work, that addresses this challenge and allows for a more
robust SR reconstruction. Inspired by Image Compressive
Sensing (ICS) methods [6, 9, 44], we suggest encoding
a series of video frames using different binning-masks
layouts with temporal variations. While traditional CS
involves taking multiple measurements of a single image,
this approach is impractical for maintaining high frame
rates. To address this, we leverage the assumption that
subtle changes between consecutive frames can be ad-
dressed as noise, and shift the problem to the video domain.
We introduce a compression block to obtain on-sensor
compressed measurements from HR images, acquiring a
single measurement per frame. However, implementing
such non-regular sampling, where some pixels are excluded
from the sampling process, lowers the fill-factor and leads
to low SNR [23, 24, 39, 40]. Since such sensitivity loss is
unacceptable for most practical image sensors, we propose
exploiting the existing 2-stage binning process (Fig. 1) to
take two measurements per frame using complementary
masks, forming a complete tiling of the sensor area. This
approach enables binning of eight HR pixels, achieving
both high SNR and frame rates comparable to conventional
rectangular binning. Our proposal includes multiple mask
designs (Fig 6), with image reconstruction performed using
standard VSR techniques.

To the best of our knowledge, we are the first to apply CS
formulation for spatial compression and reconstruction of
video frames. This is a departure from classic CS theory
[3, 12, 15], which assumes multiple measurements of the
same signal. Moreover, we will show that our method
preserves user experience and can be seamlessly integrated
into the image acquisition pipeline of smartphones. It
ensures that the compressed measurements stored on
the device can be directly accessed and visualized as
images, unlike conventional CS methods, which generate a
compressed matrix. Extensive experiments are carried out,
showing that using our compression approach combined
with VSR models outperforms the reconstruction quality
compared to conventional square binning. We select
three representative VSR models [4, 30, 49] to show the
generality of our proposed compression and perform the
majority of our experiments using BasicVSR [4]. Our
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Figure 2. Pipeline illustration of the compression and reconstruc-
tion flow. Images are divided into blocks and sampled using the
sampling module. Block size is bigger for better visualization.

approach is not limited to on-sensor image acquisition
process and can also further benefit VSR tasks that have
control over the acquisition of LR images.

2. Related work

2.1. Compressive sensing

CS [3, 12, 15] is a theoretical framework that requires
significantly fewer measurements than those dictated by
Nyquist sampling, assuming the signal is sparse in some do-
main. Let # € R” be the original signal, and ® € RM*N
be a controlled measurements matrix, where M < N. Then
the measurements y € R™ are given by:

y=oxr=A0, A=V, (D)
where U € RN js the sparsifying basis, A € RM*N jg
the effective measurement matrix and § € R is the sparse
representation of z. Recovering x from the measurements y
is an ill-posed under-determined inverse problem. However,
the sparse property of the signal x enables its recovery.

Over the past years, there have been a large number
of classical algorithms proposed in the literature for solv-
ing this optimization problem [7, 11, 18, 25, 34, 45, 48].
Some works have developed optimization algorithms for ®
[1, 8, 16, 17, 35], often by minimizing the mutual coher-
ence of A [13—15]. The authors of [38] proposed using ran-
dom binary matrices to measure light intensities corrupted
by Poisson noise. Each element in the measurement matrix
is 0 with probability p and ﬁ with probability 1 — p, where
p € (0,1) is a given parameter. The authors formulate re-
covery guarantees using such matrices, and show that the
optimal value of pis p = 0.5.

Natural images are known for sparsity in various trans-
form domains [3], thus CS theory can be applied to image
acquisition. Due to the high resolution of the image, Block-
based Compressive Sensing (BCS) [22] was introduced to
improve the efficiency of image sampling by employing a
block-by-block sampling. In recent years, with the rise of
deep neural networks (DNNs), many DNN-based models
have gained much success for image CS reconstruction and
achieved state-of-the-art (SOTA) results [21, 43, 44, 51]. A
major limitation of these methods is that the compressed
signal cannot be visualized as an image due to significant



compression and an incompatible number of channels, typ-
ically only one (grayscale) or three (RGB) are supported.
This limits their applicability to scenarios that do not require
visualization or direct interaction, thereby making them un-
suitable for smartphones.

2.2. Compressive image sensors

Several works propose implementations for compressive
sensing in hardware. In [28, 36] the authors implement a
block-based compressive image sensor with random binary
measurements matrix using multiplexers and XA analog to
digital converters (ADCs). While in [28, 36] each pixel can
participate in multiple measurements, in [29, 37] each pixel
is measured exactly once. In [29] the authors implement
a column based compressive sensor using a deterministic
measurements matrix. Pixels are summed along the column
in groups of 4 by a XA ADC in order to acquire digital
measurements. This is done for all the columns in paral-
lel. In [37] the sensor is block-based, but the compression
within the block is only along the rows. The pixels of the
row are inputs to a switched capacitor (SC) matrix multi-
plier, which implements multiplication by random =£1 val-
ues and summation in groups of 4. Then, the compressed
row is quantized by ADCs. This is done sequentially for
all the rows in the block. To the best of our knowledge,
no compressive sensing system implements frame-varying
dynamic binning masks. However, this capability could
be achieved by adapting existing designs with appropriate
modifications to support dynamic spatial binning.

2.3. Non-regular sampling

In [23], the authors propose an end-to-end neural network
based solution that is capable of super resolving single im-
ages that were downscaled using different non-regular sen-
sor layouts, such as quarter sampling and three-quarter sam-
pling. Their proposal is to replace the bicubic upsampling
used as initial reconstruction for SISR algorithms with a
data-driven approach, using a locally fully connected re-
construction (LFCR) network, which results in an improved
reconstruction quality.

In patent application [20], the inventors introduce a
Tetromino sensor, in which the pixels contributing to a cer-
tain measurement form the shape of the letters T, L or Z. As
in [29, 37], each pixel is measured exactly once. Recent
work [24] investigates T-Tetromino pixel layouts, where
each T-shaped element aggregates four higher-resolution
pixels (Fig. 5a.). The authors perform single image recon-
struction with various algorithms, motivated by the premise
that non-regular T-shaped sampling can outperform con-
ventional square binning in terms of reconstruction quality.
This is due to intrinsic limitations of regular sampling in
reconstruction algorithms, introducing aliasing in the pres-
ence of high-frequency scene components.
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Figure 3. Sampling flow for single sample per frame (a) and two
samples per frame (b). For simplicity, we show a single frame as
an input and not a video sequence. Block size is also bigger for
better visualization.

2.4. Video super resolution

VSR enhances video quality by reconstructing HR frames
from their LR counterparts, addressing image degradation
challenges. The distinction from image super-resolution
lies in the utilization of inter-frame information. Most VSR
networks learn residual HR feature maps which are then
added to an initial reconstruction that is usually based on the
bi-linear interpolation. Since adjacent frames are often cor-
related but misaligned, an ongoing research in VSR focuses
on temporal alignment. Early methods performed the align-
ment in the image space [2, 27]. However, BasicVSR [4]
claimed that feature alignment can achieve superior results
and adopted bidirectional propagation to effectively exploit
information from the entire input video. basicVSR++ [5]
redesigned the architecture in [4] by proposing twice bidi-
rectional propagation and second-order flow guided de-
formable convolution alignment. RVRT [30] proposed
to process local neighboring frames in parallel within a
globally recurrent framework, combined with guided de-
formable attention for clip-to-clip alignment. To enhance
robustness against inaccurate optical flow, PSRT [42] pro-
posed to align patches by averaging the motions within pre-
defined grids. Recently, IART [49] achieved state-of-the-
art results by proposing an implicit resampling based align-
ment, which uses a coordinate network and a window-based
cross-attention.

In this work, we select representative networks to
demonstrate the advantages of temporally varying sampling
masks in enhancing VSR reconstruction quality.



3. Method

The pipeline of our compression and reconstruction frame-
work is demonstrated in Fig 2. Each HR frame is sampled
block-wise with non-overlapping sampling masks. The LR
frames are used as input to VSR network.

3.1. Motivation

Since reconstruction from LR to HR images is common to
both VSR methods and ICS frameworks, we reconsider the
CS problem and examine its various components with re-
spect to VSR. Images downscaled by a factor of 4 (com-
pression ratio (CR) of 1/16), commonly used as LR inputs
in VSR benchmarks, can be represented as the outcome of
BCS with a single sampling mask applied to a 4 x 4 block.
The sensor pixel layout as presented in Fig. 1, defines the
downscale ratio, thus we set the block size to B = 4, which
contrasts with the larger block size of B = 32 typically used
in CS frameworks [41].

In CS theory, the same signal is sampled multiple times.
However, conventional CS approaches are impractical for
image sensors due to hardware constraints, where each pixel
can be accessed only once, and real-time capture requires
high frame rates. To address this, we propose to sample
a video sequence. In static regions, subtle frame to frame
changes can be modeled as noise, which allows for CS the-
ory to remain applicable. We can harness multi-frame pro-
cessing infrastructure, already used in mobile devices for
noise reduction, for HR frame reconstruction. Additionally,
most CS measurements cannot be interpreted as images, re-
stricting it from applications needing visualization or direct
use. In contrast, our approach preserves the image-like na-
ture of the measurements, allowing for direct visualization.

We propose several sampling mask layouts, drawing
from three sources: existing sensor architectures, CS the-
ory, and the T-Tetromino-based patterns introduced by [24].

3.2. Sampling

In BCS strategy [22], the input image is divided into non-
overlapping blocks of size B x B. Each block is sampled
separately and M measurements are taken, where M < B2
For an image X of size H x W x 1, this sampling operation
results in measurements Y of size % X % x M. We can
represent the block-sampling process with matrix multipli-
cation: y, = Pxp, where @ is the measurements matrix,
y, € RM is the sampled block measurements, 2, € RF-B”
is the input video block reshaped to a vector, and F' is the
number of frames. The CR is therefore % We introduce
two sampling strategies as can be seen in Fig. 3.

Single sample per frame. The basic proposed scheme
is to sample each frame once, i.e. M = F, resulting in
CR of 1/B2. For B = 4, this yields CR = 1/16. This
setup enables direct comparison with VSR models trained
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using bicubic downsampling or traditional binning, where
only one sample per frame is taken, maintaining the same
CR of 1/16. The compressed frame remains an image, sim-
ilar to 16Sum or bicubic downsampling, but only a sub-
set of the pixels are utilized. The measurements matrix
& € RM*F-B” can be written as:
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where 0 is a zero row vector, and vy € RXB* 1< f<F
is a row vector containing the elements of a B x B mask
applied on the f-th frame. Due to hardware limitations,
our sampling masks must be binary. Following [38], we
set each mask to be sparse by exactly 50%. For B = 4, pre-
cisely 8 pixels equal to 1 and the complementary 8 pixels
equal to 0. This pixel sampling strategy, which utilizes only
a subset of available pixels, results in a decreased fill-factor
and consequently a lower SNR.

Two samples per frame. To address this limitation, in-
spired by the common two stage 16Sum binning with an
intermediate 8Sum stage (Fig. 1), we propose the use of
two orthogonal masks per frame, i.e. M = 2F'. Each frame
is sampled twice, with a mask and its complementary mask,
thus each pixel is summed only once. By enabling the use of
all available image data, we achieve 100% fill-factor. Since
each measurement is an image, summing the two measure-
ments, when needed for visualization, contributes to a high
SNR and is equivalent to 16Sum sampling. This preserves
the image structure and maintains the integrity of the imag-
ing pipeline. The measurements matrix ® € RM*FB * s
of the form:
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We divide the measurements vector y; in the following
manner:

“)
where ®,, ¢, € R¥*FB” are obtained by taking only the
odd and even rows of ® respectively. The CR is now 2/B?,
and becomes 1/8 for B = 4.

3.3. Mask design

Since adjacent frames are very similar, they can be modeled

as the same frame with different noise values. We therefore
. L= 2

consider the matrix ® € RM*B";
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where ®;, ®, are used in single-sample and two-samples
cases respectively. Several choices for the masks elements
vf,1 < f < F are examined below. For all the configura-
tions we use ' = 7 to match the number of frames in the
commonly used dataset Vimeo-90K [50].

Single sample per frame (illustrated in Fig. 4):

a) 16Sum - Standard square sensor binning, with B = 4.
For each frame 16 pixels are summed in order to gener-
ate the measurements. Using mask representation, each
mask element vy, 1 < f < F'is a vector of all ones.

b) Random - Random matrices are widely employed in CS
[3, 12, 38]. Following this principle, we consider ran-
domly selecting 8 non-zero entries in each mask ele-
ment vy, 1 < f < F. We will show that this CS
approach can achieve superior performance compared
to the standard 16-sum binning that is currently imple-
mented on sensors. This expectation can be further re-
inforced by the premise that non-regular sampling pat-
terns can outperform regular binning [24].

Two samples per frame (illustrated in Fig. 6):

a) 8Sum - The on-sensor 16Sum binning process involves
an intermediate stage of 4 x 2 charge accumulation, fol-
lowed by analog summation and averaging using a sin-
gle ADC. The 8Sum binning is columns-based, as in
Fig.1. We analyze the potential reconstruction benefits
of bypassing the summation stage replacing it with two
ADCs. In this case vy = u, 1 < f < F, where u equals
one for pixels corresponding to notation A of the block
and zero otherwise. This mask remains static over time.
8Sum alternate - We further examine the reconstruc-
tion benefit obtained by alternating between columns-
based and rows-based binning, harnessing another ex-
isting on-sensor binning structure of a 2 x 2 pixels cell
that forms 50M pixels images. We utilize this exist-
ing infrastructure and suggest alternating summation of
pairs of fours. The binning is columns-based for odd
frames and rows-based for even frames.

Tetromino basic - Recent work [24] considers T-
Tetromino pixel layouts for SISR task, where each T-
shaped element aggregates four higher-resolution pix-
els (Fig. 5a.), based on the assumption that this non-
regular sampling can surpass conventional square bin-
ning. Four measurements are taken from each 4 x 4
block in the HR image, and the measurements matrix
® € R**16 is given by:

b)

c)

T = (titatsts ), 6)

where ¢; € R'6*! equals one for pixels belong to the
i-th T-Tetromino element and zero otherwise. We exam-
ine whether this sampling pattern can outperform §Sum
rectangular binning. To achieve a desirable down-
scaling factor of 4, our binning mask layout differs
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Figure 4. Single-sample-per-frame measurement masks: 16Sum
(top) and Random (bottom).
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Figure 5. 4 x 4 T-Tetromino cell as suggested in [24] (a). To enrich
the mask options, an extended version is presented in (b)

from [24] and requires two T-Tetromino elements. We
employ combinations of elements pairs to achieve one
mask. The masks elements vy, 1 < f < F are given
by repetitions of the sequence t1 + to,t1 + t3,t1 + t4,
and the complementary masks are given by repetitions
of t3 + t4, tg + t4, tg -+ tg.

Tetromino extended - We aim to expand the set of avail-
able masks pairs options, which is currently limited to
three. To accomplish this, we horizontally flip the four
T-Tetromino elements, generating four additional ele-
ments, as illustrated in Fig. 5b. The masks elements
vy, 1 < f < F are given by repetitions of the sequence
t1 + 12,11 + t3,t1 + tg,t5 + 16, t5 + 17,15 + ts.
Random - As in the single-sample-per-frame case, we
randomly pick 8 non-zero entries in each mask element
vf, 1 < f < F based on CS theory.

d)

€)

Hardware implementation. The proposed masks do not
require new technologies. Instead, sensors can be designed
using existing tool chains. Nevertheless, the proposed de-
signs require hardware capable of implementing dynamic
mask patterns, where the mask values change from frame to
frame. Although existing compressive sensors, to the best
of our knowledge, do not meet this requirement, the imple-
mentation suggested in [37] could be adapted for this pur-
pose. The described matrix generator employs multiplexers
to cyclically update mask values with each new row scan.
This implementation could be adapted to update mask val-
ues every time a new frame is scanned. Random binary
matrices can be implemented as shown in [28, 36]. Since
our design ensures that each pixel is measured only once,
a more efficient implementation, such as described in [37],
can be employed. In this case, the following modifications
would be required:
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Figure 6. Two-samples-per-frame masks illustration. Starting
from static masks to time-varying masks with different sampling
strategies. Pixels with the value of one in the mask element
vy, 1 < f < 7, are marked as A, and pixels with the value of
zero in vy (and one in the complementary mask element 1 — vy)
are marked with B.

1. Replacing the ADCs in [37] with ¥A ADCs, and sum-
ming the compressed rows along the columns in groups
of 4 as in [29].

2. Updating the SC matrix multiplier to implement stan-
dard binary values instead of &1 values.

3. For the two-samples-per-frame mode, twice as much SC
matrix multipliers and ADCs are needed.

3.4. Reconstruction

We employ VSR models for reconstruction as shown in Fig.
2. Our first hypothesis is that incorporating time modality
into the down-sampling acquisition process can contribute
to the VSR task. To validate this, we utilize the single-
sample-per-frame configuration with 16Sum and random
measurements masks (Fig. 4). These two sampling schemes
can be directly compared to original VSR models trained
with bicubic downsampling, requiring no modifications to
the networks.

Next, we explore which sampling masks are most bene-
ficial for VSR. Given that a 50% fill-factor is not acceptable
in most imaging applications, we utilize two-samples-per-
frame configurations (Fig. 6), and test their impact on re-
construction quality. Since this approach provides two LR
inputs per frame, a modification to the network is required.

Network adaptation for two-samples-per-frame.

Two LR measurements are captured, and these two mea-
surements are concatenated in the channels dimension. In-
stead of a 3-channels RGB image, we use a 6-channels input
and change the first layer of the VSR model respectively.

This design implicitly guides the model that the two mea-
surements are drawn from the same frame. The output is
also a 6-channels image and the last layer is changed ac-
cordingly. We add a pointwise convolution layer to reduce
the output back to a 3-channel RGB image. The video se-
quence duration remains unchanged, unlike explicitly using
measurement pairs, which doubles it, thereby reducing in-
ference time. Given the benefits of channel stacking in both
inference efficiency and feature utilization, we adopt this
configuration as our solution. We conduct ablation stud-
ies on alternative network adaptations and present these ap-
proaches, reconstruction results, and inference times in the
supplementary material. The results demonstrate that chan-
nel stacking outperforms other solutions in both reconstruc-
tion quality and time efficiency.

Initial reconstruction modification.

Most VSR architectures rely on bilinear interpolation for
the initial reconstruction, with the network learning only
the residual HR features to refine this estimate [4, 30, 49].
Following [23, 24], we investigate whether using an
end-to-end neural network solution with our non-regular
sampling offers any advantage. Specifically, we replace
bilinear interpolation with the LFCR model for initial
reconstruction. Modifications were required in the LFCR
network to align with our compression scheme. The details
of the LFCR implementation and the quantitative results
are provided in the supplementary material. Our results
indicate that VSR models perform effectively without this
modification and that bilinear interpolation is sufficient,
simplifying the overall approach. By omitting LFCR, we
reduce both training time and inference complexity, making
our approach more efficient.

The final reconstruction flow is illustrated in Fig. 7
using basicVSR [4] architecture.

4. Experiments

Datasets and settings. We consider the widely-used
dataset for training: Vimeo-90K [50]. This benchmark has
64,612 and 7,824 video sequences for training and testing,
respectively. Each sequence contains 7 frames. We evalu-
ate our models and report results on Vimeo-90K-T and Vid4
[31] which has 4 video sequences. During training the im-
ages are randomly cropped to 256 X 256 image patches,
which corresponds to 64 x 64 LR patches. Data augmenta-
tion using random horizontal and vertical flipping was ap-
plied. As in [4], the networks trained with Adam optimizer,
using Charbonnier penalty loss. Initial learning rate was
set to 1 x 10~% and decreased with the Cosine Annealing
scheme[33]. Models were trained for 300,000 iterations
with mini-batch size of 2. Detailed experimental settings
are provided in the supplementary material.
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Figure 7. Proposed two-samples per frame reconstruction flow using BasicVSR architecture. Two LR sequences are used as inputs.

4.1. Quantitative and qualitative comparisons

Quantitative comparison. We performed experiments
to evaluate the reconstruction quality using our proposed
sampling mask designs combined with representative VSR
models and report peak-signal-to-noise-ratio (PSNR), struc-
tural similarity index measure (SSIM) [47] and learned-
perceptual-image-patch-similarity(LPIPS) [52] metrics.
Table | presents quantitative comparison of three sam-
pling configurations in the single-sample-per-frame case
combined with three representative VSR models (Ba-
sicVSR [4], IART [49], RVRT [30]). To ensure fair compar-
ison, we trained and tested all models with the same settings
and inputs. BasicVSR is a first-order VSR model, mak-
ing it well-suited for applications on edge devices. There-
fore, for the two-samples-per-frame case, we evaluate the
reconstruction quality using our proposed mask designs in
combination with BasicVSR. The results are presented in
Table 2, with mask designs ordered by their temporal dy-
namics. As shown in Table 1, all models exhibit a con-
sistent trend: bicubic down-sampling yields the poorest re-
sults, likely due to frequency attenuation and information
loss. Comparing 16Sum with random mask sampling, our
findings align with CS theory, which suggests that applying
non-regular and more dynamic sampling masks to the se-
quence enhances performance. Superior reconstruction re-
sults were achieved using random masks, despite their 50%
fill factor, across all models and metrics for both Vid4 and
Vimeo-90K-T datasets. This pattern is further reinforced by
the results in Table 2. The non-dynamic 8Sum masks per-
form worst, while highly dynamic random masks improve
results but fall short of Tetromino masks. This performance
gap may be due to T-Tetromino elements containing adja-
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Model ‘ Params(M)‘ Sampling ‘ Vimeo90K-T Vid4

BasicVSR [4] 63 Bicubic || 37.30/0.9461/0.1006 | 27.16/0.8195/0.2524
BasicVSR [4] 6.3 16Sum 37.82/0.9538/0.0799 | 27.88/0.8553/0.1920
BasicVSR [4] 63 Random || 39.00/0.9670/0.0544 | 28.91/0.8905/0.1271
RVRT [30] 10.8 Bicubic || 38.10/0.9524/0.0882 | 27.62/ 0.8345/ 0.2180
RVRT [30] 10.8 16Sum 39.07/ 0.9628/ 0.0591 | 29.30/ 0.8806/ 0.1523
RVRT [30] 10.8 Random || 40.65/0.9754/0.0383 | 30.27/0.9145/0.0936
TART [49] 13.4 Bicubic || 38.09/0.9524/0.0897 | 27.63/0.8340/ 0.2373
IART [49] 134 16Sum 39.37/0.9644/ 0.0564 | 29.05/0.8816/ 0.1570
IART [49] 134 Random || 40.99/0.9768/0.0348 | 30.71/0.9197/0.0827

Table 1. Quantitative comparison (PSNR/SSIM/LPIPS) on

Vimeo-90K-T [50] and Vid4 [31] for x4 VSR in single sample-
per-frame case (CR=1—16), with different sampling schemes. Best
results of each model are marked in red.

cent pixels, thus enhancing edge preservation. Such distinc-
tions are expected, as VSR task differs from conventional
CS problems. Furthermore, the theoretical results regard-
ing random matrices in CS theory [12], were obtained under
the assumption that M, N — oo, and therefore are only ap-
plicable for high matrix dimensions (typically N > 1000),
while in our case N = 16.

To further validate our claim, we trained BasicVSR us-
ing random and Tetromino masks, which remain constant
over time, for the two-samples-per-frame case. The re-
sults, presented in Table 2 indicate that such non-regular,
non-dynamic sampling outperforms the rectangular, non-
dynamic 8Sum sampling but falls short compared to all dy-
namic sampling approaches. This confirms our premise that
introducing temporal dynamics to non-regular sampling en-
hances reconstruction performance in VSR (see supplemen-
tary material for further details).



=3
Sequence 0002, Clip 091

8sum Alternate

Tetromino Basic i Tetromino Ext.
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Sampling I Vimeo90K-T \ Vid4

8Sum 39.2199/ 0.9652/0.0555 | 28.9752/0.8879/0.1450
Tetromino constant 40.0938/0.9711/0.0398 | 29.9249/0.9162/ 0.0859
Random constant 40.2931/0.9724/ 0.0401 | 30.8335/0.9210/ 0.0841
8Sum alternate 40.7928/ 0.9762/ 0.038 | 31.2395/0.9290/ 0.0945

41.4386/0.9791/ 0.0320
41.5675/0.9799/ 0.0312
41.0379/ 0.9778/ 0.0335

Tetromino basic
Tetromino extended
Random

31.8586/ 0.9371/0.0720
31.8636/ 0.9375/0.0707
31.2786/ 0.9292/ 0.0741

Table 2.  Quantitative comparison (PSNR/SSIM/LPIPS) on
Vimeo-90K-T [50] and Vid4 [31] for x4 VSR in two samples-
per-frame case (CR=%), with different static (upper) and dy-
namic (lower) compression schemes combined with BasicVSR [4]
model. Best results are marked in red.

Qualitative comparison. Fig. 9 shows qualitative com-
parisons of the different sampling masks for single-sample-
per-frame on Vimeo-90K-T and Vid4 datasets. Fig. 8 shows
qualitative comparisons for two-samples-per-frame settings
on an example from Vimeo-90K-T. The results demonstrate
that higher temporal variability in masks improves visual
reconstruction, aligning with quantitative findings. Fig. 9
shows that VSR models trained with bicubic or 16Sum
compression struggle with fine details, especially in low-
motion areas or heavily blurred inputs. In contrast, de-
spite sampling only half the pixels, when combined with the
highly dynamic random masks the models can better recon-
struct fine details. Fig. 8 demonstrates the impact of mask
dynamics on the reconstruction quality. The 8Sum alternate
masks sampling already shows a substantial improvement
from the blurry 8Sum reconstruction. While the outputs of
the random masks sampling and the Tetromino masks sam-
pling appear visually similar, subtle differences can be seen
in the reconstruction of fine details. Additional results are
provided in the supplementary material.

5. Conclusion

This work introduces a novel video compression framework
drawn from image CS theory. We demonstrate that incor-
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Figure 9. Visual comparison for examples from Vimeo-90K-T and
Vid4 datasets on different VSR models (IART, [49] RVRT [30],
Basic VSR [4]) with single sample-per-frame - bicubic, 16Sum and
random mask sampling, ordered from left to right. The frame num-
ber is shown in the figure. Zoom in for better visualization.

porating dynamics and non-regular sampling into the com-
pression process enhances high resolution video reconstruc-
tion in the VSR task. Additionally, we show that using our
proposed sampling masks improves reconstruction and ar-
gue that this represents only a minor modification to the ex-
isting image sensor binning flow. Our approach rethinks
CS theory by employing a distinctive sampling scheme that
overcomes a key limitation of conventional CS frameworks.
Unlike traditional methods, which acquire measurements
that cannot be directly interpreted as an image, our com-
pressed signal remains an image. Although the information
used for reconstruction is doubled, the model’s computa-
tional complexity does not scale proportionally, as it is ap-
plied through concatenation with only a minor increase in
inference time. Future work should address model robust-
ness to mask ordering by cyclically shifting masks and ex-
plicitly incorporating them into the reconstruction flow, as
demonstrated in the supplementary material for the LFCR
outputs. Additionally, optimizing mask values through inte-
gration into the training process, as done in image CS neural
networks, could further enhance performance.
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