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Abstract

Real-time video perception tasks are often challenging over
the resource-constrained edge devices due to the concerns of
accuracy drop and hardware overhead, where saving com-
putations is the key to performance improvement. Existing
methods either rely on domain-specific neural chips or pri-
orly searched models, which require specialized optimization
according to different task properties. In this work, we pro-
pose a general and task-independent Patch Automatic Skip
Scheme (PASS), a novel end-to-end learning pipeline to sup-
port diverse video perception settings by decoupling acceler-
ation and tasks. The gist is to capture the temporal similar-
ity across video frames and skip the redundant computations
at patch level, where the patch is a non-overlapping square
block in visual. PASS equips each convolution layer with a
learnable gate to selectively determine which patches could
be safely skipped without degrading model accuracy. As to
each layer, a desired gate needs to make flexible skip deci-
sions based on intermediate features without any annotations,
which cannot be achieved by conventional supervised learn-
ing paradigm. To address this challenge, we are the first to
construct a tough self-supervisory procedure for optimizing
these gates, which learns to extract contrastive representation,
i.e., distinguishing similarity and difference, from frame se-
quence. These high-capacity gates can serve as a plug-and-
play module for convolutional neural network (CNN) back-
bones to implement patch-skippable architectures, and auto-
matically generate proper skip strategy to accelerate different
video-based downstream tasks, e.g., outperforming the state-
of-the-art MobileHumanPose (MHP) in 3D pose estimation
and FairMOT in multiple object tracking, by up to 9.43 x and
12.19x speedups, respectively. By directly processing the
raw data of frames, PASS can generalize to real-time video
streams on commodity edge devices, e.g., NVIDIA Jetson
Nano, with efficient performance in realistic deployment.

Introduction

Recent years have witnessed the unprecedented boom of
video perception (Habibian et al. 2021; Ghodrati, Bejnordi,
and Habibian 2021; Abati et al. 2020), which provides great
prospects of enhancing multimedia entertainment, facilitat-
ing virtual collaboration and innovating industrial manu-
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Figure 1: PASS accelerates on-device video perception
tasks by safely skipping redundant computations on trivial
patches, while not incurring accuracy drop on the output. We
visualize CONV-n’s heatmap for demonstration purpose.
The black patches (i.e., masked with binary flag “1” and “0”
is the opposite) correspond to the skip decision learnt by the
gate, where 58/64 regions (even in foreground) are skipped.

facture, by using the rich contents in video streams (Choi,
Choi, and Kim 2021; Bu et al. 2021; Kondratyuk et al.
2021). Due to the rapid growth of device processing ca-
pacity and memory volume, it is a trend to transfer the
video perception tasks from conventional servers to edge
devices (Cai et al. 2020), e.g., mobile phones and IoT sen-
sors (Tsukada, Kondo, and Matsutani 2020). This on-device
processing paradigm brings inherent benefits of addressing
privacy leakage (McMahan et al. 2017), reducing commu-
nication latency (Perozzi, Al-Rfou, and Skiena 2014) and
providing personalized inference (Fang, Zeng, and Zhang
2018). Unfortunately, handling video perception tasks on de-
vices is not easy because the limited computation capacity
often becomes the performance bottleneck in real-world im-
plementation. As a result, saving computations is the key to
build efficient on-device video perception systems.

Considering the video is comprised of sequential frames,
it is natural to capture the temporal similarity across frames
and skip the redundant computations on the trivial regions.
In video perception, the word of “region” corresponds to



the term called patch (also called macroblock) (Ding et al.
2021), which is a non-overlapping square block with n x n
pixels in visual. As a preliminary concept to our work, patch
can serve as the basic processing units to explore intra- and
inter-frame correlation (Dasari et al. 2022; Yeo et al. 2020;
Narayanan et al. 2021). Different from our design philoso-
phy at patch level, existing video acceleration models often
resort to the feature propagation (Wang et al. 2021a; Li et al.
2021; Liu et al. 2021b) technique and reduce computations
by selecting key frames (Ghodrati, Bejnordi, and Habibian
2021; Zhou et al. 2021). The feature extraction quality is
dominated by the policy of frame selection, which often
leads to huge accuracy gap between key frames and oth-
ers (Habibian et al. 2021). Also, these models are optimized
for specific tasks, thus involving massive modifications to
network architecture (Choi, Choi, and Kim 2021) and re-
quiring exclusive neural chips (Liu et al. 2021a; Bei, Yang,
and Soatto 2021). Consequently, the dependence of domain-
specific hardware and priorly optimized models limits the
usage extensibility of previous methods, especially on edge
devices.

These limitations raise an interesting question — can we
abstract away the computation saving problem from video
perception tasks and build a task-independent acceleration
methodology that can generalize to different runtime envi-
ronments? To achieve this target, we present the Patch Au-
tomatic Skip Scheme (PASS), which supports diverse video
perception settings by decoupling acceleration and tasks
(overview in Figure. 1). Considering the on-device execution
environment, we develop three new quality-determining ob-
jectives, i.e., @ obtaining usage generalization, ® restrict-
ing computational cost, and ® preserving model quality,
to guide the design of PASS.

First, PASS exploits the temporal redundancy and skips
computations at patch level, where a learnable gate is in-
serted to each convolution and can selectively decide which
patches could be safely skipped, without degrading the accu-
racy of feature extraction. The skip decision is represented
by a binary mask, which can precisely distinguish the sim-
ilarity and difference across frames. Note that the gist of
PASS is not simply segmenting the frames to remove the
calculation on background. The essential is PASS can au-
tomatically skip the trivial patches even on the foreground
according to the representation semantics of the neural net-
work and significantly saves computations with no depen-
dency on network architecture. As the basic matrix multipli-
cation instructions inside the gate are inherently supported
by commodity edge devices, PASS provides a general accel-
eration methodology for diverse video perception settings.

Second, PASS introduces the patch embedding technique
to common convolutions. Recall that a patch represents a
non-overlapping square block in visual and is the basic pro-
cessing unit for feature extraction, we can effectively control
the time cost of tensor operations by managing the compu-
tations at the patch level. Also, each gate is optimized with
tiny structure to restrict the number of Multiply Accumu-
late (MAC) operations and parameter size. As a result, these
gates provide powerful learning capacity while not aggravat-
ing the system runtime overhead.
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Third, PASS is established with a two-stage optimiza-
tion. During the task-independent pre-training, the gate is
optimized via the self-supervised learning paradigm, which
could extract the most essential feature semantics without
any labels. By developing the binary mask to reflect the skip
decision, we generate the pairs of contrastive samples to
push the gate filter out the redundant patches with a high
skip rate. Also, as to the task-oriented fine-tuning, the CNN
backbone is further updated based on a small-scale labeled
data and finally becomes more tolerant to patch skip. The
fine-tuning procedure is optional and developer can selec-
tively enable this procedure according to practical demands.
Therefore, these high-capacity gates can serve as a plug-
and-play module for CNN backbones to implement patch-
skippable networks, and automatically generate proper skip
strategy to accelerate different downstream tasks.

We implement PASS in PyTorch (PyTorch 2023), with
easy-of-use APIs to handle the patch skip and acceler-
ate video perception. Developers can import PASS in their
downstream tasks and interact with torch neural engines.
Thus it is easy to port PASS to commodity edge devices,
e.g., the NVIDIA Jetson Nano series (NVIDIA 2023). Eval-
uation shows that PASS can effectively save computational
cost with good inference accuracy for different downstream
tasks. Specifically, as to 3D human pose estimation, PASS
achieves the 42.48% patch skip rate, 62.61% MAC reduc-
tion rate and 9.43 x processing speedup, over state-of-the-art
(SOTA) MobileHumanPose (MHP) (Choi, Choi, and Kim
2021) method. Meanwhile, as to multiple object tracking,
PASS achieves the 59.17% patch skip rate, 73.16% MAC
reduction rate and 12.19x processing speedup, over SOTA
FairMOT (Zhang et al. 2021) method.

To the best of our knowledge, PASS is the first task-
independent framework to implement patch-level computa-
tion saving mechanism for real-time video perception tasks
on commodity edge devices, without massive code modifi-
cations on original CNN architecture. The project of PASS
will be open-source and constantly contributes to the further
development of mobile vision in practice. Overall, the key
contributions of our work are as follows:

* We propose a task-independent computation saving
methodology to accelerate real-time video perception
tasks and present the Patch Automatic Skip Scheme
(PASS) to build high-efficiency systems on commodity
edge devices, without compromising the model accuracy.

* We develop the lightweight gate with high learning ca-
pacity to selectively generate flexible skip strategy for
each convolution. Specifically, the gate is optimized with
tiny structure to restrict system runtime overhead and
serve as a plug-and-play module for CNN backbones.
Also, the gate learns the invariant high-level feature se-
mantics from contrastive samples, and can precisely dis-
tinguish the similarity and difference in video streams.

* We conduct extensive experiments in realistic challeng-
ing scenarios, including 3D human pose estimation with
up to 3.6 million images and real-time object tracking
with over 128 objects. Evaluation on commodity edge
devices shows that PASS achieves higher system perfor-



mance over SOTA video perception methods in both pro-
cessing speedup and model accuracy, which verifies the
effectiveness of our approach.

Preliminary

Most video perception models are established on CNN back-
bones, where convolution (CONV) layers are the fundamen-
tal parts to extract features from frames and dominate the
major computational overhead (e.g., often up to 90%) of the
entire model (Zhu et al. 2020). Therefore, conducting op-
timization on convolutions is the key to save computations
for video perception tasks, where the temporal redundancy
of input could be exploited — skipping trivial patches.
How patch skip saves computations? Under the transfor-
mation of im2col, each convolution layer generates the
output by conducting the matrix multiplication on input X
and the K x K kernel with stride S. For convenience, we
assume the number of input channel and output channel is
one, and ignore the impact of padding. The MAC count of a
vanilla convolution is:

MAC — K2 (Xw—K+5) . (Xh—K+S)7

S S

where X,, and X}, are the width and height of input, re-
spectively. By making the stride S equal to the kernel size
K, we can eliminate the overlap of different patches and
entirely divide the input X into % X % patches in to-
tal, where K is carefully aligned to make X,, and X}, di-
visible by it. Then, the MAC count can be simplified as:
MAC = X, - X},. The above division procedure is called
Patch Embedding (Tolstikhin et al. 2021; Trockman and
Kolter 2022; Melas-Kyriazi 2021), which can significantly
simplify the calculation rule of patch-level convolutions and
is used in the architecture design of our learnable gate. If
N patches is marked as trivial and the computations on
them should be skipped, the MAC count will be reduced as:
MAC = X, - X, — N - K2, Based on the above analysis,
we can figure out the overall patch skip rate R, and the cor-
responding MAC reduction rate R,,, (compared with vanilla
convolution) as:

N K2
Xy X

ey

Ry = @

S? (Xy-Xpn—N-K?)

Rom TR (Xy K495 (Xn_K19)

=1

3

These two terms directly reflect the computation saving ef-
ficiency and are key metrics in performance evaluation.

Summary. PASS first filters out trivial patches according
to the temporal redundancy of input, then skips the corre-
sponding matrix multiplication to achieve less MAC count
and time cost. In practice, we can leverage the Block-wise
Sparse Convolution (Ren et al. 2018; Verelst and Tuytelaars
2021) technique to handle the engineering implementation.

Method: Patch Automatic Skip Scheme

We first present the gate construction for generating binary
mask. Then, we discuss PASS’s two-stage learning pipeline.
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Figure 2: Structure details of the binary-mask gate.

Construction of Binary Mask Gate

After understanding the rationale of PASS’s computation
saving, our next step is to correctly determine which patches
of a convolution could be safely skipped. We build a learn-
able gate to generate proper skip strategy according to input
and layer characteristics. The design principle is to extract
high-level semantics from input and yield a binary mask to
represent skip strategy. As to each convolution layer, the gate
analyzes current input (i.e., the video frame in first layer and
the input feature to others) and filters out which patches are
trivial and should be skipped. As shown in Figure. 2, the gate
is carefully constructed with a tiny architecture, where the
output is a binary mask identifying the skip strategy of each
patch. A patch is marked as skipped and reserved by value
1 and 0, respectively. The gate architecture is comprised of
the following three key components.

1. Patch embedding. Recall that we divide the input into
several patches without overlap to simplify the matrix mul-
tiplication of convolutions and yield less MACs, we achieve
this function by setting the kernel and stride with a equal
value, which is defined as the patch size P, i.e., K =S = P.
We concatenate the two inputs of current and previous itera-
tions (i.e., X* and X'~ in Figure. 2), and send the merged
input to the subsequent convolution to extract the intermedi-
ate features, where the output channel number is marked as
C. As a hyper-parameter, C' is usually set in the range from
64 to 256 in our experiments. Also, the patch size P should
make the intermediate feature’s height A and width W di-
visible by it. Then, the intermediate feature will be sent to
the second component to extract high-level semantics.

2. Stacked depth-wise separable convolutions. This com-
ponent is based on the lightweight transformation of depth-
and point-wise convolutions (Chollet 2017), which simpli-
fies the computation complexity of feature extraction. By
inserting a residual branch between the depth and point con-
volution blocks, we can learn the connection of different
patches in both spatial and channel dimensions. Inspired
by ConvMixer (Trockman and Kolter 2022), we stack en-
tire component together and recursively do the feature ex-
traction, usually by 2 to 16 times according to the scale of
dataset. After that, the high-level feature is sent to the third
component.

3. Patch classifier. This component indicates whether the
patches are skipped or preserved. The skip strategy is rep-
resented by a P x P binary mask, where each element cor-
responds to a patch inside the input. The value 1 indicates
the patch at that location should be skipped and 0 is op-
posite. Consider the high-level semantics generated by the



second component are represented by floating-point tensors,
we need to make discretization and restrict the tensor values
in binary. First, we use two linear layers for affine transfor-
mation and make the tensor size same as the patch num-
ber. The number of hidden neuron is 4096 for a sufficient
representation capacity. Then, we need an proper activation
function to generate the final binary mask, which reflects the
patch skip decision. We discard the conventional Sigmoid
activation used in Skip-CONV (Habibian et al. 2021) and
FrameEXxit (Ghodrati, Bejnordi, and Habibian 2021), which
easily incurs gradient vanishing and makes the gate hard to
converge. Instead, we design a novel Gumbel Normalization
(GN) layer to serve as the activation, which aims to squeeze
the continuous value domain into a binary domain. Specif-
ically, the GN layer introduces a noise € sampled from the
Gumbel Distribution (Jang, Gu, and Poole 2017), which is
defined as ¢ = —In(—In(u)), where u follows the uni-
form distribution that v ~ Uniform(0, 1). By adding this
noise to the original tensor X, we can smooth the subsequent
discretization operations and make the gradient calculation
in back-propagation be correctly handled by the Straight-
through Estimator (Bengio, Léonard, and Courville 2013).
The approximated tensor is described as X = (X + €)/7,
where 7 is a non-zero temperature scalar and is usually set
between 0.5 and 0.7. After that, we develop an asymmetric
normalization to bound the value domain of X within [0, 1],
which is described as:
GumbelNormalization(X) = X = min(X) —.
max(X) — min(X)

) @)
As each element x inside the tensor X locates in domain
[0, 1], we can utilize the Bernoulli sampling to round all the
tensor elements into discretize values (i.e., 1 or 0). This pro-
cedure is formulated as:

L,
0,

w.p. <z,

w.p. 1 z € X,

&)

Bernoulli(z) = { .
where w.p. is short for with probability and the entire
rounded tensor corresponds to the final binary mask.

As a result, the above three modules make our gate
lightweight but with efficient learning capacity to generate
proper patch skip strategies.

Task-Independent Pre-training for Gate

After constructing the gate structure, we need to make the
gate learn essential knowledge of patch skip. As shown in
Figure. 3, we conduct a pre-training procedure on gate to
achieve this target via two steps: (1) generating the con-
trastive samples from original input for the subsequent gate
optimization, and (2) extracting contrastive representation
from the output to learn high-level feature semantics.

Step 1. Generation of contrastive samples. As our gate
is designed as task-independent and can adopt to different
downstream tasks, we cannot rely on the conventional su-
pervised learning paradigm because the data needs to be ex-
clusively annotated to match the demands of specific tasks,
making the gate lose the usage generalization. To conquer
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Figure 3: Task-independent pre-training to optimize gates
and learn public feature semantics.

this challenge, we follow principle of self-supervised learn-
ing and generate the pairs of contrastive samples, with no
need of labels. Thus, the dataset used for the gate pre-
training can be significantly extended, which makes video
clips with shuffled frames (e.g., Human3.6M (Ionescu et al.
2014) and MPII (Andriluka et al. 2014)) can be used to help
the gate learn high-level semantics. As to each convolution,
we generate a pair of contrastive samples by adopting the bi-
nary mask on the original input. As shown in Figure. 3, we
generate the positive and negative samples by replacing the
patches with index 1 and 0O, respectively. Here, “replacing
patches” means to reuse the patches at the same locations
in previous iteration to displace the patches in current itera-
tion. Thus, a binary mask will generate two kinds of partial-
replaced samples. Specifically, the original input is called
the anchor, with the same grid of patch division as the con-
trastive pairs. We organize the three samples as a triplet, i.e.,
{anchor, positive, negative}. By feeding this triplet to the
backbone, we can get three intermediate features: (1) an-
chor heatmap H,, (2) positive heatmap H),, and (3) nega-
tive heatmap H,,. Note that the backbone is frozen and only
the gate involves the parameter update. This heatmap triplet
contains the most essential semantics learned by the gate,
which will be used for the extraction of contrastive repre-
sentation discussed next.

Step 2. Extraction of contrastive representation. A proper
patch skip strategy should not degrade the final model accu-
racy, which means removing the convolutions on the skipped
patches and reusing the features from previous iteration will
generate a similar heatmap as that calculated based on the
original input. As to the heatmap triplet, we need to make the
positive heatmap H), as close as to the anchor heatmap H,,,
while the negative heatmap H,, is the opposite. This similar-
ity can be reflected by the Mean Square Error between two
heatmap tensors. The loss function is:

L = min : MSE(H,, H,) + max : MSE(H,,, H,) .
—_——— —_——

Ly

(6)

LP
By conducting the gradient-descent based optimization on
the triplet loss function £, we can minimize the distance be-

tween Hy, and H,, while maximizing the distance between
H,, and H,. Specifically, we employ the Triplet-Margin-



Loss (Balntas et al. 2016) to handle the joint optimization
of £, and L,,. This procedure makes the gate correctly dis-
tinguish the similarity and difference between any two frame
batches, thus detecting which patches can be safely skipped
while still generating similar heatmaps as the anchor.

Task-Oriented Fine-Tuning for Backbone

After the task-independent pre-training based on contrastive
samples, we obtain a series of high-capacity gates which
can be inserted into CNN backbones and generate proper
skip strategies for each convolution. To enhance the perfor-
mance of downstream tasks, we can further conduct the task-
oriented fine-tuning based on a small-scale labeled data,
following the supervised learning paradigm. For example,
we can fine-tune the MHP backbone (Choi, Choi, and Kim
2021) on MPII dataset (Andriluka et al. 2014) to obtain a
higher accuracy of human pose estimation. During the fine-
tuning, the gates are frozen and only the parameters of back-
bone will be updated. We first use the binary mask gener-
ated by the gate to construct the positive sample. Then, we
feed it to the backbone and obtain the final prediction Y,
instead of the heatmap used in gate pre-training. We calcu-
late the gap between Y and the ground-truth label G, and
use the downstream-task loss to minimize this gap, which
can be formulated as min : £(Y,G). By conducting the
back-propagation iteratively, the backbone will keep updat-
ing its parameters and become more tolerant to patch skip.
Together with the gate, the robust backbone can yield pre-
cise predictions while saving computations. Note that this
fine-tuning procedure is optional because the patch-skip ca-
pacity will be well obtained after the gate pre-training. Di-
rectly deploying inference based on the pre-trained gate and
vanilla backbone can also achieve an adequate performance.
However, considering the further improvement on task per-
formance, we suggest doing this when there are sufficient
hardware and dataset resources.

Evaluation

We evaluate PASS on two pertinent video perception tasks,
i.e.,, 3D human pose estimation and multiple object detec-
tion, both of which utilize commodity edge devices.

3D Human Pose Estimation

Experimental setup and metrics. We conduct experiments
on the large-scale Human3.6M dataset (Ionescu et al. 2014)
with 3.6 million 3D human poses and corresponding frames.
The major metrics adopted by existing SOTA methods are:
Mean Per Joint Position Error (MPJPE) (Ionescu et al.
2014), Multiply Accumulate (MAC) operations, and num-
ber of Frames Per Second (FPS). These metrics are used to
compare our PASS with SOTA methods.

Comparison to SOTA methods. We compare PASS with
five SOTA baselines: MobileHumanPose (MHP) (Choi,
Choi, and Kim 2021), Skip-CONV (Habibian et al. 2021),
MoVNect (Hwang et al. 2020), VNect (Mehta et al. 2017)
and PoseNet (Moon, Chang, and Lee 2019), where the aver-
age MPJPE, MAC count, FPS are used to reflect the perfor-
mance of inference accuracy, computation saving and pro-

3791

Method MPIJPE| GMAC| FPS1Y
PoseNet 54.05 27.59 3
VNect 79.55 11.73 6
MoVNect 98.46 2.58 22
Skip-CONV 66.54 4.65 15
MHP 52.06 3.27 20
PASS-P 51.92 2.21 26
PASS-F 51.87 1.72 34

Table 1: Comparison with SOTA in human pose estimation.

cessing speed, respectively. Recall that the backbone fine-
tuning stage is optional, we also evaluate PASS in two
schemes: (1) with gate pre-training only (PASS-P) and (2)
with additional backbone fine-tuning on top of gate pre-
training (PASS-F). Table 1 reports the comparison with
SOTA methods on the Human3.6M dataset. The average
patch skip rate R, achieved by PASS-P and PASS-F are
39.06% and 42.48%, respectively. As to the model accuracy
reflected by average MPJPE (lower is better), PASS holds
the lowest value smaller than 52, which outperforms the
SOTA performance achieved by MHP and PoseNet. Other
methods (e.g., Skip-CONYV, VNect and MoVNect) hold a
much higher value, which indicates their video models will
easily incur accuracy degradation in the scenarios of com-
plex background and partial keypoint occlusions. Existing
methods usually focus on reducing computations by sam-
pling frames based on heuristic algorithms and threshold-
based filters, which is hard to match the runtime environ-
ment of on-device video streams and finally degrades the in-
ference accuracy. Although the previous methods employs
compressed models to improve processing speed, they often
couple the acceleration with specific network architectures
and dedicated hardware, thus yielding higher MAC count
over our PASS. For example, PASS generates a MAC reduc-
tion rate by up to 47.39% over the MHP method, which is
a significant improvement for video perception on edge de-
vices. Note that PASS-F provides better metrics with lower
MPIJPE, higher MAC reduction rate and higher FPS over
PASS-P, indicating that the optional fine-tuning stage can
further improve the inference performance.

Environmental sensitivity. To evaluate the system robust-
ness and environment sensitivity, we inspect the perfor-
mance of PASS under different video settings, with 7 action
scenarios (talking, eating, sitting, walking, etc), two back-
ground types (indoor and outdoor) and two camera view-
points (fixed and moving). Table 2 reports the comparison
with SOTA methods by checking the key metric of MPJPE.
We can observe that PASS outperforms the five baselines
in most cases. Specifically, as to the videos with plain in-
door background and fixed camera, existing methods may
achieve comparable or slightly lower MPJPE over PASS-
P, e.g., PoseNet for eating. However, when we conducting
perception in videos with complex outdoor background and
high-motion frames, PASS-P significantly beats these base-
lines with a much lower MPJPE, especially for the videos
captured by moving cameras. Note that if we enable the op-



Indoor, Fixed Camera

Outdoor, Moving Camera

Method
Talking Eating Greeting Phoning | Photo ~ Walk  WalkDog

PoseNet 57.68  53.29 52.54 53.81 5495 52.05 57.26
VNect 77.82  65.36 72.74 69.49 94.11  72.96 82.47
Skip-CONV 63.81 69.39 66.37 64.72 66.65 65.74 63.53
MHP 4997  55.68 52.37 51.54 52.84 51.54 49.12
MoVNect 8242  77.14 82.39 100.85 | 109.52 86.23 96.33
PASS-P (R, : 39.06%) 49.01  54.05 51.69 50.79 52.38 51.04 48.04
PASS-F (R, : 42.48%) 49.31 53.14 52.05 50.68 52.65 50.49 47.97

Table 2: Comparison of environment sensitivity in 3D human pose estimation under diverse video settings. The key metric is

MPIJPE (mm), which is the lower, the better.
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Figure 4: Comparison of MPJPE under different MAC
count, where PASS outperforms existing methods.

tional backbone fine-tuning, our PASS-F can consistently
achieve better performance over all the baselines. Without
compromising accuracy, PASS-F holds a higher patch skip
rate over PASS-P. This phenomenon indicates that PASS
well adapts to the camera-moving cases, where PASS can
automatically yield proper skip strategies and flexibly adjust
scheduling configuration to match the high-motion frames.

Accuracy-computation tradeoff. We inspect whether in-
creasing computational MAC count can yield higher model
accuracy (i.e., lower MPJPE), when using PASS and the
five baselines. The MAC count is adjusted by changing the
network structure. The comparison between PASS and the
five baselines can be best understood by checking Figure. 4,
which reports the MPJPE with different MAC count. PASS
further reduces the MPJPE value with a moderate increase of
MAC count, while other baselines still hold a higher MPJPE
even under large MAC count. For example, Skip-CONV
yields 64.09 MPJPE under 9.67 GMAC count, which is
1.92x higher than the worst case of PASS (49.21 MPJPE
under 6.46 GMAC). Consistently, the PASS-F scheme with
additional backbone fine-tuning holds higher performance
than the PASS-P scheme with gate pre-training solely. This
comparison explicitly demonstrates the superiority of PASS.

Multiple Object Tracking

Experimental setup and metrics. We conduct experiments
on the challenging Multiple Object Tracking (MOTChal-
lenge) benchmark (MOTChallenge 2023; Milan et al. 2016),
which is comprised of extensive high-resolution (1920 x
1080) video clips, with up to 128 real-time tracks. Following
the most critical setting of JDE (Wang et al. 2020), we use
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the Multiple Object Tracking Accuracy (MOTA) (Wang et al.
2020), Identification F-Score (IDF1) (Ristani et al. 2016),
Identity Precision (IDP) (Habibian et al. 2021) and Identity
Switches (IDs) (Bernardin and Stiefelhagen 2008) as major
evaluation metrics. Therefore, we cover the performance of
multi-tracking accuracy (i.e., MOTA, IDF1, IDP), prediction
stability (i.e., IDs), computation saving (i.e., MAC), and pro-
cessing speed (i.e., FPS). Both two schemes of PASS-P and
PASS-F are contained.

Comparison to SOTA methods. We compare PASS with
six SOTA baselines: FairMOT (Zhang et al. 2021), High-
Resolution Network (HRNet) (Wang et al. 2021b), RegNet
(Radosavovic et al. 2020), HarDNet (Chao et al. 2019), Fea-
ture Pyramid Network (FPN) (Lin et al. 2017) and DLA
(Zhou, Koltun, and Krihenbiihl 2020). Table 3 reports the
comparison with SOTA methods on the MOTChallenge
dataset. The average patch skip rate R, achieved by PASS-
P and PASS-F are 54.25% and 59.17%, respectively. As to
the multi-tracking accuracy, PASS outperforms the SOTA
FairMOT with higher MOTA and IDF1 scores, indicating
that patch skip can effectively reduce MAC count for high-
FPS processing while still preserving good inference accu-
racy. Meanwhile, PASS simultaneously improves IDP and
reduces IDs by correctly capturing temporal redundancy
across frames, indicating the gates inside PASS can pre-
cisely locate each identity and yield stable tracking per-
formance. Consistently, PASS significantly outperforms all
the baselines with less MAC count, thus providing a much
higher FPS.

Environmental sensitivity. We inspect the performance of
PASS under different video settings, including with four
kinds of venues (i.e., square, pedestrian, intersection and
market), two camera angles (i.e., low and elevated) and two
camera viewpoints (i.e., fixed and moving). Table 4 reports
the comparison with SOTA methods by checking the key
metrics of MOTA. We can observe that PASS outperforms
the baselines in all cases. As to the camera-fixed cases, PASS
holds the highest tracking accuracy in different time of the
day. For example, PASS can precisely track the crowded
people on a night pedestrian from the elevated view, which is
captured by a surveillance camera on the street light. Mean-
while, as to the more complex videos taken by moving cam-
eras, PASS provides more prominent advantages over the



Method MOTA{ IDF1{+ IDP1T IDs| GMAC| Mem.(M)] FPSt
RegNetY-4.0GF  66.7% 704%  732% 781 3.86 103.84 17
HarDNet-85 68.2% 762%  T7.9% 559 4.98 113.32 14
FPN 65.8% 70.5% 72.5% 708 6.55 126.61 9
DLA-34 72.3% 73.9% 75.1% 594 6.13 123.05 12
HRNet-W32 68.6% 757%  76.8% 604 3.37 99.69 20
FairMOT 83.9% 83.3% 863% 572 2.37 91.24 31
PASS-P 84.1% 83.5% 86.6% 547 1.51 52.61 37
PASS-F 84.5%  83.6% 874% 535 1.47 49.12 39

Table 3: Comparison with SOTA in multiple object tracking.
Fixed Camera Moving Camera (high-motion frames)
Method People walking Night pedestrian ~ Filmed from Forward moving

around a street from a bus on busy camera in a

large square elevated view intersections busy market
RegNetY-4.0GF 65.79% 66.23% 63.64% 62.67%
HarDNet-85 67.30% 67.39% 65.57% 64.68%
FPN 65.20% 65.06% 61.51% 61.01%
DLA-34 71.82% 71.27% 68.71% 68.62%
HRNet-W32 68.23% 67.76% 65.05% 65.30%
FairMOT 83.36% 83.40% 79.00% 80.52%
PASS-P (R,, : 54.25%) 84.34% 84.05% 82.27% 82.78%
PASS-F (R, : 59.17%) 84.43% 84.55% 82.72% 82.76 %

Table 4: Comparison of environment sensitivity in multiple object tracking with key metric of MOTA (the higher, the better).

Multiple Object Tracking (MOTChallenge)

i /’" —eo—PASS-F PASS-P
8 FairMOT HRNet
580 RegNet HarDNet
il —o—DLA  --e--FPN
575
=170 -~

------- 0-—--@----0--=9

65 -

1 3 5 7 9 1 13
GMAC

Figure 5: Comparison of MOTA scores under different MAC
count, where PASS outperforms existing methods.

existing methods. For example, when moving forward in
a busy market with multiple persons quickly walking past,
PASS can correctly mark the bounding box of each person
in real-time, thus providing a high-FPS processing results.

Accuracy-computation tradeoff. We also inspect how in-
creasing computational MAC count impacts the model ac-
curacy, when using PASS and the six baselines. The MAC
count is adjusted by changing the network structure. The
comparison between PASS and the six baselines can be
quickly understood by checking the results in Figure. 5,
which reports the MOTA scores with different MAC count.
We can observe that our PASS achieves the best trade-
off between model accuracy and MAC count, while other
baselines either requires more computational overhead or
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degrades the model accuracy. Still, PASS-F scheme holds
higher performance than PASS-P. These results clearly veri-
fies the performance advantages of PASS.

Conclusion

This work reveals that exploiting temporal redundancy in
video streams is a promising way to implement efficient
real-time video perception systems on edge devices. We
abstract away the computation saving problem from video
perception tasks and propose a task-independent accelera-
tion methodology that can generalize to different runtime
environments. Following this principle, we develop three
new quality-determining objectives for system design and
present the Patch Automatic Skip Scheme (PASS) to support
diverse video perception settings by decoupling acceleration
and tasks. PASS equips each convolution layer with a learn-
able gate to selectively determine which patches could be
safely skipped without compromising model accuracy. The
gate is optimized via a tough self-supervisory procedure and
holistically learns high-level semantics to distinguish simi-
larity and difference across frames. The lightweight gate is
compatible with commodity edge devices and can serve as a
plug-and-play module to enable patch-skippable networks.
Evaluations show that PASS explicitly outperforms SOTA
solutions and can be applied to diverse downstream tasks.
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