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Abstract—In the emerging 6G networks landscape, edge
computing applications are tasked with performing Machine-
Learning (ML) inference using Deep Neural Networks (DNNs)
on resource-constrained devices in terms of computational power,
memory, and energy. This paradigm shift, brought forth by 6G’s
promise of ultra-reliable low-latency communication necessitates
novel approaches for managing DNN tasks. This paper studies
the problem of DNN partitioning and selective offloading of
ML inference tasks to a Base Station (BS) or an edge gateway
node equipped with substantial computational resources. We
consider a set of resource-constrained devices, each of which
has an inference task (abstracted as a DNN) to execute. DNN
partitioning determines the part of the neural network to run
locally, and the part to offload to the BS. We are interested
to determine a suitable task partition for each device, namely
determine the neural network layer up to which computation
will take place locally on the device. A certain task partition on
a device affects the inference delays of tasks of other devices
due to task coupling, when task scheduling for processing is
decided at the BS. We formulate the optimization problems of
DNN partitioning for minimizing total execution delays of tasks
and for providing fair treatment to DNN inference tasks, by
ensuring balanced task execution delays. We propose a greedy
heuristic algorithm to solve the problems, and we evaluate it
through numerical simulations, using input from experiment
measurements on Raspberry Pi devices. The proposed approach
is shown to perform much better than the baseline approach
where each task is entirely executed locally on the device.

Index Terms—DNN partitioning, Task offloading, Resource-
constrained devices, Low-latency communication.

I. INTRODUCTION

With the advent of 6G networks, Edge Computing and the
Internet of Things (IoT) undergo transformative changes. 6G
is anticipated to enhance connectivity, reduce latency, and
provide higher bandwidth, thereby supporting the proliferation
of connected pervasive systems. These systems will support
a wide array of applications and services by processing vast
amounts of data generated by sensors and other devices at an
even higher rate. In such an ecosystem, swarms of mobile,
wearable, and other lightweight devices will play a crucial
role by executing complex inference tasks. However, these
devices are often limited by computational capacity, memory,
and energy resources.

An integral part of envisioned 6G services is the ability
to deliver the results of ML inference such as prediction
or classification in a timely manner. Deep Neural Networks
(DNNs), required for executing inference tasks, consist of
multiple layers and stages, such as convolutional and pooling
layers which demand significant computate resources [1]. The
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Fig. 1: (Top part) The 3 stages of the proposed DNN partitioning
approach: 1) Decision on DNN partitioning, 2) Local execution of the
first DNN part and transmission of intermediate results to the Base
Station (BS), and 3) Execution of the offloaded DNN part at the BS.
(Bottom part) The AlexNet model, exemplifying a DNN model for
inference tasks.

challenge of how to execute these tasks optimally in terms of
inference latency on resource-constrained devices within the
6G context is both critical and complex.

The prevalent approach to address the challenge above is
to use a powerful edge server, such as a Base Station (BS).
The BS receives requests for inference tasks from devices, it
executes the inference tasks, and it returns the results back
to the devices. However, this approach leads to large incurred
delays which may jeopardize the stringent low-latency spec-
ifications posed by real-time inference response requirements
of the service for which the DNN inference task is executed.

In this work, we advocate another option, depicted in Fig. 1.
This involves three stages: (1) the decision to partition the task
(i.e. the chain of DNN computations of the neural network)
into two parts, one executed locally at the device, and the
other executed at the BS, (2) the transmission to the BS of the
intermediate result after the local computation so that the BS
executes the second part of the chain, and (3) the execution
of this second part of the task at the BS.

In Fig. 1 (top), we depict a set of devices, each of which
needs to execute a multi-layer DNN. The task inference delay
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comprises three components: (i) the execution delay of the
part of the chain that is executed locally at the device; (ii)
the delay for transmitting intermediate results to the BS via a
wireless channel, and (iii) the execution delay of the rest of the
DNN at the BS processor. The third delay component above
implies that the decision of DNN partitioning for a certain
device affects the execution delays of all other devices as
well. This occurs because the task portions from all devices
that are offloaded to the BS are scheduled based on a given
scheduling policy at the BS such as Round-Robin (RR) or
Shortest-Job-First (SJF). Hence, depending on the scheduling
policy at the BS, the size of a computation task that is served
at the BS, affects the delays of other tasks. It is this coupling
at the BS that makes the problem challenging and nontrivial
to solve, because the DNN partitioning decisions need to be
taken jointly for all devices, rather than separately for each
one of them.

Assuming without loss of generality that there exists one
inference task to be executed for each device, the main
question is to find a DNN partitioning policy that minimizes
the total inference delay of all tasks. This is a first natural
objective we consider in this paper. However, such a policy
might turn out to cause large inference delays for some devices
since the minimization of sum delay does not imply the
minimization of each delay separately. Thus, we next ask the
question: how should we partition the DNNs of the different
devices so as to attain an execution delay that is as balanced
as possible across devices? The objective of balancing DNN
execution delays across devices stems from the requirement to
treat inference tasks at all devices fairly, in light of real-time
inference requirements in all of them. A solution that caters for
balancing of DNN execution delays across devices provides a
delay that is as equalized as possible across devices. To the
best of our knowledge, this is the first work that addresses
such optimization problems concerning the DNN partitioning
decision, while taking into account the aspect of coupling of
the partition decisions of the different DNN tasks at a BS.

A. Our contributions

This paper makes the following contributions:

• We formulate the optimal DNN partitioning problem
as an optimization problem, and we aim to find the
partitioning for each end-device in order to (i) minimize
total execution delay, and (ii) minimize the variance of
total execution delays of DNN tasks.

• We take into account in the model the range of feasible
partitions for each device that arise due to realistic con-
straints on computation capacity and memory resource
availability, as well as the impact of parallel background
processes onto DNN task execution on end-devices.

• We provide a low-complexity greedy DNN task parti-
tioning algorithm to solve the problem that overcomes
its computational complexity.

• We use real experimental measurements from DNN ex-
ecution on Raspberry Pi devices with specific resource

limitations and transmit capabilities to inform our math-
ematical model and feed the simulation model. We com-
pare the performance of the partitioning algorithm to that
where each DNN task is executed locally on the device,
and we show that our method significantly reduces DNN
task execution delay variance.

The rest of the paper is organized as follows. Section II
reviews previous research. In section III, we present the system
model and problem statement. The evaluation approach, eval-
uation setup and results are discussed in section IV. Section
V concludes the paper.

II. RELATED WORK

Some works in the literature (e.g. [2]) focus on distributed
training of DNN models, and they propose partitioning meth-
ods to accelerate training. Other works e.g. [7] and [8] consider
only the full offloading of DNN inference tasks, and their
objective is either the minimization of energy consumption or
the minimization of the amount of circulated network traffic.
Instead, in this work we focus on the DNN partitioning at
the inference stage, for selective partial offloading of DNN
inference tasks to a BS.

Both DNN partitioning and offloading have been considered
as separate problems in some works, e.g. [3] and some
others consider jointly partitioning and offloading of multiple
DNNs using solvers like SPSO-GA [4], combining Particle
Swarm Optimization (PSO) and Genetic Algorithm (GA), and
DDPQN [5], which employs Deep Reinforcement Learning
for determining partitioning schemes. Instead to our approach
these works do not consider the coupling of the offloaded DNN
partitions at a BS and the scheduling process there.

Another class of works focus on DNN execution for IoT ap-
plication scenarios. A work that considers constrained devices
is [6], which focuses on the problem of distributing deep-
learning (DL) processing on different, potentially heteroge-
neous IoT devices. Their method assigns DNN layers to IoT
devices to minimize delay, considering each device’s memory
and computational constraints. Our approach combines DNN
partitioning with scheduling of DNN tasks at the BS side to
minimize inference delays and ensure fair task distribution
across devices considering their resource capabilities.

The method we study is conceptually similar to that of Split
Learning [10], [11] where a NN is partitioned during training,
and different parts of it are executed at different locations
(devices or a central server). However, our work differs from
the line of works in Split Learning since (i) it is concerned
with inference rather than training, (ii) it addresses the part of
computation scheduling at the BS, and (iii) it introduces a solid
mathematical optimization framework for jointly optimizing
total delay or delay variance across different learning tasks.

Closer to our approach are the works [12] and [13]. In these
works, the authors study the DNN partitioning and offloading
problem for tasks that can be modeled as a directed acyclic
graph. Each link of the graph corresponds to a subtask, and the
problem is to offload subtasks to devices so as to minimize the
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makespan of all tasks, while respecting the deadlines, given
different task release times and deadlines.

In our work, we formulate the problem of DNN task
partitioning and offloading from a set of devices to a BS,
where each device generates a distinct task. This problem is
challenging since the decisions of DNN partitioning of differ-
ent devices need to be taken jointly, and they are influenced
by the scheduling policy at the BS. We also formulate the
problem of total task delay minimization and that of delay
balancing, through optimizing delay variance.

III. MODEL AND PROBLEM FORMULATION

A. Inference task

We consider the snapshot version of the following setup.
There exist N devices, each of which needs to execute a ML
inference task. We assume that an ML model (e.g. a DNN) has
already been trained and has been loaded on the device. When
a request for inference based on the ML model arises, it means
that a feature vector (e.g. an image) is presented to the device.
That vector is inserted as input to the DNN and traverses layer-
by-layer the chain of DNN layers that the device executes so as
to compute the output of the DNN, which can be for example
the predicted label (or class) of the feature vector.

In our model, each device may execute a portion of the
DNN task (i.e. some neural network layers) locally, and offload
the rest to the BS. The BS receives the offloaded portions of
DNN tasks by the end-devices and executes them according to
a certain scheduling policy, to be detailed below. We assume
that the DNN model has also been pre-loaded at the BS.

The DNN task can thus be described as a sequence of stages
(layers) S = {1, . . . , S}. Each stage has as input the resulting
weights of the previously computed stage e.g., stage 2 has
to be executed after stage 1. For example, in the AlexNet
DNN model [9] of Fig. 1, each layer (or group of layers,
e.g. convolution 1, max pooling 1, etc) is a stage s ∈ S
of the inference task, and its computational requirements are
measured in floating point operations (flops). For a device i,
the partition point pi of the DNN can be placed at any stage
s = 1, . . . , S. In Fig. 1 we indicate the possible partitioning
points of AlexNet model. In reality, memory constraints at the
device impose limitations on the portion of computation that
can be executed locally. Hence, for each device i, there exists
a maximum number of stages s̃i ≤ S that can be executed
locally.

B. Inference delay

There exist three main components of the total inference
delay for the DNN task of each device i:

1) Local computation delay, DL
i , which is the execution

delay for part (or the entire) chain of layers that are
executed on the end-device i.

2) Transmission delay, Dtr
i , which is time needed so that the

device transmits to the BS either the output weights of
the last locally executed DNN stage or the input feature
vector (e.g. image). In the latter case, no local execution
occurs, and the task is fully offloaded to the BS.
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Fig. 2: The RR scheduling of the DNN process (task) and background
tasks at an end-device processor.

3) BS (remote) computation delay, DR
i , which is the time

needed so that the residual of each DNN task is executed
at the BS server.

1) Local computation delay: The end-device has a proces-
sor whose computational capacity is Ci flops/sec, and it is
shared among the inference task and possibly other tasks that
are beyond our control, such as certain background processes.
We assume that a default RR scheduling discipline runs at each
end-device to manage execution of the DNN task and other
background tasks. RR is a preemptive scheduling algorithm,
where each task is periodically assigned a fixed time slot of
duration q to execute. These slots realize time sharing of the
computational capacity of the device. When a time slot expires,
the execution of the next task occurs for a duration q, and so
on, as depicted in Fig. 2.

We fix attention to a snapshot version of the problem, where
there exists one DNN task to be executed at each device
i, together with ni background tasks that are continuously
backlogged during DNN task execution, i.e. if a background
process ends, another comes up. Local computation at device
i takes a total amount of time FLi (pi)/Ci, where FLi (pi)
is the number of flops to be executed at the device, and
pi ∈ {1, ...s̃i} is the selected partition point.

The duration of a RR round is thus (ni + 1)q. By realizing
the RR sequence of tasks, we can find that the time needed
until the DNN task is executed with RR scheduling at device
i for partition point pi is

DL
i (pi) = q

(
FLi (pi)

Ci
(ni + 1)− ni

)
. (1)

2) Transmission delay: Each device i is connected to the
BS with a wireless channel of average transmission rate Wi

bits/sec. Let Ai(pi) be the number of bits that are transmitted
from device i to the BS when partition point pi is chosen. The
transmission delay is Dtr

i (pi) = Ai(pi)/Wi.
3) Base station computation delay: We assume that the

BS is equipped with a processor of computational capacity
CR flops/sec. A certain scheduling policy G is employed at
the BS to serve the residual DNN tasks from all devices that
are offloaded to the BS. We assume there are no background
processes at the BS.

The size (namely, the number of flops) of the DNN task of
device i that needs to be executed at BS when the partition
point is pi, is FRi (pi) = Fi − FLi (pi), where Fi is the total
size of DNN task of device i in flops. The total time needed
to execute the part of the DNN task of device i at the BS,
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when partition pi is selected, is FRi (pi)/C
R. Note that this

time would be required if that task were the only one to be
executed at the BS.

Let p = (p1, . . . , pN ) be the sought partition policy, i.e.
the vector of partition points of each device. For a certain
scheduling policy G, let DR

i (p;G) denote the total time that
is required for executing at the BS the portion of the DNN
task of device i which is offloaded there.

Observe that for a certain scheduling policy, the delay above
for a certain device i depends not only on partition point pi, but
on the entire partition policy p. This is because the execution
delay for the task of a certain device that is sent to the BS
does not depend only on its own task size, but also on the
sizes of tasks of other devices that are sent to the BS, each of
which is determined by the partition point of these devices.

Example: Shortest Job First (SJF) scheduling. If the
scheduling policy at the BS is the SJF one, the sizes of DNN
tasks that are sent to the BS are ranked in increasing order of
execution delays at the BS, and they are executed at the BS
in that order. In fact, depending on the sizes of the residual
tasks from all devices that are sent to the BS, there exists a
natural ranking on the sizes of these tasks at the BS that is
used for scheduling.

For a certain partition policy p, let βi(p) be the rank of the
task of device i. For example, βi(p) = 1 means that FRi (pi) =
minj F

R
j (pj), i.e. the task of device i ordered first, i.e. it is

the shortest task from those sent to the BS; if βi(p) = N , this
means that device i is ordered last, i.e. it has the longest task
sent to the BS. Again, this ordering depends on the choice of
the partition.

The computation delay of the DNN task of device i at the
BS depends on the rank βi(p) of that task and is given by

DR
i (p;SJF ) =

1

CR

(
FRi (pi) +

∑
j:βj(p)<βi(p)

FRj (pj)

)
. (2)

Depending on the scheduling policy G, we may find an
analytical expression for the execution delay DR

i (p;G). The
total inference delay for device i is

Di(p;G) = DL
i (pi) +Dtr

i (pi) +DR
i (p;G) . (3)

C. Problem formulation

Due to real-time DNN inference response delay require-
ments, there exists a maximum allowable application-driven
inference delay D̃max

i . In the sequel, we omit the notation
G for simplicity. We consider two performance objectives
and formulate the respective optimization problems: (i) total
inference delay minimization, and (ii) inference delay variance
optimization.

1) Total inference delay minimization: The total inference
delay for DNN tasks of all devices is

Dtot(p) =

N∑
i=1

Di(p) . (4)

A natural objective would be to seek the DNN partition
policy p that minimizes total inference delay, Dtot(p) above.
This problem is mathematically formulated as follows:

min
p

Dtot(p)

s.t. Di(p) ≤ D̃max
i ∀ device i = 1, . . . , N

pi ∈ {1, ..., s̃i},

(5)

where Di(p) is given by (3).
The problem is computationally hard to solve because of the

integer solution space. One would need to consider all possible
combinations of partitions for each device, compute inference
delays and delay variance, and then choose the partition that
minimizes this variance. We stress that the complexity stems
from the fact that the partitions of different devices need to
be computed jointly since one partition in general affects the
delays of all other devices due to their coupling through the
BS scheduling policy. For N devices and S partition points,
there are SN possible solutions. While exhaustive enumeration
might be an option for very few devices and simple neural
networks with few stages, having some tens of devices and
deep neural networks would render the solution space very
large.

We now describe a greedy heuristic algorithm to solve the
problem. We start from an arbitrary initial partition p(0), e.g.
p(0) = (b s̃12 c, . . . , b

s̃N
2 e) or p(0) = (1, 1, . . . , 1). The idea is

at each step to change the partition of the task of one device
such that the largest reduction in total delay occurs.

At each iteration t ≥ 1, given the partition p(t−1) =

(p
(t−1)
1 , . . . , p

(t−1)
N ), and a total delay value Dtot(p

(t−1)) from
the previous step, for each device i we define the following
two tentative partitions: (i) a partition pi+, in which we move
the partition point of device i task one position to the right,
while all other device task partitions are unchanged; and (ii) a
partition pi−, in which we move the partition point of device i
task one position to the left, and all other device task partitions
are unchanged. Let ∆Di+ = Dtot(p

(t−1)) −Dtot(p
i+), and

∆Di− = Dtot(p
(t−1)) − Dtot(p

i−). Thus, we have 2N
possible partitions.

We choose to move the partition of the task of device i∗

with
i∗ = arg max

j=1,...,N
max{∆Dj+,∆Dj−} (6)

for which max{∆Dj+,∆Dj−} > 0. Depending on whether
∆Di∗+ or ∆Di∗− is larger, we choose partition pi

∗+ or pi
∗−,

namely we move the partition of device i∗ task one position to
the right or one position to the left, if possible. Then, we set
the current partition to p(t) = pi

∗+ or p(t) = pi
∗−, and we

continue with the next iteration t+1. The algorithm terminates
if at some iteration, it is ∆Di+ < 0 and ∆Di− < 0 for all
devices i, namely it is not possible to further improve the total
delay.

2) Inference delay variance minimization: A partition pol-
icy that minimizes total inference delay Dtot(p) may result in
very different values of inference delays for some devices, and
it may happen that some of them fail to fulfil maximum delay
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requirements. Placing delay requirements as constraints in a
sum inference delay minimization problem would constrain
the space of feasible solutions and would still result in
solutions with unequal inference delays.

Another possibility would be to seek to treat devices equally
in terms of inference delay guarantees, hence we seek to find
the DNN partition policy p that minimizes the total variance,
V (p) of inference delays of DNN tasks of devices, in order to
cater for most balanced inference delays across devices. This
problem is mathematically formulated as follows:

min
p

V (p)

s.t. Di(p) ≤ D̃max
i ∀ device i = 1, . . . , N

pi ∈ {1, ..., s̃i},

(7)

where V (p) is given by the following equation:

V (p) =
1

N

N∑
i=1

(Di(p)− D̄(p))2, (8)

where D̄(p) = 1
N

∑N
i=1Di(p) is the empirical mean of

individual device inference delays. A greedy algorithm similar
in spirit to the one described above can be used for this
problem as well.

IV. EVALUATION

A. Evaluation setup

The evaluation of our method for DNN partitioning is based
on 5 scenarios, where 10, 20, 30, 40, and 50 end-devices are
used. Devices are located in various positions, with distance a
range of 50 up to 500 meters from the BS. Devices differ in
terms of memory and number of background processes that run
in parallel to the DNN task. As a result, s̃i , i.e. the maximum
number of stages that can be executed locally is different for
each device i. For example, the memory of some devices can
support the execution of DNN tasks up to stage 5, while in
some other up to stage 8.

Experiments were carried out with a custom Python-based
network simulator that we designed and developed. The
area of the simulated network is a square grid of 1000
m2. We used real benchmark results of the execution of
an AlexNet’s Python implementation on top of Tensorflow
and Keras framework, a Python interface for Tensorflow. Our
model in the simulator is based on real device measurements.
To assess the inference delay of AlexNet’s stages, we started
with the first layer to measure its execution delay, then
sequentially added and measured each subsequent layer of
the DNN until all stages were included. We measured the
execution delay for each DNN stage using a 227x227 pixel
color image as input to AlexNet, and then calculated the total
real inference delays for all DNN partitioning scenarios. In
Fig. 4 are depicted the inference delay measurements which
took place both at the Intel i7 6700HQ that has the role
of the BS processor and at the Raspberry Pi 3B+ device.
Transmission delay calculations accounted for data sent from
one Raspberry Pi 3B+ with a CYW43455 WiFi module at

2.4GHz to the BS, considering varying data rates to represent
different distances between the end device and the BS. These
calculations incorporated in the model of our custom simulator.

All devices have uniform computational capabilities but
differ in memory availability and the number of local parallel
processes running alongside the main DNN tasks. Let R =
CR/Ci be the ratio of BS and device i computational capacity.
We have executed the evaluation scenarios for 7 different
ratios (i.e. R = {1, 5, 10, 50, 100, 500, 1000} considering the
computational capacity Ci of Raspberry Pi 3B+ as device
i, and the computational capacity CR of an Intel Core i7
6700HQ as the processor of the BS. Using a testbed of these
devices, we measured DNN inference delays of each stage
under RR and SJF scheduling at the BS. The proposed model
and approach are generalizable, allowing each device to run
various types of DNNs.

B. Evaluation Results

We evaluate our approach in terms of variance of inference
delays, and in terms of the total inference delay Dtot. We
compare our approach to the approach where each DNN is
executed entirely on the device. We call the latter option “all-
local”. Comparative results are depicted in Fig. 3 in the form
of percentage of improvement that the proposed approach
achieves over the “all-local” one. We also compared the greedy
algorithm’s results with the optimal solution for minimizing
inference delay variance, achieved through exhaustive enumer-
ation of all possible partition combinations. The comparative
results are depicted in Fig. 5. The greedy algorithm achieves
variance very close to that obtained with the optimal solution,
i.e. within 2.4%, for networks of 3 to 10 devices.

With our approach, variance of inference delays is signifi-
cantly reduced as shown in Figs. 3(A) and 3(C). In particular,
in Fig. 3(A), for R = 1 and for RR or SJF scheduling
at the BS, our proposed methodology performs better than
the “all-local” one, with 2% − 21% smaller variance with
SJF scheduling, and 2.8% − 12.7% smaller variance for RR
scheduling, depending on the number of devices (10, 20, ..50).
The amount of improvement seems to reduce as the number
of devices increases. The proposed method performs better
than the “all-local” one for 10-30 devices, but even with more
devices (e.g 40 or 50), it still shows better performance in
comparison to the “all-local” approach.

In Fig. 3(C), the improvement in variance is depicted for
various values of ratios R ranging from 1 to 1,000. The
improvement increases as the BS becomes more powerful, and
the largest improvements (ranging from 21% to 67.2%) are
observed for 10 devices. Similarly, the proposed methodology
gives slightly better results for the reduction of the total
inference delay, as depicted in Fig. 3(B). Also, as depicted
in Figs. 3(A) and 3(B), the resulting partitions for 10, 20,
30, 40 and 50 devices and R = 1 show that the average
percentage of locally executed DNN layers increases as the
number of devices increases. We note that irrespective of the
BS’s scheduling policy, the optimal number of DNN layers
for local execution rises with an increase in device count.
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Fig. 3: Percentage of improvement in the variance of inference delays with our approach, over fully local task execution.

 

Fig. 4: Inference delay measurements of AlexNet DNN stages on
Raspberry Pi 3B+ and Intel i7 6700HQ (the BS processor).

 

Fig. 5: Optimal variance of inference delays with exhaustive enu-
meration of possible partitions, vs. variance obtained with the greedy
algorithm, for different number of devices. The labels on each point
indicate the percentage difference between our algorithm and the
optimal solution. The greedy algorithm in almost all cases finds the
optimal solution.

V. CONCLUSION

We addressed the problem of minimizing total inference
task delay, as well as that of minimizing the variance of
delays, through DNN partitioning and offloading to a BS,
for given BS scheduling policies. Task scheduling at the BS
makes the decision variables coupled. Our evaluation demon-
strates that the proposed DNN partitioning method yields a
significant reduction in inference delay variances compared
to “all-local” execution, particularly when BS computational
power is higher. Also, the results reveal that the efficiency of
our method is maintained across different DNN sizes. Despite

diminishing gains with as the number of devices increases, our
method still consistently surpasses “all-local” execution in all
tests, up to the largest evaluated network size of 50 devices.
As future steps, we plan to extend our method to also include
the minimization of energy consumption of DNN tasks, and to
fully implement our proposed methodology on a real hardware
testbed.
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