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Abstract—Video analytics is a building block in envisioned
computer vision-based smart systems. Video frames from user
devices must be analyzed promptly for feature extraction aimed
at supporting smart decisions or augmenting users’ perception
of the physical world. The local analysis of video frames at user
devices faces resource limitations, while the remote analysis on
the edge server might be impacted by high workload at the
servers and communication constraints. In this paper, we propose
a novel deep reinforcement learning (DRL) framework to jointly
optimize the offloading rate, allocate uplink communication
resources, and select the deep neural network (DNN) model at the
edge server for each video flow in computer vision-based systems.
The overall goal is to intelligently adapt the offload rate, allocate
uplink communication resources for user devices when offloading
video frames, and periodically select the most appropriate DNN
model at the edge server to handle video frames offloaded by
each device. Such intelligent decisions are aimed at ensuring
that the accuracy and latency constraints for each user device
are met, while the video frame drop rate is at acceptable levels.
Preliminary numerical results demonstrate the feasibility of the
proposed DRL solution in maintaining the experienced accuracy
and latency over time close to the threshold requirements for
video flows.

Index Terms—Edge computing, computer vision-based sys-
tems, modeling and performance evaluation

I. INTRODUCTION

Computer vision will play an important role in many of the
envisioned mobile systems. The timely analysis of the video
frames produced by devices will enhance information and
decision-making in intelligent transportation systems, smart
navigation, robotic visual inspections, and smart factories, for
instance [1]-[3]. Computer vision will also be an important
building block in mixed reality systems, where users’ percep-
tion of the physical world is augmented with computationally
generated information overlaid on their field of view. In
a classical computer vision-based system, user devices will
produce video frames that must be analyzed promptly. The
video frames will be analyzed by deep neural network (DNN)
models, for instance, deployed at the user device and remote
servers. The classical approach deploys powerful, complex
DNN models at cloud servers, which process video frames
offloaded by user devices. This approach might render it
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infeasible due to the low-latency requirement in computer
vision-based systems.

Hence, distributed video analytics at user devices and edge
servers has emerged as a promising solution. In this approach,
part of the video frames produced by a user device is processed
locally at the device, whereas the rest is offloaded and pro-
cessed at edge servers. This approach helps to cope with the
stringent low-latency requirement in computer vision-based
systems. Nevertheless, the problems of deciding the offloading
rate and managing local and remote resources need to be ad-
dressed. Each device must decide the fraction of frames it will
process locally and the fraction of frames to be offloaded to the
edge server. Such decisions will have a direct impact on the
latency, including the latency for local and remote processing,
video frame offloading, and waiting times in the processing
and offloading queues. Many studies in the literature have
proposed optimized solutions for task offloading in computer
vision-based systems [4], [5]. The typical approach is to
optimize video frame offloading decisions based on network
conditions and/or resource availability at the user device and
edge/cloud servers [6]-[8]. Another typical trend consists of
mechanisms to adaptively adjust video configuration, i.e.,
downsampling, upscaling, compression, and encoding, based
on network conditions and resource availability, aimed at
coping with the dynamic nature of network conditions and
resource demand [9]-[11].

In contrast, this paper proposes a novel optimization frame-
work for video frame scheduling, communication resource
management, and DNN model selection in computer vision-
based systems. While studies in the field mainly focus on
offloading decisions and edge computing resource allocation,
we concentrate on the management and allocation of uplink
communication resources and the offloading rate, along with
the dynamic selection of the DNN model at the edge server
to support video inference for each user device. We propose
a novel optimization problem aimed at minimizing quality of
service (QoS) violations, in terms of inference accuracy and la-
tency, of video analytics with different QoS requirements. We
formulate the optimization problem as a Markovian decision
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problem and develop a Proximal Policy Optimization (PPO)
reinforcement learning algorithm to optimally allocate uplink
communication resources, to set a mobile device offloading
rate, and to select the DNN model at the edge server to
handle video frame analytics for each user device. Preliminary
numerical results show the feasibility of the proposed solution
in maintaining drop rate at low levels while maintaining
latency and accuracy at acceptable levels.

The remainder of this paper is organized as follows. Section
IT presents related work. Section III develops a stochastic
model for the computer vision-based mobile system under
consideration. Section IV formulates the optimization problem
aimed at ensuring the latency and accuracy QoS require-
ments for computer vision-based systems. Section V presents
the Markovian Decision Process (MDP) formulation for the
devised optimization problem. Section VI briefly discusses
the deep reinforcement learning (DRL) framework used to
solve the formulated MDP problem. Section VII provides
a performance evaluation of the proposed solution. Finally,
Section VIII presents the final remarks.

II. RELATED WORK

Recent studies have focused on optimizing different aspects
to enable computer vision-based mobile systems.

Zheng et al. [12] proposed the EAMEM framework, which
employs classification, prioritizes video streaming tasks, and
implements a multi-objective optimization solution for allo-
cating bandwidth and computational resources to tasks based
on their criticality, available resources, current network condi-
tions, and historical performance of similar tasks.

Bai et al. [10] proposed a novel framework for knob
configuration and resource allocation in edge-aided computer
vision-based systems. The proposed solution dynamically
adapts video sampling and resizing, allocates communication
channels, and computational resources.

Li et al. [13] proposed the EPPO framework for jointly per-
forming scheduling decisions, video frame compression, and
DNN model caching in a device-edge collaborative system for
computer vision. The proposed EPPO framework implements
a utility-based function that weights accuracy satisfaction
and latency when optimizing video frame scheduling, frame
compression, and DNN caching.

Qian et al. [14] designed a PPO-based framework for op-
timizing video frame scheduling and communication resource
allocation in computer vision-based systems. The proposed
solution implements a QoS satisfaction-based utility function
to ensure that latency and accuracy for video frame analytics
are within determined thresholds.

The authors in [15] developed a novel orchestrator for load
balancing in multi-edge systems for computer vision analytics.
The proposed solution considers the unique latency require-
ments of each video frame and decides the most suitable edge
server to handle it. Moreover, task migration is implemented
when computing resources of an edge server must be freed to
support the analysis of an incoming video frame request.

Algahtani et al. [16] proposed the ECORE framework for
energy-efficient computer vision analytics. ECORE imple-
ments a routing algorithm to determine the most suitable edge
server based on object characteristics and is aimed at reducing
energy consumption.

Coutinho and Boukerche [5] designed a novel framework
for distributed video frame analytics. The proposed framework
enables computing resources of IoT devices to be shared and
used to support the video analytics of neighboring devices
when resources are idle.

In contrast, this paper aims to jointly optimize the video
frame scheduling, communication resource allocation, and
DNN model selection for computer vision systems. It imple-
ments a PPO-based framework for solving the devised opti-
mization problem aimed at ensuring the accuracy and latency
requirements for video flows. Nevertheless, the proposed solu-
tion implements a heuristic to assign communication resources
that might be idle after the PPO agent assignment. This is to
ensure that all resources are being used, reducing offloading
latency and overall latency for video frame analytics.

III. SYSTEM MODEL

We consider a system infrastructure designed to provide
communication and compute resources for computer vision-
based applications. At each discrete time step t € T =
{1,...,T} with a duration of T,seconds, the set of UEs
served by the base station is defined as U(¢). Each UE
produces computer vision tasks as part of the application it
is running. A computer vision task is a video frame to be
analyzed by a DNN model. The video frames at a given UE
u,; will be produced at a fixed rate of f,, fps and encoded
at a resolution of r; x r; pixels. Each video frame task is
characterized by a desired maximum latency [* and minimum
accuracy €* QoS requirement. A UE wu; can handle a video
frame inference task locally or offload it to be handled at the
edge server. Accordingly, a UE u; will offload to the edge
server a total of o, x 100 % of the video frames it produces.
The remaining frames will be processed locally.

An edge server will provide compute resources for the
inference of video frames offloaded by UEs. A set of DNN
models will perform the video frame inference at the edge
server. We define the set D = {di,...,dr} of L DNN
models capable of handling computer vision tasks at the edge
server. Each model D,,, € D is characterized by a complexity
C(D,,), given in the number of floating-point operations
(FLOPs) necessary to perform the video frame inference,
and an accuracy A(D,,). DNN models at the edge server
run concurrently, and therefore, processing resources at the
server must be allocated for each model. It is assumed that
the edge server presents a maximum processing capability
of p.cycles/second and an amount of p. “* cycles/second is
allocated to the DNN model D,,, € D.

The decisions to be made in the designed system are the
following. First, the offloading rate at each user device must
be determined. Next, the amount of communication resources,
i.e., Physical Resource Blocks (PRBs), allocated to each UE
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must be determined, which will impact the data rate each
UE experiences when offloading video frames. Moreover, the
DNN model to handle computer vision tasks offloaded by a
UE during time slot ¢ must be selected. The selection of the
DNN model will impact the latency and accuracy experienced
by the u;’s application.

A. User equipment modeling

We model each UE u; as two independent queue systems.
One queue system models the local inference of computer
vision tasks, while the other models the component used to
offload tasks to the edge server. We model the local processing
system at UE u; as a D/M/1 queue. The video frame arrival
rate at the local processing system is deterministic and given
as:

Ayt = (1 - aui)fUiTs' D

P

To model the service rate, we use an exponential distribution
with the parameter given as:

) 1
o = T )
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frames per slot, where lffg seconds is the amount of time the
DNN model dy at the UE wu; requires to finish the inference
of a video frame. This inference time is estimated as:

li? — L(do)’ (3)

b

where p; is the number of CPU cycles required to complete a
floating-point operation at u;, C'(do) FLOPs is the complexity
of the DNN model running at u;, and p; Hz is the process-
ing capability of UE w,. The parameter p; depends on the
processing unit in the UE.

To ensure a stable system, video frames must be dropped
when the arrival rate approaches the service rate. Herein, video
frames are dropped when the arrival rate at the local processing
queue exceeds 95% of the UE wu;’s service rate. Thus, the
effect/ive video frame arrival rate at the local processing queue
is Ap" = min(A%,0.95.%). Hence, the rate at which frames
will be dropped at the local processing queue of UE wu; is:

0.?;3%)

o7 = max (0, A @)
The expected sojourn time of the local processing queue at
a UE wu; can be approximated as:

FUIES gty ©
where p;" = )\;,L; /¢ is the utilization of the local processing
system.

We model the offloading system at UE wu; as an M/M/1
queue. The arrival of video frames in the offloading queue is
modeled as a Poisson process with mean arrival rate, in frames
per slot, as:

A = auy, fu, Ts- ©6)

To model the service rate, per slot, of the offloading system,
we use an exponential distribution with parameter pj! =
(1/d%)Ts, where d% is the amount of time for video
frame offloading at w;. This offloading time is estimated as
d¥ = s;/r.,, where s; = r? x Cbits is the frame size and
T4, bits/second is the achievable data rate devised at Sec. III-C.
The parameter C' is the image color depth. If not otherwise
specified, C' is 24 bits.

To maintain the stability of wu;’s offloading system, video
frames are dropped when the arrival rate approaches 95% of
the service rate. Thus, the (;ffective video frame arrival rate at
the offloading queue is \o* = min(A\%,0.95u%). Hence, the
rate at which frames will be dropped at the offloading queue
of UE u; is:

95T}
67017: — max (0’)\(1;7 _ 0 95 5)

dm (7)
Finally, the expected sojourn time of a video frame at u;’s
offloading system is:

, 1
B[Ry = ——- ®)
Hg'z _ )\O’L
B. Edge server modeling

The computing resources p.Hz at the edge server are
managed and allocated to handle the different DNN models
D,, € D running on the server. As already mentioned, a
portion of peD“i Hz is allocated for each DNN model D,,, € D.
The DNN models will execute independently and be modeled
as independent queuing systems. We use an M/M/1 queuing
system to model the execution of each DNN model at the edge
server. For a given model D,,,, the arrival rate at a time slot ¢ is
modeled as a Poisson process with mean rate of \! () frames
per time slot. The rate at which computer vision tasks arrive
in the queuing system of each DNN model at the edge server
will depend on the rate at which video frames are offloaded
from UEs to the considered D,, DNN model. We define a
binary variable I,,, p, () to indicate whether the video frames
offloaded by the device w; at time slot ¢ is addressed to the
DNN model Dy, (i.e., lu; p,, (t) = 1) or not (Lu;,D.,, (t) =0).

[U@®1 1D

M) =33 Lup,, (DA ©)

i=1 [=1

We use an exponential distribution with parameter ,uf“’i =
(1/ 12 “)T, to model the service rate per slot for the DNN
model D,,, running at the edge server. The parameter lf v
is the inference time for the DNN model D,, when p! Hz
of the edge server’s computing resources are allocated to
the model. The D,, model inference time is estimated as
Eq. 3. To maintain the queuing systems stable, we set the
effective arrival rate, at a slot ¢, for the DNN model D, as
AL (1) = min(AL(t), 0.95/15“1 ), i.e., at a maximum of 95% of
the service rate. Consequently, frames at the DNN model D,,,
might be dropped at a fraction of:

D,
de

(10)

“(t) = max (0, Ae(t) = e )

D.,
le ™
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The utilization, at a time slot ¢, for each DNN model D,,, €
D at the edge server is modeled as peD"i (t) = A\ (t)/ueD"i.
According to Little’s Law, the sojourn time for a frame
processed by the model D,,, at the edge server during a time
slot ¢ is: 1

Duj oy _ '
PO

Y

C. Communication resources

Due to the traffic nature of computer vision systems, we
focus on resource allocation in the uplink direction. We
consider an uplink orthogonal frequency-division multiple
access (OFDMA) system with a total of Kj,: physical
resource blocks (PRBs), where each PRB has a bandwidth
Bprp Hz. PRBs are communication resources allocated to
UEs. Accordingly, the capacity for the channel between a UE
u; and the base station, in bits per second, is estimated as:

Tu; = ku'i X Bprp X 10g2(1 + 1OSINRW/1O)7 (12)

where k,,; is the total number of PRBs assigned to the UE u;
and SINR,, dB is the signal-to-interference-plus-noise ratio
of a transmission from a UE wu;. The SINR is estimated as:

MN&H:Egﬁm%m@M$Mm+m%ﬂﬁ,a$

where P dBm is the intensity of the power received at base
station from a signal transmitted by UE w;, P, is the noise
power of u; and I, is the aggregated inter-cell interference
when users in adjacent cells re-use allocated PRBs. The noise

power of u; is estimated as:

P . = Po+10logg(ku,),

noise

(14)

where P, is the Gaussian white noise [17].

Herein, given the focus on the optimization of PRB resource
allocation for users being served by a considered BS, we
assume that the inter-cell interference during u;’s transmission
can be represented by an average value given through the
reception power and interference margin 3. Thus, the inter-
cell interference, in dB, during u;’s transmission is estimated
as:

The parameter ([ is usually set between [10,15] dB to
model the interference level of urban macro-cellular deploy-
ments [18]. If not otherwise specified, we assume § = 12dB
in our experiments.

The intensity of the signal received at base station when u;
transmits, i.e., Pt dBm, is estimated as:

PY =P — PL(dy,) + FrR+ Fs + Gps + Gu,,

i

(16)

where P,"* dBm is the w;’s transmission power, PL(d,,)dB
is the path loss at distance d,, from UE wu; to base station,
F'r dB is small-scale Rayleigh fading modeling, Fis dB is the
large-scale shadow fading, and Ggg and G, are the antenna
gains of the base station and UE wu;, respectively.

The path loss PL(d,,) over a distance d,,, is calculated as:

PL(d,,) = PLy + 10nlogyo(dy,), 17)

where PLj is a constant that represents the gain at 1 m and
n is the path loss exponent. The small-scale Rayleigh fading
Fr dB can be estimated as:

Fr =20log,y(r), (18)

where r ~ Rayleigh(%). Similarly, the large-scale shadow
fading Fs dB is estimated as:

Fs = 10log4(s), (19)

where s follows a log-normal distribution such that
101.og.10(s) ~ N(0,02;). The parameter off is the standard
deviation set to 8 dB for urban macro scenarios [18].

IV. THE FORMULATED OPTIMIZATION PROBLEM

In the considered system, the optimization problem consists
of selecting the number of PRB resources and the DNN
model at the server for each UE. Hence, the multi-objective
optimization problem is formulated to minimize the weighted
sum of the moving average of the latency and accuracy QoS
violations for the UEs served by the system. The problem
formulation is given as:

wﬁi} > a(=0185, () + boadl, (t) + cosdl, (t),
e U (t)
(20a)
subject to Z ku, < Kiotal, (20b)
u, EU(L)
kmin S ku1 S kmax; VUZ € U(t), (ZOC)
a>0,>0,c>0,a+b+c=1, (20d)

where o1, 09, and o3 are normalization factors, and a, b,
c are weighting factors to determine the importance that
accuracy and latency QoS violations will have in the system,
respectively. Besides, constraint (20b) limits the total number
of PRBs that can be allocated to user devices, constraint (20c)
limits the minimum and maximum number of PRBs that can
be allocated to a single UE, and constraint (20d) determines
the bounds of the weighting factors.

In Eq. 20a, the parameter &5, () is the difference between
the accuracy QoS requirement of the application running on
UE u;, i.e., €y .» and the moving average accuracy at u,; at time
slot ¢. Similarly, the parameter &/, (¢) is the difference between
the latency QoS requirement of the application running on UE
u;, i.€., ly;., and the moving average latency at u; at time slot
t. The difference between the accuracy QoS requirement of
the application running on UE w; and the moving average
accuracy at u; at time slot ¢, &5, (), is estimated as:

Oy, (1) = €5, — Qu, (1),

where ), (t) is the moving average of the accuracy experi-
enced by u; at time slot ¢, which is estimated as:

Qui (t) = Yeu; (t) + (1 - ’Y)Qm (t - 1)7

where ~ acts as a smoothing constant dictating that the average
accuracy experienced by w;’s application at time slot t, i.e.,

21

(22)
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€y, (t), is weighted exponentially more heavily than older ones,
i.e., Qu,(t —1). The average accuracy experienced by u;’s
application at time slot ¢ is estimated from the accuracy of
video frames inferred locally at w; and at the edge server,
given as:

|D|

eu, () = (1= aw,) Ao + o, »_Ap, X Iu,.p, (1), (23)
=1

where Ay is the accuracy of the DNN model running at the
user device, and A D, is the accuracy of the DNN model
D,, € D running at the edge server. The binary function
Ly, p,, (t) indicates whether the DNN model D,,, at the edge
server is the one processing the video frames offloaded by
device d; at time slot ¢. The binary function /., p, (t) is set
to 1 if the DNN model D, is handling the video frames
offloaded by user device d; and set to 0 otherwise.

The difference between the latency QoS requirement of the
application running on UE u; and the moving average latency
at u; at time slot ¢ is estimated as:

0 (8) = 1, = Lus(0), (24)
where L,,, (t) is the moving average of the latency experienced
by u; at time slot ¢, which is estimated as:

Ly, (t) = Yl (1) + (1 = v) Ly, (t = 1). (25)

The parameter L, (t) in Eq. 25 is the expected latency u; is
experiencing at time slot ¢. This parameter is estimated from
the local processing latency, offloading latency, and latency at
the edge server, as:

L, (t) = au, (BIR]% (£)+
|D|
STERIC () x L,.p,, (1) + (1 - aw, ) B[R], (26)
=1

Finally, the parameter 6¢ (t) in Eq. 20a is the drop rate at
time slot ¢ for the frames produced by UE w;. This parameter
is estimated as:

|D|

0 (1) = 6 4+ 6% + 36 (1) X Luyp,, (), 27
=1

. D“ . )
where 6,", d%¢ and J. “* are the drop rate at the u;’s local
processing queue, u;’s offloading queue, and DNN model D,,,
queue at the edge server during time slot ¢, respectively.

V. MARKOVIAN DECISION PROCESS FORMULATION

A typical Markov Decision Process (MDP) is formulated
by a 4-tuple M = {S,A,P,R}, where S is the set of all
possible states, A is the action space, P is the state transition
probability, and R is the reward function. These elements are
discussed below.

a) State space S: At each time slot ¢, the system state is a
combination of the moving average of the latency and accuracy
at each UE, the expected latency at each DNN model running
at the edge server, and the information regarding which DNN
model at the edge server each UE is relying on for video frame
inference. Hence, the system state s; at a time slot ¢ is defined
as:

St = {Q(t),E(t),5(t),I(t),B(t),]—‘(t),(’)(t)},

where Q(t) = {Qu, (t),- .., Quy, (t)} is the moving average
accuracy for UEs at time slot ¢, £(t) = { Ly, (t), ..., Lu,, (1)}
is the moving average of the expected latency at UEs during
time slot ¢, £(t) = {E[R]%, ..., E[R]2"'} is the sojourn time
experienced at each DNN model at the edge server during time
slot ¢, and Z(t) = [lu,,p,, (t) | u; € U(t),Dy; € D] is an
association matrix indicating the current assignments of DNN
models to user devices at time slot t. Additionally, B(t) =
{Bu,(t), ..., Buy, (t)} is the current pool of remaining unas-
signed PRBs at time slot ¢, F(t) = {Fy, (t),..., Fu,, ()} is
the frame rate assigned to the user device during time slot
t and O(t) = {Oy,(t),...,0u,, (1)} is the offloading rate
assigned to the user device during time slot £.

b) Action space A: At the beginning of a time slot ¢, the

action space when the system is at a state s is:

(28)

Ast - {(kulaDuma’Uq) |

Yu; € U(L), YDy, € D, au, € Zo}, (29)

where k,, is the total number of PRBs to be allocated for
UE w;, D,,, is the DNN model selected to handle, at the edge
server, the video frames offloaded by u;, and where w,,; is the
offloading rate selected for UE wu;, discretized in steps of 0.1
over the set:

Z, =1{0,0.1,0.2,...,0.9,1}. (30)

¢) State transition function T: At a time slot ¢, the
environment transitions from a state s; to a state s;; when an
action a; € As, is taken according to a transition probability
p(St+1 | St,at) = T(St41 | st,a¢), given by a function T
which is unknown.

d) Reward function R: The reward function is designed
to guide the PPO reinforcement learning agent decisions aimed
at solving the optimization problem formulated in Sec. IV,
i.e., minimize the difference between the latency requirement
and moving average of the expected latency while maximizing
the difference between the moving average of the expected
accuracy and the accuracy QoS requirement. In this regard,
after performing an action a; € As,, the agent gets a penalty
as feedback, given by:

Re=— Y. a(-0165, (1) +boabl, () + cosdl,. (1)
YVu,; €U(t)

In addition, the designed agent is penalized when PRBs
available in the system are not allocated to the users. This is
aimed at maximizing the utilization of PRBs and improving
the performance of UEs during the video frame offloading
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process. The additional penalty added to the agent when PRBs
available in the system are not allocated is given as:

Ktotal - Kt
Ktotal - kmin ‘U(t)| '

(=P1) x
Rprp =

if K; < Kiotal

0, otherwise
(32)
where K; = Zul cu(t) k., is the total PRBs allocated for all
user devices at time t.

VI. DRL IMPLEMENTATION

We use a Proximal Policy Optimization (PPO) framework
for solving the optimization problem formulated in Sec. IV.
In our implementation, the PPO agent operates in an episodic
manner, with each episode corresponding to a system time slot.
At each step, the agent observes the current state (Eq. 28),
selects an action from the action space (Eq. 29), receives a
penalty (Eq. 31), and transitions to the next state, as shown in
Algorithm 1.

Algorithm 1 PPO-based Joint Communication Resource Al-
location, DNN Model and Offloading Rate Selection

1: Initialize policy parameters 6y and value function param-
eters ¢g

2: for each episode do

3 Reset environment and obtain initial state sg;

4:  for each time step t € T do

5

6

Sample action a € A, from policy 7y (+|s:)
Execute action a, observe reward/penalty R, and next
state S;y1
7 end for
8:  Update actor and critic networks using the PPO algo-
rithm with collected trajectories
9: end for

Furthermore, we design a novel heuristic (see Algorithm
2) that complements the PPO agent during the allocation of
communication resources. The variable defined in Line 2 is
used to determine which UE must be considered at a given
moment. The UEs are sorted in a set based on their offloading
rate (Line 3). Line 4 determines the number of PRBs that
were not allocated by the PPO agent and are available to
be allocated. Lines 5-10 assign to the considered UE the
maximum number of PRBs possible that are available to be
assigned.

VII. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
solution for jointly allocating communication resources and
selecting the most appropriate DNN model at the edge server
for user devices. In the scenario considered, the duration of a
time slot is set to 1 second. A base station is assumed to cover
an area with a radius of 80 m and to provide connectivity to 10
users. The Random Waypoint (RWP) model is used to model
the mobility of user devices. User speeds are set uniformly
sampled between 1 and 2 meters per slot, and the average

Algorithm 2 Communication Resource Allocation Heuristic

1: Obtain the amount of PRB resources that were not allo-
cated by the PPO agent and the offloading rate for each
UE

2: index < 0

Sort UEs in descending order based on their offloading

rate

PRBSsgyaitabie = Kiotal — Zuieu(t) Ky,

while PRBSyqitabie > 0 do

P+ min(kmaz - kumdmvaBsavailable)
Assign extra P PRBs to the UE u;p4cn
PRBSayaitable = Ktotal — Z’Lbiel/{(t) kul
index < index + 1

10: end while

(95}

D A

dwell time is uniformly sampled between O to 5 time slots.
The rate in which video frames are produced is set to 10 fps
encoded at resolution of 640 x 640 pixels and color depth of 24
bits/pixel. It is assumed one edge server is available to handle
video frames offloaded by user devices. The weighting factors
in Eq. 20d are set equally as 1/3.

The accuracy €“u; and latency [“u; QoS requirements for
each user device u; are set to 43% and 100 ms, respectively,
while the drop rate is minimized directly rather than con-
strained to a fixed threshold. The sub-6 GHz (FR1) band is
used with subcarrier spacing of 60kHz and total bandwidth
of 100 MHz. Hence, the total number of PRBs is 135, and the
bandwidth of each PRB is 720 kHz. For each user device, the
maximum number of PRBs that can be assigned is set to 35,
along with a minimum of 1. Additionally, the PRB reward-
function constant P; is set to 0.1 to penalize underutilization
of PRBs. The transmission power is P, = 23dBm. The
background noise is set to Py = —114dBm. The constant
PLg in the path loss log-distance model is set to 38dB at
I m, and the path loss exponent 7 is set to 3.76.

The frequency at the edge server is set to 2.4 GHz, and
the user device is set to 1.173 GHz. The CPU capacity at
user devices per cycle is set to 1/2048 cycles/FLOPs, and the
edge server is set to 1/8192 cycles/FLOPs. It is assumed that
the CPU resources at the edge server are equally distributed
among the DNN models. We assume each user device runs
the YOLOI11N model locally, which provides an accuracy of
39.5% and has a complexity of 6.5 billion FLOPs (BFLOPs).
On the server, the following models are deployed: YOLO11S,
YOLOI11M, YOLOI11L, YOLO11X. These models have ac-
curacies of 47%, 51.5%, 53.4%, and 54.7%, respectively, and
complexities of 21.5 BFLOPs, 68 BFLOPs, 86.9 BFLOPs, and
194.9 BFLOPs, respectively [19]. We train the model for a
total of 175,000 time slots with an episode and batch size of
80 steps each, with gradients updated after 10 episodes (800
steps). Lastly, we run 30 replications for each experiment and
plot the average results with a confidence interval of 95 %.
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A. Results

This section discusses the results obtained when the pro-
posed PPO agent is used with and without the proposed
heuristic that assigns communication resources that might be
available.

Fig. 1a shows the deviation of the obtained average latency
from the latency QoS threshold set for the application. As
can be seen, the use of the PPO agent without the devel-
oped heuristic led to the worst result. This happens due to
underutilized communication resources that might increase the
offloading latency at some UEs.

Fig. 1b depicts the average latency per frame for processing
a video frame locally at the UE. As can be seen, the devel-
oped PPO agent combined with the proposed heuristic led to
increased local processing latency when compared to the PPO
agent without the heuristic that allocated remaining PRBs to
UEs. This trend is expected and is explained by the fact that
the offloading latency is higher when the developed heuristic to
allocate remaining PRBs is not used (see Fig. 1c). In this case,
the PPO agent tries to decrease the local processing latency
by discarding video frames (see Fig. 1f).

Fig. 1c illustrates the average latency experienced by a
frame in the offloading queue of a UE. As can be seen, the
average latency decreased when the designed heuristic is used
in conjunction with the PPO agent. This first indicates that
the PPO agent fails to allocate all communication resources
to UEs and leaves some PRBs unallocated, even though the
system has been designed to assign a high penalty to the agent
when latency QoS violations are present and PRB resources
are not allocated in their totality. Hence, it is important to
verify if there is any PRB that has not been allocated, and a
deterministic allocation must be performed, such as the one
done by the proposed Algorithm 2.

Fig. 1d shows the average latency for the processing of
video frames at the edge server. As expected, both solutions
have comparable performance. However, it is worth noticing
that the solution that combines the designed PPO agent with
the heuristic to allocate possibly remaining PRBs results in
slightly increased remote processing latency as compared to
the pure PPO agent allocation. This is because more frames are
offloaded and successfully received at the edge server when
this approach is used, whereas the system management with
the pure PPO agent drops more frames (see Fig. 1f).

Fig. le depicts the deviation of the average accuracy from
the accuracy QoS threshold implemented in the system. This
result shows that the deviation is less when the pure PPO
agent is used. However, it is important to note that the
observed accuracy is estimated only for video frames that are
successfully processed. When accounting for frame drops (see
Fig. 1f), this solution could show worse performance.

Finally, Fig. 1f shows the frame drop rate when both
considered solutions were used. As can be seen, the drop rate
is higher when the pure PPO agent is used. This is because
some frames are dropped in the offloading queue to keep the
system stable. The drop rate when the PPO agent is combined

with the proposed heuristic is lower, as any unused PRB is
allocated to UEs, prioritizing UEs with a high offloading rate.

VIII. CONCLUSION

This paper addressed the problem of jointly optimizing the
offloading rate, communication resources, and DNN model in
edge-aided computer vision systems. We proposed a mathe-
matical framework to model the considered problem, as well
as an optimization formulation to jointly optimize different
aspects in a distributed computer vision system. The opti-
mization formulation aimed at minimizing QoS violations in
terms of accuracy and latency. Besides, we proposed a PPO-
based agent to solve the formulated optimization problem
and determine the offloading rate, number of communication
resources, and the DNN model at the edge server for handling
video frames of each user equipment. We also proposed a
heuristic to be used in conjunction with the PPO agent aimed at
allocating, in an additional step, any communication resource
that might not be in use by UEs. The obtained results showed
the feasibility of the proposed solution in maintaining drop rate
at low levels while keeping latency and accuracy at acceptable
levels.

As future work, we plan to optimize the proposed solution
to use multiple DNN models to handle the video frames of the
same video flow, as well as to minimize energy consumption
for local, offloading, and remote processing.
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