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Communication and Computation

by Emre Kilcioglu

Deep learning (DL) models have experienced a notable increase in adop-
tion across various latency-critical artificial intelligence (AI) applications,
including computer vision, natural language processing, and autonomous
driving. This adoption has been driven by advancements in mobile inter-
net access and CPU capabilities, leading to the generation of vast volumes
of data from mobile devices to be potentially processed in DL-driven AI
applications. However, the computational demands of these DL models
pose significant challenges, especially when deploying them on resource-
constrained devices (RCDs), which are characterized by limited comput-
ing power, battery life, and memory. Although various model compres-
sion techniques aim to make DL models suitable for single-device execu-
tion, they often come at the cost of accuracy. Consequently, innovative
approaches are needed to address these challenges and enable efficient ex-
ecution of DL-driven applications on such devices.

Initially, the solution to the computational demands of DL-driven appli-
cations was a cloud-centric paradigm, known as mobile cloud computing
(MCC). In MCC, computationally intensive DL operations are offloaded to
centralized cloud servers, while RCDs primarily serve as data collectors
without hosting DL models locally. However, this approach faces chal-
lenges such as intolerable latency, network congestion, and privacy con-
cerns. An alternative approach is to leverage edge computing in conjunc-
tion with DL-driven AI applications, giving rise to the concept of edge in-
telligence (EI). EI aims to bring the computation-heavy DL execution of AI
applications to edge networks. This approach offers advantages like lower
latency, reduced network congestion, decentralized structures, and more
reliable systems compared to the cloud-centric approach. The typical EI
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solution involves deploying powerful edge servers for DL execution at the
edge. In situations where deploying these servers is challenging, costly,
or impossible, particularly in high-mobility and harsh scenarios, device-
to-device collaborative DL execution emerges as a viable alternative for
performing these applications.

Within the EI framework, this thesis introduces several schemes for col-
laborative on-device deep learning inference, where multiple RCDs col-
laboratively execute DL models without reliance on centralized servers.
To achieve collaborative DL inference, this thesis explores various paral-
lelism techniques, including data parallelism, model parallelism, and hy-
brid parallelism, with a specific focus on convolutional neural networks
(CNNs). Data parallelism distributes input data among multiple RCDs,
while model parallelism partitions DL models. Hybrid parallelism com-
bines elements of both approaches to tackle challenges related to large in-
put data sizes for model parallelism and the execution of multiple filters
for data parallelism. In the context of hybrid parallelism, relay-assisted
communication is proposed to facilitate efficient collaboration among de-
vices. These strategies aim to distribute the computational load efficiently
and reduce communication overhead to optimize the collaborative deep
learning inference for specific scenarios.

In summary, this thesis presents innovative approaches and optimization
techniques for collaborative on-device deep learning inference in resource-
constrained environments. These contributions advance the field of col-
laborative edge intelligence and provide efficient solutions for DL-driven
applications deployed on mobile and IoT devices.
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dcol

n Number of columns in the input data of layer-pack
n

NMAC
n,k Number of MAC operations performed by RCD k in

layer-pack n operation
ELOC

n,k Energy consumption of RCD k during the local com-
putation of layer-pack n operation

ck Number of CPU cycles per MAC operation for RCD
k

κk Effective hardware capacitance coefficient of RCD k
tLOC
n,k Allocated time to the local computation of layer-

pack n operation in RCD k
νmax

k Maximum CPU frequency of RCD k

r
EXC{a,b}
n,k Achievable data rate during the exchange commu-

nication with RCD k’s neighbors above and below
after layer-pack n operation

p
EXC{a,b}
n,k RF transmit power of RCD k during the exchange

communication with the neighbors above and be-
low after layer-pack n operation

h
EXC{a,b}
n,k Channel gain between RCD k and its neighbors

above and below during the exchange communica-
tion after layer-pack n operation

E
EXC{a,b}
n,k Energy consumption of RCD k during the exchange

communication with the neighbors above and be-
low after layer-pack n operation
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t
EXC{a,b}
n,k Allocated time of RCD k to the exchange commu-

nication with the neighbors above and below after
layer-pack n operation

EEXC
n,k Total energy consumption of RCD k during the ex-

change communication with the neighbors above
and below after layer-pack n operation

τ Maximum allowed latency
tn Total allocated time to the local computation and the

exchange communication of layer-pack n operation
for all RCDs

EFRDRF
k RF energy consumed by the master device during

the first round distribution to RCD k

E
EXCRF{a,b}
n,k RF energy consumed by RCD k during the exchange

communication with the neighbors above and be-
low after layer-pack n operation

EMAC Minimized total energy consumption per MAC op-
eration

Chapter 4
Kn Number of participating RCDs for layer-pack n op-

eration
f conv
n,k,m mth assigned convolutional filter of RCD k for layer-

pack n operation
dch

n,k Number of filters allocated to RCD k for layer-pack
n operation

on,k Output data of RCD k after layer-pack n operation
rBC

n Achievable data rate during the broadcasting stage
of layer-pack n operation

pBC
n RF transmit power of the master device during the

broadcasting stage of layer-pack n operation
hBC

n,k Channel gain between the master device and RCD k
during the broadcasting stage of layer-pack n oper-
ation

RBC
n,k Distance between the master device and RCD k dur-

ing the broadcasting stage of layer-pack n operation
α Path-loss exponent
cPL Path-loss constant
fc Carrier frequency
c0 Speed of light
EBC

n Energy consumption of the master device during the
broadcasting stage of layer-pack n operation
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tBC
n Allocated time to the broadcasting stage of layer-

pack n operation
dBC

n Number of bits broadcasted by the master device for
layer-pack n operation

rAgg
n,k Achievable data rate during the aggregation stage of

layer-pack n operation for the output data of RCD k
pAgg

n,k RF transmit power of RCD k during the aggregation
stage of layer-pack n operation

hAgg
n,k Channel gain between the master device and RCD k

during the aggregation stage of layer-pack n opera-
tion

RAgg
n,k Distance between the master device and RCD k dur-

ing the aggregation stage of layer-pack n operation
EAgg

n,k Energy consumption of RCD k during the aggrega-
tion stage of layer-pack n operation

tAgg
n,k Allocated time of RCD k to the aggregation stage of

layer-pack n operation
dAgg

n Number of bits sent by each RCD during the aggre-
gation stage of layer-pack n operation

EBCRF
n RF energy consumed by the master device during

the broadcasting stage of layer-pack n operation
EAggRF

n,k RF energy consumed by RCD k during the aggrega-
tion stage of layer-pack n operation

Chapter 5
dm Number of input data rows assigned to computing

segment m
dR Number of redundant rows additionally sent to each

computing segment
Nbl Number of layer-pack blocks
NLAY

b Number of layer-packs in block b
Nrel Number of computing segments (or relays)
Km Number of C-RCDs in computing segment m
dR

b Number of redundant rows sent to each computing
segment for block b operation

rID
b,m Achievable data rate during the input distribution

to relay m for block b operation
pID

b,m RF transmit power of the DO-RCD during the input
distribution to relay m for block b operation
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hID
b,m Channel gain between the DO-RCD and relay m

during the input distribution for block b operation
RID

b,m Distance between the DO-RCD and relay m during
the input distribution for block b operation

EID
b,m Energy consumption of the DO-RCD during the in-

put distribution to relay m for block b operation
tID
b,m Allocated time of the DO-RCD to the input distribu-

tion to relay m for block b operation
dID

b,m Number of bits sent to relay m during the input dis-
tribution for block b operation

Im Indicator function; 1 for top and bottom relays in the
input data map (for m = 1 and m = Nrel) and 2
otherwise

rBC
nb ,m Achievable data rate during the broadcasting stage

of layer-pack n operation of block b for relay m
pBC

nb ,m RF transmit power of relay m during the broadcast-
ing stage of layer-pack n operation of block b

hBC
nb ,km

Channel gain between relay m and C-RCD k during
the broadcasting stage of layer-pack n operation of
block b

RBC
nb ,km

Distance between relay m and C-RCD k during
the broadcasting stage of layer-pack n operation of
block b

EBC
nb ,m Energy consumption of relay m during the broad-

casting stage of layer-pack n operation of block b
tBC
nb ,m Allocated time of relay m to the broadcasting stage

of layer-pack n operation of block b
dBC

nb ,m Number of bits broadcasted by relay m for layer-
pack n operation of block b

db,m Number of rows that computing segment m is re-
sponsible from for block b operation

NMAC
nb ,km

Number of MAC operations performed by C-RCD k
in computing segment m for layer-pack n operation
of block b

dch
nb ,km

Number of filters allocated to C-RCD k in computing
segment m for layer-pack n operation of block b

ELOC
nb ,km

Energy consumption of C-RCD k in computing seg-
ment m during the local computation of layer-pack
n operation of block b

κkm Effective hardware capacitance coefficient of C-RCD
k in computing segment m
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ckm Number of CPU cycles per MAC operation for C-
RCD k in computing segment m

tLOC
nb ,km

Allocated time to the local computation of layer-
pack n operation of block b in RCD k of computing
segment m

νmax
km

Maximum CPU frequency of C-RCD k in computing
segment m

rAgg
nb ,km

Achievable data rate during the aggregation stage of
layer-pack n operation of block b for the output data
of C-RCD k in computing segment m

pAgg
nb ,km

RF transmit power of C-RCD k in computing seg-
ment m during the aggregation stage of layer-pack
n operation of block b

hAgg
nb ,km

Channel gain between relay m and C-RCD k during
the aggregation stage of layer-pack n operation of
block b

RAgg
nb ,km

Distance between relay m and C-RCD k during the
aggregation stage of layer-pack n operation of block
b

EAgg
nb ,km

Energy consumption of C-RCD k in computing seg-
ment m during the aggregation stage of layer-pack n
operation of block b

tAgg
nb ,km

Allocated time of C-RCD k in computing segment m
to the aggregation stage of layer-pack n operation

dAgg
nb ,m Number of bits sent by each C-RCD in computing

segment m during the aggregation stage of layer-
pack n operation of block b

rOT
b,m Achievable data rate during the output transmission

stage of block b operation for the output data of com-
puting segment m

pOT
b,m RF transmit power of relay m during the output

transmission stage of block b operation
hOT

b,m Channel gain between the DO-RCD and relay m
during the output transmission stage of block b op-
eration

ROT
b,m Distance between the DO-RCD and relay m during

the output transmission stage of block b operation
EOT

b,m Energy consumption of relay m during the output
transmission stage of block b operation

tOT
b,m Allocated time of relay m to the output transmission

stage of block b operation
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transmission stage of block b operation
dch
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Number of filters in layer-pack n of block b

tnb ,m Allocated time of computing segment m to layer-
pack n operation of block b

tb Allocated time to block b operation
EIDRF

b,m RF energy consumed by the DO-RCD during the in-
put distribution stage of block b operation

EBCRF
nb ,m RF energy consumed by relay m during the broad-

casting stage of layer-pack n operation of block b
EAggRF

nb ,km
RF energy consumed by C-RCD k in computing seg-
ment m during the aggregation stage of layer-pack n
operation of block b

EOTRF
b,m RF energy consumed by relay m during the output

transmission stage of block b operation

Chapter 6
SINRT SINR target value
SINRBC

nb ,m SINR during the broadcasting stage of layer-pack n
operation of block b for relay m

hBC
nb ,m,m′ Channel gain between relay m and relay m′ during

the broadcasting stage of layer-pack n operation of
block b

RBC
nb ,m,m′ Distance between relay m and relay m′ during the

broadcasting stage of layer-pack n operation of
block b

SINRAgg
nb ,km

SINR during the aggregation stage of layer-pack n
operation of block b for C-RCD k in computing seg-
ment m

hAgg
nb ,km ,km′

Channel gain between C-RCD k in computing seg-
ment m and C-RCD k in computing segment m′ dur-
ing the aggregation stage of layer-pack n operation
of block b

RAgg
nb ,km ,km′

Distance between C-RCD k in computing segment m
and C-RCD k in computing segment m′ during the
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b
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b operation for relay m
hOT

b,m,m′ Channel gain between relay m and relay m′ during
the output transmission stage of block b operation
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Chapter 1

Introduction

Deep learning (DL) models have gained increasing prominence in recent
years for their ability to deliver high-accuracy results in various latency-
critical artificial intelligence (AI) applications. These applications span a
wide spectrum, ranging from computer vision, video analytics, and au-
tonomous driving to natural language processing and virtual/augmented
reality [1–3]. This surge in DL adoption has been further catalyzed by the
proliferation of mobile Internet and the increasing computational capabil-
ity of central processing units (CPUs), which has led to an unprecedented
increase in the volume of data generated by mobile devices that can poten-
tially fuel DL-driven AI applications [4].

However, it is crucial to recognize that achieving high accuracy in DL mod-
els comes with significant challenges. Notably, the deep computational
demands inherent to DL models can be a formidable hurdle [5]. Many
DL-driven applications are computationally intensive, primarily due to
two key challenges: huge data size problems and model complexity prob-
lems. Huge data size problems arise when the input data dimensions
are substantial, necessitating significant computational resources to pro-
cess. Model complexity problems, on the other hand, stem from the intri-
cate architecture of DL models, leading to a massive number of compu-
tations required for inference. These challenges present significant barri-
ers to deploying DL-driven applications on a single resource-constrained
device (RCD). RCDs are characterized by limited computing capabilities,
constrained battery life, and restricted memory resources, making them
unsuitable for executing the resource-intensive operations required by DL
models [6, 7]. While some model compression techniques [8, 9] have been
proposed to make DL models feasible for single-device execution, they of-
ten come at the cost of sacrificing accuracy [4]. Therefore, deploying DL-
driven applications on such devices necessitates innovative approaches to
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address these challenges and enable efficient execution.

1.1 Deep Learning Inference Concepts

This section explores various approaches to address the demanding com-
putational requirements of DL-driven applications. These approaches in-
clude the traditional cloud-centric approach and the emerging paradigm
of edge intelligence (EI). These concepts shape the landscape of AI deploy-
ment, influencing latency, network congestion, and data privacy concerns.

1.1.1 Cloud-centric Approach

To fulfill the demanding computational requirements of DL-driven appli-
cations, the initial approach was to rely on a cloud-centric paradigm, often
referred to as mobile cloud computing (MCC) [10–12]. In this paradigm,
the computationally intensive DL operations are offloaded and executed
on centralized powerful cloud servers, while RCDs primarily function as
data collectors without hosting DL models locally [13].

This cloud-centric approach presents a series of challenges that have led to
the exploration of alternative strategies:

• Intolerable latency: One of the prominent issues with the cloud-
centric approach is the latency introduced by the distance between
cloud servers and RCDs. The substantial physical separation can
hinder the real-time deployment of cloud-centric architectures, es-
pecially in scenarios where low-latency responses are critical to the
application’s functionality [13–15]. For instance, in real-time appli-
cations like autonomous driving or augmented reality, even a slight
delay in data processing can have severe consequences.

• Network congestion: As the number of RCDs continues to grow,
along with the substantial volume of data being transmitted to cloud
servers, network congestion becomes a pressing concern. The expo-
nential increase in data traffic can lead to severe bottlenecks, making
it increasingly difficult to serve all RCDs simultaneously [16,17]. This
congestion not only impacts latency but also raises questions about
the scalability of the cloud-centric model.

• Privacy issues: Another critical concern in the cloud-centric approach
is related to data privacy. The raw input data collected by RCDs is
typically offloaded to the cloud servers without encryption, poten-
tially exposing sensitive information to security breaches and unau-
thorized access [7, 18]. This issue becomes particularly critical when
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dealing with personal or confidential data, such as in healthcare or
finance applications.

1.1.2 Edge Intelligence (EI)

An alternative to the cloud-centric approach is to harness the capabilities
of edge computing in order to enable DL-driven AI applications to operate
at the edge of the networks [19–26]. This convergence of edge computing
and AI gives rise to a transformative concept known as edge intelligence
(EI) [27–29]. This innovative convergence of edge computing and AI not
only addresses the limitations of the cloud-centric approach but also opens
up new horizons for AI deployment across various domains.

The advent of EI is driven by the increasing demand for real-time, low-
latency AI applications, particularly in sectors like autonomous vehicles,
industrial automation, healthcare, and the Internet of Things (IoT). EI aims
to bring computationally intensive DL inference closer to the data source,
commonly referred to as the edge. This proximity allows for faster decision-
making, reduced latency, and enhanced performance, making it especially
advantageous in applications where split-second decisions are vital. It also
aims to decentralize and distribute the processing of DL inference, thereby
addressing some of the key limitations of the cloud-centric approach. Here
are some of the notable advantages that EI brings to the table:

• Lower latency: One of the most significant benefits of EI is its abil-
ity to significantly reduce latency. By executing DL operations at the
edge, in close proximity to the RCDs, EI ensures that data process-
ing occurs swiftly. This is vital for real-time applications like au-
tonomous driving or augmented reality, where even minimal delays
can pose safety concerns and affect user experience.

• Reduced Network Congestion: EI alleviates the network congestion
issues frequently encountered in cloud-centric approaches. Through
the distribution of computation across multiple devices at the edge,
it minimizes the volume of data that needs to be transmitted to cen-
tralized servers. This not only enhances response times but also im-
proves the scalability and efficiency of the network infrastructure.

• Decentralized Structures: EI promotes more decentralized system
structures. Rather than relying on centralized cloud servers, the com-
putational burden is distributed across multiple devices. This decen-
tralization makes the system more scalable and reliable, especially in
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FIGURE 1.1: Edge intelligence (EI) environment [27]

scenarios where network connectivity may be intermittent or unreli-
able.

• Improved Reliability: EI offers improved reliability, as input data
remains local compared to the cloud-centric approach.

• Better Privacy Management: Privacy is more effectively managed in
contrast to the cloud-centric approach, as the data is split into numer-
ous partitions, with each segment residing at the edge.

The typical solution within the EI framework involves deploying power-
ful edge servers at the network edge to facilitate DL inference. However,
there are situations where deploying such edge servers can be challeng-
ing, costly, or even impossible, particularly in high-mobility or harsh en-
vironmental scenarios. In such cases, device-to-device collaborative DL
inference emerges as a viable alternative approach to power DL-driven ap-
plications [30]. This collaborative paradigm allows lightweight DL com-
putations to be distributed not only across powerful edge servers but also
among multiple RCDs. This collaborative model ensures that even in chal-
lenging deployment scenarios, the benefits of EI can still be realized, ulti-
mately expanding the reach of DL-driven AI applications to a wider range
of use cases and environments.
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1.2 DNN Partitioning

When it comes to collaborative DL inference, a critical issue that needs to
be addressed is how to optimally distribute the workload of DL-driven
applications among multiple devices. While several solutions have been
proposed, deep neural network (DNN) partitioning emerges as a partic-
ularly effective strategy for workload distribution in these collaborative
applications [31–52].

A prevalent approach in DNN partitioning is layer-based partitioning, where
the DNN model is divided into separate layers, and specific layers of the
model are allocated for inference on RCDs while others are processed on
more powerful edge or cloud servers. This layer-based partitioning scheme
offers several advantages, such as energy savings on RCDs, which is espe-
cially crucial for devices with limited battery life [31–35]. However, there
are some considerations to keep in mind with this approach:

• Server Dependency: Layer-based partitioning heavily relies on the
availability of powerful edge or cloud servers to offload operations
effectively. This server dependence can be a limitation, particularly
in scenarios where server availability is sparse or unpredictable, yet
strict latency constraints must still be met.

• Challenges with Large Input Data: Layer-based DNN partitioning
may not fully address the challenges posed by substantial input data
dimensions. Partitioning the DNN model layer by layer may not be
sufficient since a single RCD could face difficulties processing even a
single layer operation efficiently.

To overcome these challenges and ensure efficient collaborative DL infer-
ence across multiple RCDs, it is imperative to investigate techniques that
exploit computation parallelism. Parallelism can be instrumental in dis-
tributing the computational load across multiple devices in a more granu-
lar manner, allowing for the efficient utilization of the collective computa-
tional power of RCDs.

1.3 Computation Parallelism Techniques

In the context of collaborative inference, this thesis explores three distinct
computation parallelism techniques: data parallelism, model parallelism,
and hybrid parallelism, which combines elements of both data and model
parallelism. Each technique brings its own set of advantages and presents
specific challenges, especially when applied to convolutional neural net-
works (CNNs), which is the primary focus of our research in this thesis.
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Table 1.1 presents the pros and cons of each parallelism technique, along
with the research objectives specific to each technique.

1.3.1 Data Parallelism

In the data parallelism approach, input data is divided into partitions and
distributed among multiple devices. Each device performs complete model
computations using its allocated partial input data. To facilitate collabora-
tion, the partial input data is sent to each device, along with additional
redundant rows that account for the convolution operation’s characteris-
tics. After each layer operation, only the boundary rows are exchanged be-
tween neighboring devices on the input data map to carry out subsequent
layer operations. Such a scenario is discussed in the study of Chapter 3.

Despite its effectiveness in handling large input data sizes, data parallelism
faces several challenges:

• Single Filter Limitation: Data parallelism is applicable primarily
when each convolutional layer contains a single filter. In scenarios
where multiple filters are present in each layer, aggregating the out-
puts at the data owner after each layer operation is needed, which
contradicts the efficient exchange communication between neighbor-
ing devices. On the other hand, achieving the desired accuracy from
a CNN model often necessitates the inclusion of multiple filters in
each convolutional layer.

• Inefficiency: Transmitting partial input data point-to-point to each
device results in system inefficiency, negatively impacting both la-
tency and energy consumption.

Given these limitations, the applicability of data parallelism depends on
the specific requirements and constraints of collaborative CNN inference
scenarios.

1.3.2 Model Parallelism

In model parallelism approach, CNN model is partitioned and distributed
across multiple devices. Each device processes the entire input data us-
ing its assigned partial model. Typically, in this approach, the input data
is broadcasted from the data owner device to other participating devices.
After each layer operation, the output data from each device is sent back
to the data owner device, which then generates the new input data for the
next layer’s operations by aggregating these outputs. A model parallelism
approach is implemented and discussed in the study of Chapter 4.
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While model parallelism offers a promising approach for collaborative CNN
inference, it also presents several challenges:

• Single device limitations: In scenarios where large input data sizes
and low-latency constraints are in place, a single device may struggle
to complete multiple filter computations efficiently.

• Communication Constraints and Synchronization: Communication
between the data owner and other participating devices may become
impractical, especially when devices are geographically distant. The
latency introduced by long-distance communication can disrupt the
synchronization required for collaborative model inference.

• Communication Inefficiency: Broadcasting complete input data to
all devices can lead to communication inefficiency, primarily deter-
mined by the device with the weakest channel condition.

Given these challenges, it becomes crucial to explore alternative paral-
lelism techniques, particularly in scenarios where the issues mentioned
above are prevalent.

1.3.3 Hybrid Parallelism

The integration of both data and model parallelism emerges as a promising
approach for collaborative CNN inference. This approach seeks to address
the challenges posed by large input data sizes through data parallelism
while accommodating computations involving multiple filters through the
concept of model parallelism. However, the success of this combined ap-
proach relies heavily on efficient point-to-point communication between
the data owner and other participating devices.

In the context of edge DL training techniques, such as federated learn-
ing [53], relay-assisted communication becomes a valuable consideration.
Some studies [54–61] explore relay-assisted communication to reduce com-
munication costs and enhance network coverage. This approach can be
also applied to the edge inference scenarios. A hybrid parallelism scenario
with the help of a relay-assisted communication scheme is proposed in the
study of Chapter 5. At this point, it is crucial to clarify that the term "re-
lays" refers to devices serving as the intermediate interface between the
data owner RCD and other participating RCDs. In other words, the re-
lay will play the role of interface to the collaborative RCDs. These relays
play a pivotal role in coordinating communication, managing model par-
allelism, and facilitating data aggregation. Their function extends beyond
the scope of classical relays in wireless communications, which typically
aim to enhance the link budget or introduce diversity. In the context of this
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thesis, the relays can be referred to as aggregate-forward relays due to their
broader role in effectively overseeing the exchange of information between
the data owner and other participating RCDs. Despite this broader func-
tionality, the term "relay" will be used exclusively throughout the thesis for
brevity.

1.4 Review of Related Research

To optimize the deployment of deep learning architectures in wireless com-
munication and edge intelligence contexts, various studies have provided
valuable insights and proposed several methodologies. In this section, we
provide a comprehensive review of these studies and their contributions
to the field:

• Survey Articles: Several comprehensive surveys, including articles
such as [5, 26, 27, 62], provide valuable overviews of the landscape
of deploying deep learning architectures in wireless communication
and edge intelligence scenarios. These surveys provide a broad sum-
mary of existing research and identify key trends and challenges.

• Model Compression Techniques: In order to perform CNN execu-
tion in a single RCD without any need for powerful devices, model
compression techniques have emerged as viable strategies. Han et
al. pioneer a comprehensive approach in [8], incorporating pruning,
trained quantization, and Huffman coding. This technique signifi-
cantly reduces the size of the neural network models, alleviating the
computational demands of complex models. However, a critical con-
sideration here is the trade-off between model size reduction and ac-
curacy preservation. Knowledge distillation, proposed by Hinton et
al. [63], provides an alternative way, allowing the transfer of knowl-
edge from a larger teacher model to a smaller student model. De-
spite these advancements, the compressed models suffer from accu-
racy loss compared to the entire CNN model and require separate
training before the inference phase.

• Early Exit Mechanisms: Early exit mechanisms have gained consid-
erable attention as a means to enhance the efficiency of CNN infer-
ence by skipping the unnecessary model computations by exiting
the model in an earlier point. Teerapittayanon et al. introduce the
concept of early exiting in BranchyNet [64], allowing models to ter-
minate early when confident predictions are made. This adaptive
inference approach accelerates the inference process, reducing com-
putational overhead. Additionally, recent research by Zniber et al.
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proposes a dynamic early exit mechanism that adapts the exit strat-
egy based on the complexity of input instances [65]. This dynamic
approach aims to find an optimal trade-off point between compu-
tational efficiency and model accuracy in different scenarios. How-
ever, the challenge persists in determining optimal exit points, es-
pecially in collaborative settings where devices may have heteroge-
neous computing capabilities and encounter different input data sizes.

• Layer-Based DNN Partitioning: To preserve accuracy and deploy a
unique CNN model for all types of RCDs, DNN partitioning emerges
as a promising approach. The article [31] introduces NeuroSurgeon,
which employs a layer-based DNN partitioning strategy with a sin-
gle cutting point. In this approach, DNN operations are executed
locally on a single RCD up to a specific layer, with the output of
that layer offloaded to the cloud for subsequent layer operations.
However, the study [32] argues that cutting the model from a single
point might not be the most efficient strategy and presents JointDNN,
which explores the model layer by layer, operating some layers in
a single RCD and others in the cloud, incorporating multiple cut-
ting points for improved efficiency. The authors of [33] expand on
these concepts by introducing DDNN, a distributed DNN architec-
ture that partitions the model among multiple RCDs, edge servers,
and the cloud server. While these approaches address certain chal-
lenges, they still rely heavily on the cloud server for offloading DNN
operations, which can result in a centralized system. Moreover, the
issue of handling large input data sizes still remains a concern.

• Collaborative Local Computing: As a pioneering approach in col-
laborative computing across multiple RCDs, Mao et al. propose the
concept called MoDNN [36] and MeDNN [66], both locally distributed
mobile device computing systems designed to minimize latency. In
these scenarios, each participating device sends the output of each
layer operation (intermediate data) to a master device hosting the
DL-driven application. The master device then distributes the in-
put data for the next layer operation to each device. While reduc-
ing latency, this approach introduces communication overhead. Fur-
thermore, these approaches primarily focus on optimizing workload
distribution among devices while fixing other communication and
computation parameters, potentially leaving room for further opti-
mization. To achieve truly efficient execution, it becomes crucial to
jointly optimize workload distribution together with communication
and computation parameters.
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• Fused Tile Partitioning (FTP): In [37], Zhao et al. introduce the con-
cept called DeepThings, which utilizes a Fused Tile Partitioning (FTP)
method. Unlike partitioning DNN models layer by layer, FTP verti-
cally partitions the model in a grid fashion. This strategy reduces the
memory footprint of RCDs and enables independent distribution of
computation tasks. However, DeepThings still relies on a centralized
gateway device to facilitate operations between edge devices. Addi-
tionally, the workload distribution approach in DeepThings consid-
ers a homogeneous scenario where the computing capabilities of the
participating devices are assumed to be equal. It does not account for
the heterogeneous computing capabilities or different network con-
ditions between the data owner and participating devices, which are
the factors that are essential to consider for efficient execution.

As we go deeper into this research, it becomes clear that addressing the
challenges of handling large input data sizes, centralization concerns, and
the heterogeneous computing capabilities of devices and network condi-
tions is crucial for advancing the field of collaborative computing in edge
intelligence environments. In this thesis, our approaches are designed to
be utilized in scenarios involving collaborative CNN inference across mul-
tiple low computing capability devices within latency-critical applications.
These approaches are designed to address situations where powerful edge
or cloud server resources are absent. The subsequent chapters of this the-
sis will build upon these insights to develop efficient and adaptable ap-
proaches for collaborative CNN inference in resource-constrained scenar-
ios.

1.5 List of Publications

Below is a list of publications corresponding to the studies in this thesis:

• Chapter 3: A Fine-Grained Data Parallelism Approach for Wireless
Collaborative Fog Computing
E. Kilcioglu, H. Mirghasemi, I. Stupia and L. Vandendorpe, "An Energy-
Efficient Fine-Grained Deep Neural Network Partitioning Scheme for Wire-
less Collaborative Fog Computing," IEEE Access, vol. 9, pp. 79611-79627,
2021, doi: 10.1109/ACCESS.2021.3084689.

In this journal paper, we present a scheme for partitioning DNNs
in a manner that is energy-efficient and suitable for wireless collabo-
rative fog computing systems. This scheme takes into account both
layer-based partitioning and the approach of data parallelism.
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• Chapter 4: A Collaborative On-Device CNN Inference Scheme Con-
sidering Model Parallelism
E. Kilcioglu, I. Stupia and L. Vandendorpe, "A Collaborative On-Device
CNN Execution Considering Model Parallelism for Latency-Critical Appli-
cations," 2023 IEEE 34th Annual International Symposium on Personal,
Indoor and Mobile Radio Communications (PIMRC), Toronto, ON, Canada,
2023, pp. 1-7, doi: 10.1109/PIMRC56721.2023.10293767.

This conference paper presents a method for on-device execution ar-
chitecture of CNNs using collaborative model parallelism.

• Chapter 5: A Relay-Assisted Hybrid Parallelism Architecture for
Collaborative On-Device CNN Inference
E. Kilcioglu, I. Stupia and L. Vandendorpe, "A Relay-Assisted Communi-
cation Scheme for Collaborative On-Device CNN Execution Considering
Hybrid Parallelism," IEEE Access, vol. 11, pp. 99397-99412, 2023, doi:
10.1109/ACCESS.2023.3314381.

This research paper investigates an on-device CNN inference method
using relay assistance and collaborative strategies, emphasizing the
optimization of latency-critical deep learning applications through a
hybrid parallelism approach that incorporates both data and model
parallelism techniques.

• Chapter 6: Interference-Aware Relay-Assisted Collaborative CNN
Inference with Hybrid Parallelism
E. Kilcioglu, I. Stupia and L. Vandendorpe, "Interference-Aware Optimiza-
tion of Energy-Efficient Relay-Assisted Collaborative CNN Execution," Pre-
sented in 2023 IEEE Virtual Conference on Communications (VCC), pp.
1-6, 2023.

In this conference paper, we propose a collaborative CNN inference
framework that incorporates hybrid parallelism, combining data and
model parallelism, to achieve interference-aware and energy-efficient
relay assistance with a predefined signal-to-interference-noise ratio
(SINR) target.

These publications represent the research conducted in this thesis, address-
ing various aspects of collaborative CNN inference in resource-constrained
scenarios.
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1.6 Main Contributions

In this section, we outline the main contributions of this thesis, which en-
compass four distinct studies. Each study explores innovative approaches
to optimize collaborative CNN inference in resource-constrained scenar-
ios, employing various forms of parallelism and communication strategies.
The main contributions include:

• Efficient Collaborative Inference: The introduction of multiple in-
novative schemes for collaborative CNN inference, effectively utiliz-
ing the computing resources of RCDs without relying on powerful
servers.

• Parallelism Strategies: Exploration and application of various paral-
lelism strategies, including data parallelism, model parallelism, and
hybrid parallelism, tailored to specific scenarios for improved energy
efficiency and reduced communication overhead.

• Joint Optimization: The development of joint optimization frame-
works that consider communication, computation, and workload dis-
tribution parameters, offering a holistic approach to energy consump-
tion minimization.

• Cloud-independent Architectures: We propose cloud-independent
system architectures that leverage the computing resources of partic-
ipating devices. This approach promotes scalability and reliability,
even in challenging deployment scenarios where the connectivity of
powerful edge or cloud servers is weak.

• Convex Optimization Solutions: At the end of each study in each
chapter, we formulate a convex optimization problem with analyti-
cal solutions included by using the primal-dual decomposition tech-
nique [67]. These analytical solutions offer practical and scalable
means of achieving optimal parameter settings in resource-constrained
collaborative CNN inference.

• Interference-Aware Approach: Specific to the fourth study in Chap-
ter 6, addressing interference challenges and exploring solutions to
improve the robustness of collaborative inference in scenarios with
potential interference.

These contributions collectively advance the state of collaborative CNN
inference, offering efficient and scalable solutions for resource-constrained
environments. Our research provides valuable insights into optimizing
the deployment of collaborative CNN architectures by leveraging the wire-
less communications and edge intelligence contexts. Our approaches are
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validated with realistic simulation parameters derived from real measure-
ments of a practical computation. As seen and proven from the results
of Chapter 7, our collaborative CNN inference approaches are the optimal
choice in terms of energy efficiency for the scenarios where there is a strict
latency constraint and there exist multiple low computing capability de-
vices to participate the collaborative operation.

1.7 Thesis Outline

This thesis is organized into several chapters, each contributing to a com-
prehensive exploration of different collaborative on-device CNN inference
scenarios.

In Chapter 2, we provide a fundamental understanding of CNNs, a crucial
component of deep learning. The chapter’s content serves as the foun-
dation for the subsequent chapters, which explore collaborative on-device
CNN inference.

Chapter 3 is dedicated to the first study, titled "A Fine-Grained Data Par-
allelism Approach for Wireless Collaborative Fog Computing". Here, we
discuss a data parallelism approach, where the input data is partitioned
across multiple RCDs, each executing the same CNN model with their par-
tial input data. This approach is effective in scenarios with large input data
sizes and low CNN model complexity but may face challenges with high
model complexity.

In Chapter 4, titled "A Collaborative On-Device CNN Inference Scheme
Considering Model Parallelism", we propose a model parallelism approach
for collaborative CNN inference in scenarios with small input data sizes
and high model complexity. The study explores partitioning the model
across multiple RCDs, with each RCD performing its partial models with
the entire input data. However, this approach suffers in the case of large
input data sizes.

Chapter 5 brings us to the third study, titled "A Relay-Assisted Hybrid Par-
allelism Architecture for Collaborative On-Device CNN Inference". This
chapter proposes a hybrid parallelism approach, the combination of both
data and model parallelism, to overcome the challenges of both approaches
for some specific scenarios. A relay-assisted communication scheme is con-
sidered to reduce the communication overhead between the data owner
device and other participating RCDs. The missing part of this study is the
consideration of interference between RCDs and relays.
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In Chapter 6, we extend the relay-assisted hybrid parallelism approach
from Chapter 5 with an interference-aware paradigm. The study inves-
tigates how interference among devices impacts energy consumption, ex-
ploring the role of predefined SINR targets in shaping the trade-off be-
tween communication and computation and conducting a comprehensive
performance analysis.

In Chapter 7, we design new communication and computation models for
a potential practical deployment and test the feasibility of our parallelism
strategies with real-world simulation parameters. At the end, we identify
potential scenarios where our collaborative approaches could shine and
other scenarios where individual non-collaborative CNN model execution
is more appropriate.

Finally, the thesis is concluded in Chapter 8, providing a brief summary of
the key findings and contributions made in the exploration of collaborative
on-device CNN inference scenarios. Possible future directions after this
research are also given in this chapter.





17

Chapter 2

Overview on Convolutional
Neural Networks (CNNs)

In recent years, deep learning has become a big deal in various fields of
technology, with neural networks serving as the cornerstone of intelligent
algorithms. Different types of neural networks exist such as convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and multi-
layer perceptrons (MLPs). Among them, CNNs have been a game-changer
in the field of image analysis and have found widespread applications in
various domains, including image classification, object detection, and im-
age generation. One of the key strengths of CNNs lies in their ability to
efficiently detect and recognize patterns present in input images, includ-
ing features like lines, shapes, gradients, and even complex objects like
eyes and faces. This chapter serves as a foundation for understanding the
principles and mechanisms behind CNNs, setting the stage for subsequent
chapters.

A CNN, or ConvNet, is a specialized class of neural networks designed for
processing data with a grid-like topology, such as images. Digital images,
representing visual data, consist of pixels arranged in a grid, each assigned
a specific brightness and color value (Fig. 2.1). Inspired by the human
visual system, which processes information through receptive fields, CNN
neurons similarly analyze data within their own receptive fields. These
networks efficiently detect patterns, ranging from basic features like lines
and shapes to more complex objects like eyes and faces.
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FIGURE 2.1: Representation of image as pixels [68]

FIGURE 2.2: CNN Architecture [69]

2.1 Architecture of CNNs

CNNs are composed of multiple sequential convolutional and pooling lay-
ers and a single fully connected layer at the end (Fig. 2.2).

2.1.1 Convolutional Layers

Convolutional layers represent the fundamental building blocks of CNNs,
carrying the primary computational load. These layers consist of multiple
learnable filters or kernels, which perform convolution operations on a re-
stricted portion of the input data. Convolutional layers are responsible for
feature extraction, enabling the network to recognize patterns, edges, and
textures within the data.
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There are three hyperparameters affecting the output data size of each con-
volutional layer, including:

• Number of filters determines the number of pages in the output data.
For instance, 16 filters correspond to a 16-page 3D output data.

• Stride defines the distance, or number of pixels, that the kernel tra-
verses over the input matrix. A larger stride results in a smaller out-
put.

• Zero-padding is applied when the filters do not align with the input
data. Two types of padding exist:

– Valid padding: Also known as no padding, it reduces the con-
volved output data dimensionality compared to the input data.

– Same padding: This padding ensures equal data sizes between
the input and output data of a convolutional layer by adding
zeros to the outside of the input data.

Following each convolution operation, a Rectified Linear Unit (ReLU) trans-
formation is applied to the output data, introducing nonlinearity to the
model.

2.1.2 Pooling Layers

Pooling layers play a crucial role in downsampling the spatial dimensions
of the output data produced by convolutional layers. Common pooling
techniques include max-pooling and average-pooling, where the maximum
or average value in each patch of the input data is selected, respectively.
This downsampling operation helps in managing computational complex-
ity while retaining essential information. Fig. 2.3 provides an example
scenario illustrating the pooling process.

2.1.3 Fully Connected Layers

The final layer of the CNN is tasked with classification based on features
extracted from preceding layers and their diverse filters. While convolu-
tional and pooling layers typically employ ReLU functions, fully connected
layers commonly leverage a softmax activation function. This function as-
signs probabilities ranging from 0 to 1, facilitating accurate classification of
inputs.
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FIGURE 2.3: Pooling layer operation example [69]

FIGURE 2.4: The layer-pack n operation of a CNN model

2.2 CNN Model Under Consideration

The CNN model under consideration in this thesis follows a typical archi-
tecture consisting of multiple pairs of convolutional and pooling layers,
with a fully connected layer at the end. Throughout this thesis, we refer to
each paired convolutional and pooling layers as a single "layer-pack". Fig.
2.4 illustrates a layer-pack n operation where dch

n represents the number
of filters in convolutional or pooling layer n, iconv

n and oconv
n are the input

and output data of convolutional layer n, respectively and opool
n denotes

the output data of pooling layer n. The 2D input data that undergoes pro-
cessing within the CNN model is referred to as iconv

1 and has dimensions
of drow × dcol. To understand the relationship between the input and out-
put of convolutional layer n, we turn to the fundamental properties of the
convolution operation, which is mathematically defined as follows:

oconv
n (:, :, θ) = f conv

θn
∗ iconv

n (:, :, 1) + f conv
θn

∗ iconv
n (:, :, 2)

+ ... + f conv
θn

∗ iconv
n (:, :, dch

n−1)
(2.1)
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where n ∈ [NLAY] is the layer-pack index, NLAY is the number of layer-
packs in the CNN model, θ ∈ [dch

n ] is the page or third dimension index of
the 3D output data oconv

n , and f conv
θn

signifies the θth filter of convolutional
layer n. In our model, a filter size of 3 × 3 is selected for each filter f conv

θn
due to its widespread utilization in CNN implementations. Due to the
distributivity property of convolution, (2.1) is identical to

oconv
n (:, :, θ) = f conv

θn
∗

dch
n−1

∑
ϕ=1

iconv
n (:, :, ϕ)

 (2.2)

This equation reveals that the summation of all pages of iconv
n is convolved

with each filter in convolutional layer n to obtain each page of oconv
n . In the

specific case of n = 1, where dch
0 = 1 is assigned due to the initial input

data iconv
1 being two-dimensional. Same padding is applied to the input

data as a zero-padding technique to ensure equal data sizes between the
input and output data of a convolutional layer.

The output of each convolutional layer passes through a maximum-pooling
layer such that we have opool

n (:, :, θ) = MP (oconv
n (:, :, θ)) where MP() is the

maximum-pooling operator. In this thesis, a 2 × 2 filter size is used for
maximum-pooling filters to halve the data size after each pooling layer.

This detailed explanation provides a clear understanding of the CNN model
architecture used in this thesis. It highlights the key operations, such as
convolution and pooling, as well as the dimensions of input and output
data at different stages of processing. This model forms the basis for the
subsequent studies presented in the following chapters.
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Chapter 3

A Fine-Grained Data
Parallelism Approach for
Wireless Collaborative Fog
Computing

In this chapter, we introduce an energy-efficient fine-grained DNN parti-
tioning scheme designed for wireless collaborative fog computing systems,
considering both layer-based partitioning and data parallelism approach.
While our study is centered around CNNs, the approach can be adapted to
other DNN models with minimal adjustments to mathematical modeling.

In our proposed model, the execution of each layer operation adopts a col-
laborative approach that efficiently partitions the workload among multi-
ple RCDs. This collaborative process initiates with one RCD, designated
as the master device, receiving a 2D input data sample. Subsequently, the
other participating devices assume the role of slaves. The master device
horizontally divides the 2D input data sample into slices and optimally al-
locates these slices among all participating RCDs, including itself. This
stage is referred to as the first round distribution (FRD). Following the
FRD, RCDs perform their local computation for each layer by using their
assigned partial input data. After each layer operation, RCDs exchange
boundary rows of the 2D output data with their neighboring RCDs, re-
sponsible for adjacent slices above and below, facilitating subsequent layer
operations. This iterative process continues until all collaborative layer
operations are successfully executed. Key points and contributions of this
study can be listed as
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• Collaborative Fog Computing Scheme with Data Parallelism: We
propose a collaborative fog computing scheme that leverages a fine-
grained data parallelism approach specifically tailored for deep learn-
ing applications.

• Efficient Communication Management: Our approach significantly
reduces communication overhead between RCDs. Communication
is optimized to minimize data transfer between devices, especially
focusing on the efficient exchange of boundary rows during layer
operations.

• Joint Optimization: Instead of focusing solely on workload distri-
bution optimization while keeping other dynamic parameters fixed,
we take a holistic approach by jointly optimizing communication pa-
rameters, computation resources, and workload distribution. This
comprehensive optimization strategy enhances the overall system ef-
ficiency.

• Server-Independent Architecture: Our system is designed to utilize
the computing resources of participating RCDs without relying on
powerful central servers. This architecture promotes scalability and
resource efficiency.

• Convex Optimization Framework: To achieve optimal parameter
settings, we formulate the problem as a convex optimization prob-
lem. We employ analytical solutions through primal-dual decompo-
sition [67] and Lagrange duality theory, with validation against the
CVX software of MATLAB [70]. This procedure provides practical
and scalable problem-solving.

3.1 CNN Model

In this section, we describe the CNN model used in this study, which fol-
lows the same architecture as discussed in Chapter 2. However, in this
model, we make the assumption that each convolutional layer contains a
single filter. Figure 3.1 visually represents this CNN model, where NLAY

represents the number of layers operated collaboratively within multiple
RCDs.

For each dimension of the data, we can define the relationship between the
input and output sizes of a single layer in each RCD as follows:

oconv
n,k =

⌊
iconv
n,k − f conv

n + 2 ZPn

sconv
n

⌋
+ 1 (3.1)
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FIGURE 3.1: CNN model of the study in Chapter 3

and

opool
n,k =

 oconv
n,k − f pool

n

spool
n

+ 1 (3.2)

Here, {n, k} corresponds to the indices for layer-pack and RCD, respec-
tively, iconv

n,k and oconv
n,k represent the input and output data sizes of convo-

lutional layer n, while opool
n,k denotes the output data size of pooling layer

n. Further, f conv
n and f pool

n are the filter sizes of convolutional layer n and
pooling layer n, respectively. ZPn represents the zero-padding setting pa-
rameter of convolutional layer n, and sconv

n and spool
n are the stride setting

parameters of convolutional layer n and pooling layer n, respectively.

In this study, we employ 3 × 3 filters for convolutional layers ( f conv
n = 3)

with a unit stride (sconv
n = 1), and we apply zero-padding (ZPn = ( f conv

n −
1)/2) to ensure equal input and output data sizes for each convolutional
layer. For pooling layers, we use 2 × 2 filter sizes ( f pool

n = 2) with a stride
of two (spool

n = 2), resulting in both the number of rows and columns being
halved from their initial values, while the total dimension of the 2D output
data becomes a quarter of its initial value.

Under these parameter settings, we can simplify the relationships as fol-
lows:

oconv
n,k = iconv

n,k (3.3)

and

opool
n,k =

⌊
oconv

n,k

2

⌋
=

⌊
iconv
n,k

2

⌋
(3.4)

Here, ⌊x⌋ represents the floor function, yielding the greatest integer less
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than or equal to the value of x. These definitions provide clarity on the
relationships between input and output sizes within a single RCD in our
CNN model.

3.2 System Model

In this section, we outline the system model for our study, which involves a
set of K active single-antenna RCDs and an access point/base station con-
nected to the cloud. The cloud resources are primarily used for the initial
training of the CNN model. Once trained, the system operates among the
multiple RCDs without the constant presence of the cloud server. Each
RCD hosts an identical CNN model.

The key elements and operations within our proposed scenario, depicted
in Fig. 3.2, are as follows:

1. Cloud-Based CNN Training: Initially, the CNN model is trained in
the cloud using offline datasets. It is essential to note that in this
study, our focus is on energy consumption during the inference phase.
Typically, training is performed offline on powerful cloud servers,
which is the common idea in the literature [34]. Given the latency
constraints of our scenario, optimizing training within a limited time
frame is not optimal since the training needs to be performed as full
power as possible in order not to lose accuracy.

2. Model Offloading: The trained model weights w are offloaded to the
RCDs.

3. Master-Slave RCD Architecture: When RCD k receives a 2D input
data sample d, with dimensions drow rows and dcol columns, it be-
comes the master device, while other participating RCDs take on the
role of slaves. We ensure that each RCD is allocated to specific time
frames to act as the master device, preventing collisions when multi-
ple RCDs have 2D input data samples to be processed with collabo-
rative CNN inference.

4. First Round Distribution (FRD): The master device horizontally di-
vides the 2D input data sample into slices and optimally allocates
them among all participating RCDs, taking into account their het-
erogeneous computing capabilities and different network conditions.
Following the allocation, the master device sends partial input data
to each RCD, along with an additional boundary row from its neigh-
boring RCD, as shown in Fig. 3.3. This operation is referred to as
the first round distribution (FRD). Here, it is essential to note that the
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FIGURE 3.2: Illustration of the system model for the study
in Chapter 3

placement of each RCD on the input data is determined by the mas-
ter device before the operation begins. This ensures that every RCD
is aware of its neighboring RCDs throughout the operation. Given
the single-antenna nature of all RCDs, data transmission occurs in
predefined time frames to avoid conflicts.

5. Collaborative Local Computation: Each RCD initiates its local com-
putation after all RCDs receive their partial input data, ensuring syn-
chronization for each layer operation.

6. Max-Pooling and Data Exchange: Following a single convolutional
layer operation in each RCD, if max-pooling is applied to all bits,
the boundary rows of the output data are transmitted to neighboring
RCDs for subsequent layer operations. If a boundary row cannot un-
dergo max-pooling due to a lack of other parts of the output data, it
remains unchanged without any max-pooling. This situation is de-
picted in Fig. 3.3 between RCDs 2 and 3, where both lack the partial
data needed for max-pooling.

7. Iterative Process: The process continues until the last layer operation
in the CNN model. Eventually, the output data is sent back to the
master device by each participating slave RCD.
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During the FRD stage, the overall energy consumption of collaborative
CNN inference is impacted by a variety of factors, including the communi-
cation and computation parameters of each participating RCD. The master
device plays a critical role in this process, as it carefully considers these
factors to minimize the overall energy consumption of the system. It opti-
mally distributes the rows of the input data among all participating RCDs,
taking into account their varying computing capabilities and network con-
ditions.

In addition to data distribution, another critical aspect addressed during
FRD is the handling of intermediate boundary rows that do not undergo
the max-pooling process. These boundary rows, excluded from max-pooling,
require thoughtful assignment to neighboring RCDs for subsequent layer
operations. A specific example of this scenario is illustrated between RCDs
2 and 3 in Fig. 3.3. In this case, the boundary rows without max-pooling
in RCD 2 and RCD 3 collectively form the input data for the next layer.
Thus, a critical decision arises regarding whether this resulting row should
be operated on by RCD 2 or RCD 3.

This decision-making process inherently involves a trade-off between com-
munication and computation. Specifically, if the undetermined row is op-
erated in RCD 2, it necessitates that RCD 3 transmits its boundary row
without max-pooling, along with the next set of additional max-pooled
data to RCD 2. This approach, while efficient in terms of computation,
incurs a cost in terms of communication overhead for RCD 3. In this
study, for the sake of simplifying the optimization problem and ensuring
tractability, we assume that, in such scenarios, the upper neighboring RCD
always takes on the responsibility of operating the undetermined row for
subsequent layer operations. This assumption, despite simplifying the de-
cision process during FRD, has a minimal impact on the overall optimiza-
tion problem, given that it revolves around only a single-row operation.
As can be understood from the explanations in Fig. 3.3, the undetermined
row is assigned to RCD 2, which serves as the upper neighbor of RCD 3.

3.3 Energy Consumption Modeling

In the context of collaborative CNN inference, understanding and model-
ing energy consumption is paramount to optimizing the system’s perfor-
mance. This section delves deep into the energy consumption modeling,
providing insights into the critical components that influence the overall
effectiveness of the collaborative CNN inference framework. The energy
consumption comprises the one-time first round distribution stage from
the master device to the other participating slave devices and multiple
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sequential collaborative local computation and exchange communication
stages for all layer-pack operations.

3.3.1 First Round Distribution (FRD)

During the initial stage of collaborative computation, all rows in the input
data must be allocated to the participating RCDs. This allocation is subject
to the following constraint:

K

∑
k=1

drow
1,k = drow (3.5)

Here, drow
n,k represents the number of rows for which RCD k is responsible

during layer-pack n operation. The master device, denoted as k̃, transmits
slices of the input data to K − 1 slave RCDs at the achievable data rate

rFRD
k = B ln

(
1 +

pFRD
k hFRD

k
BN0

)
(3.6)

where pFRD
k is the RF transmit power of the master device when sending

the input data slice to RCD k, hFRD
k is the channel gain between the master

device and RCD k, B is the communication bandwidth between the devices
and N0 is the noise power density. The energy consumption to transmit the
data slice to RCD k is calculated as

EFRD
k = tFRD

k (pFRD
k + Pc

k̃
) (3.7)

where Pc
k signifies the constant power consumption of the communication

circuitry of RCD k and tFRD
k represents the time required to transmit the

input data slice to RCD k.

Two constraints are associated with this stage. First, the transmission rate
cannot exceed the achievable data rate, leading to

dFRD
k ≤ tFRD

k rFRD
k (3.8)

where the number of bits dFRD
k sent to RCD k by the master device k̃ during

FRD is defined as

dFRD
k =

{
dcol(drow

1,k + 1) for top & bottom RCDs
dcol(drow

1,k + 2) for other RCDs

= dcol(drow
1,k + 1 + Ia

1,k Ib
1,k)

(3.9)
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Here, I{a,b}
n,k are binary indicators; equal to 1 if RCD k has a neighbor above

or below, respectively, after layer-pack n operation, or 0 otherwise. The
constraint in (3.8) can thus be expressed as

dcol(drow
1,k + 1 + Ia

1,k Ib
1,k) ≤ tFRD

k rFRD
k (3.10)

Second, the RF transmit power should be, at most, the maximum RF power
allowed for each RCD.

pFRD
k ≤ pmax

k̃
(3.11)

where pmax
k is the maximum RF transmit power of RCD k.

3.3.2 Collaborative Local Computation

Following the FRD, all participating RCDs execute layer operations using
their allocated partial input data. Convolutional layers dominate the en-
ergy consumption in CNNs, even though fully connected layers are more
memory-intensive [36,66,71]. As the considered CNN model has only one
fully connected layer positioned at the end of the model, which results in
a considerably smaller input data dimension for this layer, the energy con-
sumption associated with this single fully connected layer is minimal com-
pared to the energy consumption of multiple convolutional layers in the
model. Therefore, the proposed scheme primarily focuses on the energy
consumption of convolutional layers.

The convolution operation in convolutional layers is decomposed into lots
of multiply-accumulate (MAC) operations [71, 72]. Each MAC operation
involves taking one element from the filter and one from the shaded in-
put map, i.e., the portion of the 2D input data that the filter is applied to,
multiplying them, and accumulating the result to the previous sum. For
example, a single element-wise dot product of two 3 × 3 matrices entails 9
MAC operations.

To determine the energy consumption of local computation per layer for a
single RCD, we need to calculate the number of CPU cycles required. For
this purpose, we first calculate the number of MAC operations needed for
this computation and then multiply it by ck, which represents the number
of CPU cycles needed for a single MAC operation in RCD k. Considering
the properties of the convolution operation, the number of MACs NMAC

n,k
performed by RCD k in layer-pack n operation can be expressed as

NMAC
n,k = ( f conv

n )2dcol
n drow

n,k = 9dcol
n drow

n,k (3.12)
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where dcol
n is the number of columns in the 2D input data at the begin-

ning of layer-pack n operation and dcol
n = ⌊dcol

1 /2n−1⌋. The energy con-
sumption of layer-pack n operation in RCD k under the low CPU voltage
assumption [73–76] is given by

ELOC
n,k =

κkc3
k(NMAC

n,k )3

(tLOC
n,k )2

=
36κkc3

k(d
col
n )3(drow

n,k )3

(tLOC
n,k )2

(3.13)

where κk is the effective capacitance coefficient depending on the hardware
architecture and tLOC

n,k is the local computation time allocated to layer-pack
n operation for RCD k. Within this stage, the following constraint is im-
posed:

ck NMAC
n,k = 9ckdcol

n drow
n,k ≤ tLOC

n,k νmax
k (3.14)

which signifies the existence of a maximum CPU frequency, denoted as
νmax

k , for each RCD, ensuring that their CPUs do not exceed this value.

3.3.3 Exchange Communication

After convolutional layer operations, the distribution of the input data
leads to various scenarios. In the example scenario depicted in Fig. 3.3,
the following scenarios arise:

• If an RCD has a neighbor below:

– If the row number index of the boundary row ends with an
even number, the maximum-pooled boundary row is sent to the
neighbor below (dcol

n /2 bits). This is the case for RCD 1 in Fig.
3.3.

– If the row number index of the boundary row ends with an odd
number, the row that cannot be max-pooled due to the lack of an
adjacent row is sent without max-pooling to the neighbor below
(dcol

n bits). This is the case for RCD 2 in Fig. 3.3.

• If an RCD has a neighbor above:

– If the row number index of the boundary row starts with an
odd number, the maximum-pooled boundary row is sent to the
neighbor above (dcol

n /2 bits). This is the case for RCD 2 in Fig.
3.3.

– If the row number index of the boundary row starts with an
even number, the row that cannot be max-pooled due to the lack
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of an adjacent row and the previous max-pooled row are sent to-
gether to the neighbor above for the next layer-pack operations
(3dcol

n /2 bits). This is the case for RCD 3 in Fig. 3.3.

As a result, there exists a relationship between drow
n,k and drow

1,k depending on
the previous starting row number index in the overall input data of a layer
and the previously distributed number of rows drow

n,k−1 assigned to RCD
k. While this relationship cannot be analytically expressed as a general
expression, it is approximated that drow

n,k = drow
1,k /2n−1. Thus, we can rewrite

(3.12), (3.13), and (3.14) as follows

NMAC
n,k =

9dcol
n

2n−1 drow
1,k (3.15)

ELOC
n,k =

36κkc3
k(d

col
n )3(drow

1,k )3

(2n−1)3(tLOC
n,k )2

(3.16)

and
9ckdcol

n
2n−1 drow

1,k ≤ tLOC
n,k νmax

k (3.17)

Additionally, it can be seen from the scenario itemized previously that each
RCD sends either dcol

n /2, dcol
n or 3dcol

n /2 number of bits to its neighbors
after each layer-pack operation. Therefore, the number of bits sent to each
neighbor after each layer-pack operation is assumed to be as dcol

n bits on
average.

After local computation, each RCD exchanges the boundary rows with its
neighbors at the achievable data rate

r
EXC{a,b}
n,k = B ln(1 +

p
EXC{a,b}
n,k h

EXC{a,b}
n,k

BN0
) (3.18)

where {a, b} index can take values either a (for the exchange communica-
tion with the neighbor above) or b (for the exchange communication with

the neighbor below). Additionally, p
EXC{a,b}
n,k and h

EXC{a,b}
n,k are the RF trans-

mit power of RCD k and the channel gain when transmitting the boundary
row of layer-pack n output data to its neighbors above and below, respec-
tively.

The energy consumption of exchanging data after layer-pack n operation
in RCD k is

E
EXC{a,b}
n,k = t

EXC{a,b}
n,k (p

EXC{a,b}
n,k + Pc

k ) (3.19)
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where t
EXC{a,b}
n,k are the allocated exchange time for RCD k to transmit the

boundary row to its neighbor above and below. Additionally, since the
number of bits sent during exchange communication cannot exceed the
number of bits that can be sent with the achievable data rate, we have

I{a,b}
n,k dcol

n ≤ t
EXC{a,b}
n,k r

EXC{a,b}
n,k (3.20)

Furthermore, each RCD is subject to a maximum transmitted power con-
straint such that

p
EXC{a,b}
n,k ≤ pmax

k (3.21)

Finally, the total energy consumption of exchange communication after
layer-pack n operation for RCD k is calculated as

EEXC
n,k = Ia

n,kEEXCa
n,k + Ib

n,kEEXCb
n,k (3.22)

3.4 Problem Formulation

In this section, we outline the problem formulation for optimizing collab-
orative CNN inference. Due to the necessity for participating RCDs to re-
ceive previous layer boundary rows from their neighbors before proceed-
ing with the next layer-pack operation, we assume that for each layer, the
total time tn spent on both local computation and exchange communica-
tion is consistent across all RCDs. This value is optimized by the master
device and serves as an upper bound for the following inequality:

tLOC
n,k + Ia

n,ktEXCa
n,k + Ib

n,ktEXCb
n,k ≤ tn (3.23)

Additionally, we impose a latency requirement to ensure that the entire
operation is completed within a specified time frame of τ seconds, which
can be expressed mathematically as

K

∑
k=1
k ̸=k̃

tFRD
k +

NLAY

∑
n=1

tn ≤ τ (3.24)
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The final optimization problem is defined as

min.
x1

K

∑
k=1
k ̸=k̃

EFRD
k +

K

∑
k=1

NLAY

∑
n=1

(ELOC
n,k + EEXC

n,k )

s.t. (3.5), (3.10), (3.11), (3.17), (3.20), (3.21), (3.23), (3.24),

0 ≤ pFRD
k , p

EXC{a,b}
n,k ,

0 ≤ drow
1,k ≤ drow,

0 ≤ tLOC
n,k , t

EXC{a,b}
n,k ≤ tn,

0 ≤ tFRD
k ≤ τ

(3.25)

where x1 = {{tFRD
k , pFRD

k }K
k=1
k ̸=k̃

, {{p
EXC{a,b}
n,k , t

EXC{a,b}
n,k , tLOC

n,k }K
k=1}

NLAY

n=1 {tn}NLAY

n=1 ,

{drow
1,k }K

k=1} represents a set of variables involved in the optimization pro-
cess, including time, data distribution and RF transmit power values.

3.5 Problem Solution

In this section, we address the solution to the optimization problem out-
lined in (3.25). Notably, this problem is non-convex due to the presence
of communication energy expressions. For this purpose, we employ a
convexification approach by introducing two new parameters: EFRDRF

k =

pFRD
k tFRD

k and E
EXCRF{a,b}
n,k = t

EXC{a,b}
n,k p

EXC{a,b}
n,k . These parameters represent

the RF energy consumed during the first round distribution and exchange
communication, respectively. Accordingly, we modify the expressions in
(3.6), (3.7), (3.11), (3.18), (3.19), and (3.21) as follows:

rFRD
k = B ln(1 +

(EFRDRF
k /tFRD

k )hFRD
k

BN0
) (3.26)

EFRD
k = EFRDRF

k + tFRD
k Pc

k̃
(3.27)

EFRDRF
k ≤ tFRD

k pmax
k̃

(3.28)

r
EXC{a,b}
n,k = B ln(1 +

(E
EXCRF{a,b}
n,k /t

EXC{a,b}
n,k )h

EXC{a,b}
n,k

BN0
) (3.29)
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E
EXC{a,b}
n,k = E

EXCRF{a,b}
n,k + t

EXC{a,b}
n,k Pc

k (3.30)

and

E
EXCRF{a,b}
n,k ≤ t

EXC{a,b}
n,k pmax

k (3.31)

By introducing these new parameters, we convert the non-convex problem
into a convex optimization problem, which can be more readily solved us-
ing optimization techniques. This modification allows us to optimize the
energy consumption of collaborative CNN inference efficiently. The final
convex optimization problem can be expressed as follows:

min.
x2

K

∑
k=1
k ̸=k̃

EFRD
k +

K

∑
k=1

NLAY

∑
n=1

(ELOC
n,k + EEXC

n,k )

s.t. (3.5), (3.10), (3.17), (3.20), (3.23), (3.24), (3.28), (3.31),

0 ≤ EFRDRF
k , E

EXCRF{a,b}
n,k ,

0 ≤ drow
1,k ≤ drow,

0 ≤ tLOC
n,k , t

EXC{a,b}
n,k ≤ tn,

0 ≤ tn, tFRD
k ≤ τ

(3.32)

where x2 = {{tFRD
k , EFRDRF

k }K
k=1
k ̸=k̃

, {{E
EXCRF{a,b}
n,k , t

EXC{a,b}
n,k , tLOC

n,k }K
k=1}

NLAY

n=1 ,

{tn}NLAY

n=1 , {drow
1,k }K

k=1}.

The problem can be easily solved via convex optimization techniques. How-
ever, to facilitate the solution of this problem and gain analytical insights
into each optimizing parameter, a decomposition approach is employed.
This approach, inspired by the primal-dual decomposition method [67],
divides the problem into two distinct sub-problems: an external master
primal problem and an internal sub-problem executed at each slave device
for each layer-pack operation.

The external problem focuses on optimizing parameters like the time dura-
tion tn for each layer-pack operation, the allocation of rows drow

1,k to RCD k,
and the communication parameters for the first round distribution, namely
tFRD
k and EFRDRF

k . On the other hand, the internal sub-problem is designed
to optimize local computation and exchange communication parameters

individually for each RCD. These parameters include tLOC
n,k , t

EXC{a,b}
n,k , and
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E
EXCRF{a,b}
n,k , given the values of tn and drow

1,k .

The internal optimization problem is represented as

(EPL
n,k(tn, drow

1,k ))∗ = min.
x3

ELOC
n,k + EEXC

n,k

s.t. (3.17), (3.20), (3.23), (3.31),

0 ≤ E
EXCRF{a,b}
n,k ,

0 ≤ tLOC
n,k , t

EXC{a,b}
n,k ≤ tn

(3.33)

where x3 = {tLOC
n,k , t

EXC{a,b}
n,k , E

EXCRF{a,b}
n,k }. The objective is to minimize the

total energy consumption, which is the sum of local computation and ex-
change communication energy during layer-pack n operation for RCD k,
subject to specific constraints related to energy, time, and communication
parameters, given the time duration tn and the input data distribution drow

1,k .

The external optimization problem is expressed as

min.
x4

K

∑
k=1
k ̸=k̃

EFRD
k +

K

∑
k=1

NLAY

∑
n=1

(EPL
n,k(tn, drow

1,k ))∗

s.t. (3.5), (3.10), (3.24), (3.28),

0 ≤ EFRDRF
k ,

0 ≤ tn, tFRD
k ≤ τ,

0 ≤ drow
1,k ≤ drow

(3.34)

where x4 = {{tn}NLAY

n=1 , {drow
1,k }K

k=1, {tFRD
k , EFRDRF

k }K
k=1
k ̸=k̃

}. The goal is to mini-

mize the overall energy consumption of all RCDs and layer-packs, consid-
ering the solutions obtained from the internal sub-problems.

By iteratively solving these sub-problems using the primal-dual decompo-
sition approach, the overall problem can be effectively solved, as demon-
strated in the corresponding section of the article [67]. The iterative con-
vergence algorithm is outlined in detail in Algorithm 1.

3.5.1 Solution of Internal Optimization Problem

In this section, we present a comprehensive solution to the internal opti-
mization problem introduced earlier. The detailed steps for solving this
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Algorithm 1 Iterative convergence algorithm

1: Initialize the parameters drow
1,k and tn.

2: Given the parameters drow
1,k and tn, solve the convex internal optimiza-

tion problem (3.33) for the parameters tLOC
n,k , t

EXC{a,b}
n,k , E

EXCRF{a,b}
n,k .

3: By using (EPL
n,k(tn, drow

1,k ))∗, solve the convex external optimization prob-

lem (3.34) for the parameters tn, drow
1,k , tFRD

k , EFRDRF
k .

4: By using the parameters drow
1,k and tn found in item 3, repeat the process

from item 2 until convergence is reached and the results do not change
anymore.

problem can be found in Appendix A.

For the parameter tLOC
n,k , the optimal solution is as follows:

(tLOC
n,k )∗ =


mn,k
νmax

k
βn,k ≥ 2κk(ν

max
k )3

mn,k

(
2κk
βn,k

)1/3 2κk(mn,k)
3

(tn)3 < βn,k < 2κk(ν
max
k )3

tn βn,k ≤
2κk(mn,k)

3

(tn)3

(3.35)

This equation provides the optimal values of tLOC
n,k based on different con-

ditions involving the Lagrange multiplier βn,k associated with (3.23) and
other problem parameters.

For the parameters pEXCb
n,k and tEXCb

n,k , the optimal solutions are given as fol-
lows:

(pEXCb
n,k )∗ =



0 µ 1

n,k ≤
N0

h
EXCb
n,k

B

(
µ 1

n,k −
N0

h
EXCb
n,k

)
N0

h
EXCb
n,k

< µ 1

n,k <
N0

h
EXCb
n,k

+
pmax

k
B

pmax
k

N0

h
EXCb
n,k

+
pmax

k
B ≤ µ 1

n,k

(3.36)
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and

(tEXCb
n,k )∗ =



tn µ 1

n,k ≤
N0

h
EXCb
n,k

e
dcol

n
Btn

dcol
n

B ln

 h
EXCb
n,k
N0

µ
1

n,k


N0

h
EXCb
n,k

e
dcol

n
Btn < µ 1

n,k <
N0

h
EXCb
n,k

+
pmax

k
B

dcol
n

B ln

1+
h

EXCb
n,k
BN0

pmax
k


N0

h
EXCb
n,k

+
pmax

k
B ≤ µ 1

n,k

(3.37)

These equations provide the optimal values of pEXCb
n,k and tEXCb

n,k based on

different conditions involving the Lagrange multiplier µ 1

n,k associated with
(3.20). The variable mn,k = 9ckdcol

n drow
1,k /2n−1 aggregates multiple parame-

ters into a single term for simplified notation.

3.5.2 Solution of External Optimization Problem

For the parameter tn, the optimal solution is

(tn)
∗ =



0 ϕ >
K
∑

k=1
βn,k

(0, τ) ϕ =
K
∑

k=1
βn,k

τ ϕ <
K
∑

k=1
βn,k

(3.38)

This equation provides the optimal values of tn based on different condi-
tions involving the Lagrange multiplier ϕ associated with (3.24) and other
problem parameters.

For the parameter drow
1,k , the optimal solution is

(drow
1,k )∗ =



0 ψk ≤ 0√√√√ ψk

3

(
NLAY

∑
n=1

cons 1
n,k

) 0 < ψk < 3

(
NLAY

∑
n=1

cons 1

n,k

)
(drow)2

drow ψk ≥ 3

(
NLAY

∑
n=1

cons 1

n,k

)
(drow)2

(3.39)
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where

ψk =


λ −

NLAY

∑
n=1

γ 1

n,kcons 2

n,k k = k̃

λ −
NLAY

∑
n=1

γ 1

n,kcons 2

n,k − θkdcol k ̸= k̃
(3.40)

cons 1

n,k =
36κkc3

k(d
col
n )3

(2n−1)3((tLOC
n,k )∗)2

(3.41)

cons 2

n,k =
9ckdcol

n
2n−1νmax

k
(3.42)

Here, θk and γ 1

n,k are the Lagrange multipliers associated with (3.10) and
(3.17), respectively.

For the parameters pFRD
k and tFRD

k , the optimal solutions are given as fol-
lows:

(pFRD
k )∗ =


0 θk ≤ N0

hFRD
k

B
(

θk − N0
hFRD

k

)
N0

hFRD
k

< θk <
N0

hFRD
k

+
pmax

k̃
B

pmax
k̃

N0
hFRD

k
+

pmax
k̃
B ≤ θk

(3.43)

and

(tFRD
k )∗ =


0 θk < cons 3

k
(0, τ) θk = cons 3

k
τ θk > cons 3

k

(3.44)

where

cons 3

k =
Pc

k̃
+ ϕ − ξ 2

k pmax
k̃rFRD

k
(
(pFRD

k )∗
)
−

hFRD
k
N0

(pFRD
k )∗

1+
hFRD

k
BN0

(pFRD
k )∗

 (3.45)

ξ 2

k =


0 (pFRD

k )∗ < pmax
k̃

θk
hFRD

k

N0+
hFRD

k
B pmax

k̃

− 1 (pFRD
k )∗ = pmax

k̃
(3.46)

The complete proofs and derivations of these solutions can be found in
Appendix B.
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3.6 Simulation Results

In this section, we present the simulation results of this study, which aims
to evaluate the performance of the optimal analytical solutions derived
for the iterative two-stage primal-dual decomposed problem. One of our
goals is to demonstrate that the results obtained using the decomposed
approach converge to those achieved through MATLAB CVX optimiza-
tion of the overall problem described in (3.32). Additionally, we compare
the proposed algorithm with a scenario denoted as NoOptDist, where the
distribution of drow

1,k among participating RCDs is not optimized. In the
NoOptDist scenario, drow

1,k is distributed equally among the participating
RCDs (drow

1,k = drow/K). While this scenario does not optimize the distribu-
tion of drow

1,k , it still optimizes communication and computation parameters,
as well as the time tn allocated for each layer-pack operation, making it still
a strong benchmark scenario to compare.

We have selected the simulation parameters based on prior research ar-
ticles [13, 20, 24, 74]. The specific parameter values employed are sum-
marized in Table 3.1. The simulation results are derived from averaging
outcomes across 1000 distinct random channel realizations. The obtained
simulation results are dependent on various random performance param-
eters, including ck (uniformly distributed between 250 and 750 CPU cy-
cles/MAC) and νmax

k (uniformly distributed between 2 and 4 GHz). It is
worth mentioning that, despite testing with different random scenarios,
no significant differences have been observed in the general trend of all
simulation results. Thus, the proposed approach can be used in different
scenarios, involving different types of devices with different specifications.
This robustness indicates that the proposed approach is versatile and can
be effectively applied in various scenarios, accommodating different types
of devices with diverse specifications.

Throughout the simulation results of this study, we focus on the minimized
collaborative computing energy consumption EMAC per MAC operation
of the CNN model, which encompasses the first round distribution, local
computation, and exchange communication of all layer-pack operations.
Mathematically, it is expressed as Etotal/ ∑K

k=1 ∑NLAY

n=1 NMAC
n,k where Etotal is

the overall energy consumption of the system, i.e., the solution of the exter-
nal optimization problem (3.34). We investigate three different scenarios:

• Opt−Decomp: This scenario leverages the analytical results obtained
by decomposing the overall optimization problem and represents
our proposed collaborative computing approach.
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TABLE 3.1: Selected parameters for the simulation results
of Chapter 3

Parameters Values Units
κk Unif([10−28; 10−27]) /
ck Unif([250; 750]) [CPU cycles/MAC]

νmax
k Unif([2; 4]) [GHz]
hk CN (0, 10−3)(Rayleigh) /

pmax
k Unif([10; 25]) [mW]
Pc

k Unif([10; 25]) [mW]
B 1 [MHz]

N0 10−16 [W/Hz]

• Opt − Overall: In this case, we solve the overall optimization prob-
lem without decomposition using MATLAB CVX toolbox.

• NoOptDist: This scenario assumes an equal distribution of drow
1,k among

participating RCDs (drow
1,k = drow/K) but optimizes communication

and computation parameters as well as tn for each layer-pack opera-
tion.

Across all simulation scenarios, a consistent finding is that optimizing the
distribution of input data among heterogeneous RCDs leads to a signifi-
cant improvement in energy efficiency, resulting in a substantial reduction
in energy consumption per MAC operation. Given that CNN models often
involve millions of MAC operations, even small differences in EMAC are
highly significant when scaled to the entire model’s energy consumption.

Furthermore, the results obtained from the decomposed approach (Opt −
Decomp) converge with those achieved using the overall optimization prob-
lem (Opt − Overall). This convergence demonstrates that we can analyti-
cally determine the minimized total energy consumption without relying
on external optimization tools. This analytical approach offers greater flex-
ibility in tailoring energy and latency requirements to specific applications,
making it a valuable contribution to collaborative computing optimization.

In Fig. 3.4, we illustrate the optimal time allocations (tn) for layer-pack op-
erations while varying the total number of rows (drow) in a 2D input data
sample, with fixed parameters (NLAY = 4, dcol = 512 bits, K = 10, and
τ = 0.5 s). Notably, as data progresses from the front-end to the back-end
layers, the allocated time exponentially decreases due to the decreasing
data dimensions in the back-end compared to the front-end layer-packs.
Additionally, when increasing the total number of rows (drow), the system
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allocates less time for collaborative computing, primarily because larger
input data sizes demand more time for the first round distribution stage,
consequently reducing the time spent for collaborative computation. These
insights shed light on optimizing time allocation in scenarios with vary-
ing input data sizes and diverse computational requirements across layers,
providing valuable guidance for improving collaborative computing effi-
ciency.

In Fig. 3.5, we explore the optimal distribution drow
1,k among RCDs for vari-

ous values of drow, by considering the same setup with Fig. 3.4 (NLAY = 4,
dcol = 512 bits, K = 10, and τ = 0.5 s). Each distinct color represents the
allocation to a specific RCD. Notably, the optimal distribution does not con-
verge to an equal-sharing scenario due to the heterogeneity in computing
capabilities among RCDs. Instead, it assigns a greater portion of the input
data with a higher number of rows to the RCDs with higher computing ca-
pabilities. This optimized distribution strategy significantly enhances sys-
tem efficiency compared to the equal distribution approach (NoOptDist),
as evident in subsequent figures. This analysis underscores the importance
of tailored data distribution in heterogeneous computing environments to
improve overall system performance.

In Fig. 3.6, we investigate the impact of varying the maximum latency
τ allowed for the entire operation, considering scenarios with different
data sizes (dcol = 256, 512 bits) while keeping drow = 1024 bits, K = 20,
and NLAY = 3. For the case where dcol = 512 bits, we observe that the
energy consumption EMAC in the NoOptDist scenario is approximately
50% higher than that in the proposed optimal distribution, particularly
for small τ values. However, as τ increases, these energy consumption
curves approach each other, converging towards similar values. This con-
vergence occurs because both scenarios have sufficient latency to achieve
very low energy consumption for large values of τ. On the other hand, for
the scenario with dcol = 256 bits, the impact of the optimal distribution on
energy consumption is less pronounced. This is primarily due to the re-
duced data size, which reduces the overall computation and communica-
tion requirements. As a result, the energy consumption difference between
the proposed approach and the equal data distribution scenario is smaller.
This figure underscores the significance of joint optimization of input data
distribution, communication, and computation parameters, particularly in
latency-critical applications where minimizing latency leads to a substan-
tial energy consumption difference between the proposed approach and
equal data distribution scenario.

In Fig. 3.7, we evaluate the system’s performance with varying numbers of
columns dcol in the input data while considering two scenarios, one with
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K = 10 and the other with K = 20 participating RCDs. As the number
of columns dcol in the input data increases, the energy consumption differ-
ence between the jointly optimized scenario and the equal data distribu-
tion scenario (NoOptDist) becomes more pronounced. This difference is
especially significant when the data size is large, emphasizing the critical
role of optimal input data distribution in heterogeneous computing envi-
ronments. Furthermore, increasing the number of participating RCDs (K)
leads to reduced energy consumption. Notably, the curve for K = 20 ex-
hibits nearly three times lower energy consumption per MAC operation
compared to the curve for K = 10. This demonstrates the advantages of
involving more RCDs in the collaborative process, as it enables better uti-
lization of heterogeneous computing resources and contributes to energy
efficiency.

In Fig. 3.8, we analyze the impact of varying the number of participat-
ing RCDs (K) on the energy consumption (EMAC). As the number of par-
ticipating RCDs increases, we observe a significant reduction in energy
consumption, approaching near-zero levels. This phenomenon occurs be-
cause, with a greater number of RCDs in the system, the influence of less
energy-efficient RCDs becomes less significant in the overall system per-
formance. These less efficient RCDs handle a smaller portion of the data
due to the increasing number of RCDs, resulting in a reduced impact on en-
ergy consumption. It is important to note that the effectiveness of adding
more RCDs to the system decreases after a certain point in the plots. For in-
stance, there is a substantial drop in energy consumption when increasing
from K = 4 to K = 6, but the reduction in energy consumption becomes
less pronounced when increasing from K = 18 to K = 20. This observation
highlights the diminishing returns of adding more RCDs beyond a specific
threshold. This effect occurs because adding more RCDs after a certain
point leads to a substantial increase in communication costs compared to
the computational cost savings, creating a trade-off between communica-
tion and computation.

In Fig. 3.9, we examine the impact of the number of rows (drow) in the in-
put data on the energy consumption for two different scenarios, one with
NLAY = 2 and the other with NLAY = 4. The energy consumption dif-
ference between the optimized and non-optimized NoOptDist scenarios
is evident. For example, with drow = 1024 bits and NLAY = 4, the opti-
mized scenario is almost 33% more energy-efficient than the NoOptDist
scenario. This result highlights the substantial energy savings that can be
achieved through the optimized input data distribution, especially when
dealing with larger input data sizes and a larger number of layers.
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3.7 Summary

In summary, Chapter 3 presents an energy-efficient fine-grained data par-
allelism approach designed for wireless collaborative fog computing sys-
tems, with a particular focus on deep learning-driven applications, using
CNNs as a primary model. This approach optimally distributes the com-
putational workload among multiple RCDs by jointly optimizing commu-
nication and computation parameters together with workload distribu-
tion. The key contributions of this chapter include a significant reduction
in communication overhead, efficient resource utilization within a server-
independent architecture, and the utilization of a robust convex optimiza-
tion framework. These contributions are prominent in addressing the chal-
lenges of deep learning in the context of collaborative fog computing.

The findings of this study reveal crucial insights into enhancing energy ef-
ficiency within the system. Joint optimization of workload distribution,
along with communication and computation parameters, proves to be es-
sential for improved energy efficiency compared to scenarios where op-
timization is focused solely on communication and computation parame-
ters, while workload is evenly distributed among all participating RCDs.
Additionally, the benefits of the joint optimization show up more for the
scenarios with large input data sizes, low allowed latency, and a smaller
number of participating devices.

In Table 1.1, one of the cons highlighted for the data parallelism approach
was the inefficient point-to-point transmission of partial input data. This
chapter addresses this issue by introducing a communication scheme. The
proposed scheme streamlines the process, requiring the exchange of only
the boundary rows among neighboring devices after each layer operation.

Despite this improvement, the data parallelism approach still faces chal-
lenges, particularly in the execution of CNN models with multiple filters
in each convolutional layer. While the data parallelism approach shines in
scenarios with large input data sizes and low CNN model complexity, it
faces difficulties as model complexity increases. In the forthcoming chap-
ter, we explore a model parallelism approach designed to facilitate collabo-
rative CNN inference in scenarios characterized by high model complexity
but lower input data sizes. This approach seeks to address the limitations
associated with managing multiple filters in convolutional layers.
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Chapter 4

A Collaborative On-Device
CNN Inference Scheme
Considering Model
Parallelism

The previous chapter addressed data parallelism by optimizing the distri-
bution of input data among multiple RCDs. While it provides an excellent
foundation, CNNs typically involve convolutional layers with multiple fil-
ters for extracting various features from input data. Consequently, in addi-
tion to data parallelism, a model parallelism scenario becomes necessary.

In this chapter, we shift our focus from data parallelism, as discussed in
Chapter 3, to model parallelism in the context of collaborative on-device
CNN inference. Specifically, we aim to efficiently distribute the compu-
tational workload across RCDs by partitioning the model’s filters among
them. This approach allows us to harness the capabilities of RCDs collab-
oratively, resulting in enhanced efficiency and performance.

In contrast to the previous chapter, where data partitioning was the pri-
mary focus, in this chapter, we divide the model due to specific scenarios
with relatively small input data dimensions, such as the MNIST dataset
[77], where the input size is 28 × 28 bits. In such cases, dividing the data
might not be optimal, and instead, dividing the model itself provides ad-
vantages. This approach leverages broadcasting to transmit the entire in-
put data from the data owner master device to all participating RCDs, sav-
ing energy by avoiding additional communication stages for each RCD to
send the input data.
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For each layer operation, the data owner master device broadcasts the en-
tire input data and assigns filters to the slave devices based on their com-
puting capabilities and network conditions. After local computation, slave
devices transmit their filter outputs back to the master device, which ag-
gregates these outputs to form the new input data for subsequent layers.

It is worth noting that the CNN model considered throughout this study
is the one discussed in Chapter 2. Each convolutional layer is composed of
multiple filters, and these filters are allocated to multiple RCDs for parallel
computation, considering their heterogeneous computing capabilities and
different network conditions.

To tackle the optimization problem associated with this approach, we for-
mulate a convex optimization problem aimed at minimizing overall energy
consumption. This optimization includes communication and computa-
tion times, RF energy consumption, and the allocation of filters to multi-
ple RCDs. Similar to Chapter 3, we employ a primal-dual decomposition
technique [67] and an iterative algorithm to find analytical solutions, effec-
tively distributing filter computations among the RCDs to improve overall
efficiency.

Our key contributions in this chapter can be summarized as follows:

• Collaborative Model Parallelism: We introduce a collaborative model
parallelism approach for on-device CNN inference, jointly optimiz-
ing filter assignments and communication and computation param-
eters to minimize energy consumption.

• Server-Free Inference: Similar to Chapter 3, our scheme eliminates
the need for powerful edge or cloud servers during the inference
phase, making it suitable for resource-constrained environments.

• Output Aggregation Method: We investigate an output aggregation
method after each layer operation to reduce the communication over-
head by making use of the fundamental mathematical properties of
the convolution operation.

• Convex Optimization and Iterative Algorithm: We introduce a con-
vex optimization problem and an iterative algorithm that decom-
poses the problem, distributing filter computations among multiple
RCDs, thus improving overall efficiency.

In subsequent sections, we go into the details of our proposed collaborative
inference scheme, its optimization strategies, and the analytical insights
gained through this study.
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4.1 System Model

In this section, we present the system model, which consists of K RCDs
and an access point connected to a powerful cloud server, as illustrated in
Fig. 4.1. The system operates through the following sequential steps:

1. Cloud-Based CNN Training: The CNN model is trained entirely on
powerful cloud servers using offline datasets, similar to the approach
outlined in Chapter 3. This approach ensures that the training pro-
cess can utilize maximum computational power and is not subject to
latency constraints, thereby preventing any loss in accuracy. As a re-
sult, this study primarily focuses on the inference phase rather than
the training phase.

2. Model Offloading: After the training phase, the optimized model
weights, denoted as w, are distributed to all RCDs. This ensures that
every RCD possesses an identical pre-trained CNN model.

3. Master-Slave RCD Architecture: A random RCD k receives local in-
put data to process in the CNN model. It behaves as a master RCD
while the others become slaves. It is assumed that each RCD is allo-
cated to a predefined time frame during which it acts as the master
RCD in order to prevent any collision between multiple RCDs that
request to be the master device of the system at the same time. The
master RCD is responsible for coordinating the execution of the CNN
model, specifically:

(a) Determining the optimal number of participating RCDs, repre-
sented as Kn (including itself), for layer-pack n operation.

(b) Optimizing the allocation of filters to each participating RCD for
each layer-pack operation.

(c) Allocating a total time, tn, to each RCD to complete each layer-
pack n operation.

4. Data Broadcasting: The master RCD broadcasts the entire input data
to all slave RCDs before initiating each layer-pack operation.

5. Collaborative Local Computation: Within the allocated time, tn, for
layer-pack n operation, all slave RCDs receive the input data, per-
form their local computation and transmit the resulting output data
back to the master RCD. The master RCD, having already the input
data, can dedicate the entire time, tn, to local computation.

6. Data Aggregation: After receiving the output data from all RCDs
participating in the layer-pack n operation, the master RCD combines
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FIGURE 4.1: Illustration of the system model for the study
in Chapter 4

it to generate the new input data and broadcasts it to the slave RCDs
for the next layer-pack operation.

7. Iterative Process: This iterative process continues until the final layer-
pack operation is completed.

Fig. 4.2 depicts a typical scenario for the distribution of layer-pack n op-
eration within the collaborative model parallelism approach. Each blue
square symbolizes a filter within each layer. Specifically, f conv

n,k,m represents
the mth assigned convolutional filter of RCD k for layer-pack n operation,
and dch

n,k indicates the number of filters allocated to RCD k for this opera-
tion.

At the beginning of layer-pack n operation, all slave RCDs receive the input
data on−1 from the master RCD. Subsequently, all RCDs independently
execute their local computations using the filters assigned to them. The
max-pooling outputs from all filters allocated to RCD k are then internally
summed to generate the output data of RCD k for layer-pack n operation,
represented as

on,k =

dch
n,k

∑
m=1

MP(on−1 ∗ f conv
n,k,m) (4.1)
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where on =
Kn
∑

k=1
on,k, ∀k ∈ [Kn], ∀n ∈ [NLAY]. The initial value, o0, cor-

responds to iconv
1 , which represents the input data at the beginning of the

CNN model.

Importantly, RCDs are not required to transmit the entire 3D output data,
which encompasses the outputs of all filters. Instead, they only transmit
the 2D data on,k to the master RCD. This 2D data is the summation of all
pages in the 3D output data, leading to a substantial reduction in com-
munication overhead within the system. We call this approach as output
aggregation. Following the reception of each output data on,k, the master
RCD aggregates them to generate the final output data on for layer-pack n
operation. This final output data is then forwarded to the Kn+1 participat-
ing RCDs for layer-pack n + 1 operation.

4.2 Energy Consumption Modeling

The energy consumption of the system is segmented into three distinct
stages: broadcasting, collaborative local computation, and aggregation.

4.2.1 Broadcasting (BC)

During this stage, the master RCD broadcasts the entire input data for
layer-pack n operation to the slave RCDs at the achievable data rate

rBC
n = B ln(1 +

pBC
n mink

(
hBC

n,k
l(RBC

n,k)

)
BN0

) (4.2)

where pBC
n represents the RF transmit power of the master RCD k̃ during

broadcasting, B denotes the communication bandwidth, N0 signifies the
noise power density, hBC

n,k characterizes the channel gain between the mas-

ter RCD k̃ and RCD k, and RBC
n,k specifies the distance between them during

broadcasting. The path-loss model, described by l(R) = cPLRα, incorpo-
rates parameters such as α as the path-loss exponent, cPL as the path-loss
constant, fc as the carrier frequency, and c0 as the speed of light.

The energy consumption of broadcasting for layer-pack n operation is cal-
culated as

EBC
n = tBC

n (pBC
n + Pc

k̃
) (4.3)

In this equation, Pc
k represents the constant power consumption of the com-

munication circuitry in RCD k during communication, and tBC
n signifies the
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time required to broadcast the input data for layer-pack n operation. The
following two constraints are imposed regarding this stage:

• Constraint 1 (Transmission Rate Limitation): The data rate of the
communication during broadcasting cannot exceed the achievable
data rate such that

dBC
n =

drow

2n−1
dcol

2n−1 = 41−ndrowdcol ≤ tBC
n rBC

n (4.4)

where dBC
n is the number of bits of the input data with dimensions

drow

2n−1 × dcol

2n−1 for layer-pack n operation.

• Constraint 2 (RF Transmit Power Limitation): The RF transmit power
of the master RCD during broadcasting cannot be greater than the
maximum RF transmit power such that

pBC
n ≤ pmax

k̃
(4.5)

where pmax
k represents the maximum RF transmit power that RCD k can

attain.

4.2.2 Collaborative Local Computation

Upon receiving the input data, each RCD initiates its local computation
process. Given that the energy consumption of convolutional layers domi-
nates over max-pooling layers [36,71], the primary focus in this study cen-
ters around the energy consumption of convolutional layers. Specifically,
as in the study in Chapter 3, we examine MAC operations within con-
volutional layers, where a single MAC operation involves multiplying an
element from the filter with an element from the shaded input data and
accumulating the result to the previous sum.

The number of MAC operations, denoted as NMAC
n,k , that RCD k must per-

form for layer-pack n operation is determined by the following equation:

NMAC
n,k =

dch
n,k

∑
m=1

drow

2n−1
dcol

2n−1 (d f conv
n,k,m

)2 = 36
drowdcol

4n dch
n,k (4.6)

where d f conv
n,k,m

= 3 is the row and column numbers of convolutional layer
filters. The energy consumption of local computation in RCD k for layer-
pack n operation, under the assumption of low CPU voltage [73–76], is
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given by

ELOC
n,k =

κkc3
k(NMAC

n,k )3

(tLOC
n,k )2

=
363(drow)3(dcol)3κkc3

k
64n

(dch
n,k)

3

(tLOC
n,k )2

(4.7)

where κk denotes the effective capacitance coefficient of the hardware, ck
represents the number of CPU cycles required for a single MAC operation,
and tLOC

n,k is the time needed to complete the local computation for layer-
pack n operation in RCD k. The following constraint is established for the
local computation stage:

ck NMAC
n,k = 36ck

drowdcol

4n dch
n,k ≤ tLOC

n,k νmax
k (4.8)

which ensures that the CPU frequencies of RCDs do not exceed their max-
imum CPU frequency νmax

k .

4.2.3 Aggregation

After the completion of local computation, each RCD transmits the output
data on,k to the master RCD. This transmission occurs at the achievable data
rate defined as

rAgg
n,k = B ln(1 +

pAgg
n,k

hAgg
n,k

l(RAgg
n,k )

BN0
) (4.9)

where pAgg
n,k is the RF transmit power of RCD k, hAgg

n,k and RAgg
n,k are the

channel gain and the distance between the master RCD and RCD k during
aggregation, respectively.

The energy consumption associated with the aggregation in RCD k after
layer-pack n operation is computed as

EAgg
n,k = tAgg

n,k

(
pAgg

n,k + Pc
k

)
(4.10)

where tAgg
n,k represents the time required to transmit the output data to the

master RCD by RCD k for layer-pack n operation. We apply constraints
to this stage similar to those in Section 4.2.1, ensuring that the data rate
of the communication during aggregation does not exceed the achievable
data rate and that the RF transmit power of RCDs during aggregation does
not exceed their maximum RF transmit power.
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• Constraint 1 (Transmission Rate Limitation):

dAgg
n =

drow

2n
dcol

2n = 4−ndrowdcol ≤ tAgg
n,k rAgg

n,k (4.11)

• Constraint 2 (RF Transmit Power Limitation):

pAgg
n,k ≤ pmax

k (4.12)

where dAgg
n is the number of bits sent to the master RCD from each slave

RCD after layer-pack n operation.

4.3 Additional Constraints

We have several additional constraints to ensure the proper functioning of
our model:

• Constraint on the Number of Filters Assigned:

Kn

∑
k=1

dch
n,k = dch

n (4.13)

This constraint ensures that the total number of filters assigned to all
RCDs in layer-pack n operation is equal to the number of filters dch

n
in convolutional layer n.

• Constraint on the Time Allocation:

tBC
n + tLOC

n,k + tAgg
n,k ≤ tn (4.14)

This constraint specifies that the time required for broadcasting, local
computation, and aggregation in layer-pack n operation should be
less than or equal to the allocated time tn. The master RCD does not
have the communication stages since the data is already in the master
RCD.

• Constraint on the Master RCD’s Local Computation Time:

tLOC
n,̃k

≤ tn (4.15)

This constraint ensures that the master RCD’s local computation time
in layer-pack n operation does not exceed the allocated time tn.
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• Constraint on the Maximum Allowed Latency:

NLAY

∑
n=1

tn ≤ τ (4.16)

This constraint states that the total time taken to complete the entire
CNN inference, considering all layer-pack operations, must be less
than or equal to the maximum allowed latency τ.

4.4 Problem Formulation

The final problem formulation is given by the following optimization prob-
lem:

min.
x1

NLAY

∑
n=1

(EBC
n +

Kn

∑
k=1

ELOC
n,k +

Kn

∑
k=1
k ̸=k̃

EAgg
n,k )

s.t. (4.4), (4.5), (4.8), (4.11), (4.12), (4.13), (4.14), (4.15), (4.16),

0 ≤ dch
n,k, tBC

n , pBC
n , pAgg

n,k ,

0 ≤ tLOC
n,k , tAgg

n,k ≤ tn

(4.17)

where x1 = {{tn, tBC
n , pBC

n }NLAY

n=1 , {{dch
n,k, tLOC

n,k }Kn
k=1}

NLAY

n=1 ,

{{tAgg
n,k , pAgg

n,k }Kn
k=1
k ̸=k̃

}NLAY

n=1 }.

To address the non-convexity introduced by communication constraints,
as in Chapter 3, we introduce two new parameters, EBCRF

n = pBC
n tBC

n and
EAggRF

n,k = pAgg
n,k tAgg

n,k , which represent the RF energy consumed during broad-
casting and aggregation, respectively. Then, we modify the related con-
straints (4.5), (4.12) and equations (4.2), (4.3), (4.9), (4.10) as

rBC
n = B ln(1 +

(EBCRF
n /tBC

n ) mink

(
hBC

n,k
l(RBC

n,k)

)
BN0

) (4.18)

EBC
n = EBCRF

n + tBC
n Pc

k̃
(4.19)

EBCRF
n ≤ tBC

n pmax
k̃

(4.20)
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rAgg
n,k = B ln(1 +

(EAggRF
n,k /tAgg

n,k )
hAgg

n,k

l(RAgg
n,k )

BN0
) (4.21)

EAgg
n,k = EAggRF

n,k + tAgg
n,k Pc

k (4.22)

EAggRF
n,k ≤ tAgg

n,k pmax
k (4.23)

Thus, the final convex optimization problem becomes

min.
x2

NLAY

∑
n=1

(EBC
n +

Kn

∑
k=1

ELOC
n,k +

Kn

∑
k=1
k ̸=k̃

EAgg
n,k )

s.t. (4.4), (4.8), (4.11), (4.13), (4.14), (4.15), (4.16), (4.20), (4.23),

0 ≤ dch
n,k, tBC

n , EBCRF
n , EAggRF

n,k ,

0 ≤ tLOC
n,k , tAgg

n,k ≤ tn

(4.24)

where x2 = {{tn, tBC
n , EBCRF

n }NLAY

n=1 , {{dch
n,k, tLOC

n,k }Kn
k=1}

NLAY

n=1 ,

{{tAgg
n,k , EAggRF

n,k }Kn
k=1
k ̸=k̃

}NLAY

n=1 }.

4.5 Problem Decomposition

The final optimization problem can be effectively solved using classical
convex optimization techniques. However, to gain an analytical interpre-
tation of each parameter and facilitate distributed optimization, we decom-
pose the problem into two sub-problems without sacrificing generality.
This decomposition leverages the primal-dual decomposition technique,
with a detailed proof available in [67]. The decomposed problem consists
of two sub-problems: internal and external. The external problem’s solu-
tion relies on the optimal solution of the internal problem, while the in-
ternal problem’s solution is determined based on the optimal parameters
of the external problem. The decomposition algorithm, outlined in Algo-
rithm 2, provides a distributed optimization framework for the system.
Although it introduces an additional communication stage for exchanging
optimal parameters, this overhead is negligible compared to the benefits
of distributed optimization and the reduced computational burden on the
master RCD. Nevertheless, the optimization can also be performed with-
out decomposition if minimizing this additional communication stage is
desirable.
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Algorithm 2 Decomposition algorithm

1: The parameters dch
n,k, Kn, tBC

n and tn are initialized.
2: Given the parameters dch

n,k, tBC
n and tn, the internal optimization prob-

lem (4.25), (4.26) is solved for the parameters tLOC
n,k , tAgg

n,k and EAggRF
n,k .

3: By using the optimal solution (EINT
n,k )∗ of the internal optimization

problem, the external optimization problem (4.27) is solved for the pa-
rameters tn, tBC

n , EBCRF
n and dch

n,k for each 0 ≤ Kn ≤ K value and the
optimal Kn value is selected.

4: The procedure is repeated from item 2 with the new parameters found
in item 3 until the system reaches a consensus.

4.5.1 Internal Optimization Problem

We analyze the internal optimization problem in two distinct scenarios:
one for the master RCD and one for the slave RCDs.

The master RCD (for k = k̃) internal optimization problem can be formu-
lated as

(EINT
n,̃k

)∗ =min.
tLOC
n,̃k

ELOC
n,̃k

s.t. 36
ck̃

νmax
k̃

drowdcol

4n dch
n,̃k

≤ tLOC
n,̃k

≤ tn

(4.25)

Meanwhile, the internal optimization problem for the other participating
RCDs (with k ∈ [Kn]− k̃) is

(EINT
n,k )∗ =min.

x3
ELOC

n,k + EAgg
n,k

s.t. (4.8), (4.11), (4.14), (4.23),

0 ≤ EAggRF
n,k ,

0 ≤ tLOC
n,k , tAgg

n,k ≤ tn

(4.26)

where x3 = {tLOC
n,k , tAgg

n,k , EAggRF
n,k } and (EINT

n,k )∗ is the optimal solution of the
internal optimization problem given the parameters tn, tBC

n and dch
n,k from

the external optimization problem.
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4.5.2 External Optimization Problem

The external optimization problem can be stated as

min.
x4

NLAY

∑
n=1

(
EBC

n +
Kn

∑
k=1

(EINT
n,k )∗

)
s.t. (4.4), (4.13), (4.16), (4.20),

0 ≤ dch
n,k, tn, tBC

n , EBCRF
n

(4.27)

where x4 = {tn, tBC
n , EBCRF

n , dch
n,k}, ∀n ∈ [NLAY] and ∀k ∈ [Kn].

This decomposition approach allows for the analytical interpretation of
each parameter and facilitates distributed optimization while introducing
minimal communication overhead, ultimately reducing the optimization
workload on the master RCD. The analytical solutions of internal and ex-
ternal optimization problems for each optimizing parameter are given in
Appendices C and D, respectively.

4.6 Simulation Results

In this section, we showcase the performance of the proposed scheme with
a series of simulations. Table 4.1 provides an overview of the selected pa-
rameters used in our simulations. Similar to the previous study, the simula-
tion outcomes presented here are based on averaging results from 1000 dis-
tinct random channel realizations. These simulation results rely on various
random performance parameters, such as ck (ranging uniformly between
250 and 550 CPU cycles/MAC) and νmax

k (uniformly distributed between 1
and 3 GHz). It is important to note that, despite experimenting with differ-
ent random scenarios, there were no significant variations observed in the
overall pattern of the simulation results. This suggests that the proposed
approach is adaptable and can be applied effectively in diverse scenarios
involving devices with varying specifications.

To conduct these simulations, we harnessed the capabilities of the MAT-
LAB CVX toolbox [70] and the MOSEK optimizer. MOSEK is particularly
well-suited for solving optimization problems involving a combination of
integer and real parameters, ensuring accurate and efficient results.

In Fig. 4.3, the overall energy consumption of different benchmark scenar-
ios in the literature is compared by varying the maximum allowed latency.
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TABLE 4.1: Selected parameters for the simulation results
of Chapter 4

Parameters Values Units
κk Unif([10−28; 10−27]) /
ck Unif([250; 550]) CPU cycles/MAC

νmax
k Unif([1; 3]) GHz
hk CN (0, 10−3)(Rayleigh) /

pmax
k Unif([10; 25]) mW
Pc

k Unif([10; 25]) mW
B 2 MHz

N0 0.5 × 10−11 W/MHz
dcol & drow 28 bits

fc 2.1 GHz
α 2.5 /

RBC
n,k & RAgg

n,k Unif([1; 20]) m

The blue curve represents the energy consumption achieved by our pro-
posed approach in this chapter, involving 6 RCDs. The green curve depicts
a scenario where the workload distribution is equal among RCDs (i.e., an
equal number of filters allocated to each RCD), but the communication and
computation parameters are still optimized. The red curve represents a
non-distributed scenario where the master RCD attempts to perform the
entire operation single-handedly. Another benchmark scenario involves
including a powerful MEC server within a range of R meters to offload the
entire operation. It’s worth mentioning that for τ < 0.5 s, the red curve
is not present because a single RCD cannot complete the operation within
such a short timeframe. Furthermore, for τ > 0.5 s, the red curve exhibits
poorer performance compared to the collaborative scenarios (green and
blue curves). Our proposed approach demonstrates a substantial reduc-
tion in energy consumption, particularly in low-latency scenarios. This is
attributed to the significance of jointly optimizing filter distribution and
communication/computation parameters. However, as the maximum al-
lowed latency increases, the performance gap between these scenarios di-
minishes significantly. This trend suggests that optimization becomes less
critical in scenarios with higher latencies since each RCD has sufficient time
to perform its computations efficiently. Additionally, both MEC server sce-
narios, represented by the curves for R = 40 m and R = 80 m, consume
more energy compared to our proposed approach. This is due to the ab-
sence of parallel computing and the long distance between the master RCD
and the MEC server, which leads to higher communication costs.



4.6. Simulation Results 63

Latency (s)

0.2 0.4 0.6 0.8 1 1.2

E
n
e
rg

y
 c

o
n
s
u
m

p
ti
o
n
 (

J
)

×10-3

0

1

2

3

4

5

6

7

The proposed approach for K=6

Equal workload distr. for K=6

No opt. (No distr.), i.e. K=1

MEC server scenario for R=40 m

MEC server scenario for R=80 m

FIGURE 4.3: Overall energy consumption vs. latency for
different benchmark scenarios for NLAY = 3 and dch

n =
32, ∀n ∈ [NLAY]

10
8

6
4

2
108642

×10
-3

1

1.5

0.5

0

E
n

e
rg

y
 c

o
n

s
u

m
p

ti
o

n
 (

J
)

K
1

K
3

FIGURE 4.4: Overall energy consumption vs. K1, K3 for
τ = 0.5 s, K = 10, K2 = 6, NLAY = 3 and dch

n = 32,
∀n ∈ [NLAY]



64 Chapter 4. A Collaborative On-Device CNN Inference Scheme
Considering Model Parallelism

In Fig. 4.4, a 3D visualization illustrates the relationship between over-
all energy consumption and various combinations of K1 and K3 by fixing
K2 = 6. The results show that increasing the number of RCDs in each
layer initially improves energy efficiency, but after a certain point, adding
more RCDs increases energy consumption. This emphasizes the impor-
tance of the critical trade-off between communication and computation.
The addition of more RCDs enhances the computational capabilities of the
system up to a specific point, making the overall system more energy effi-
cient. Beyond this point, requesting further collaboration becomes ineffi-
cient as communication costs start to outweigh computational costs. Fur-
thermore, it’s important to note that varying the number of RCDs (K3) in
the third layer-pack operation has a different impact compared to changing
the number of RCDs (K1) in the first layer-pack operation. This distinction
arises due to differences in input data dimensions and the number of MAC
operations in the back-end and front-end layer-packs. For instance, when
K1 varies from 2 to 6, a substantial decrease occurs in the overall energy
consumption of the system. In contrast, when K3 varies within the same
range, the energy consumption variation is minimal. This underscores the
necessity of optimizing the number of participating RCDs differently for
each layer-pack operation. Front-end layer-pack operations, characterized
by large input data sizes and a higher number of MAC operations, appear
to benefit more from increased collaboration. On the other hand, back-end
layer-pack operations involve smaller input data sizes and fewer MAC op-
erations. Consequently, using fewer RCDs for back-end layer-packs makes
sense in these scenarios, as increased collaboration does not yield signifi-
cant energy efficiency gains in terms of computation but consumes addi-
tional energy in communication.

Fig. 4.5 is the 4D visualization version of Fig. 4.4 by relaxing K2. Each
data point in this plot corresponds to a specific combination of Kn, and its
color represents the corresponding energy consumption value. This figure
presents a more general view to the problem, but more complex to observe
the trade-off compared to Fig. 4.4. Consistent with our earlier observa-
tions, this figure reaffirms that increasing the number of RCDs within a
layer can indeed be advantageous up to a certain threshold. Beyond this
point, however, further increments in the number of RCDs become ineffi-
cient, primarily due to the increasing dominance of communication costs
over computation costs.

Fig. 4.6 presents the energy consumption of each separate stage for three
different number of filters dch

n in each layer-pack. For configurations with a
relatively small number of filters (specifically, when dch

n = 16), we observe
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that the dominant factor contributing to energy consumption is commu-
nication costs. In these scenarios, the energy spent on data transfer and
inter-device communication outweighs the computational costs associated
with executing the CNN model. However, as we increase the value of
dch

n , the energy consumption becomes increasingly driven by computation
costs. This finding supports the idea that the trade-off between communi-
cation and computation needs to be optimized given a specific amount of
filters in a CNN model.

Fig. 4.7 presents an analysis of the energy consumption of each layer-pack
for CNN models with a different number of layers NLAY. One notable
trend that emerges from this figure is the exponential decrease in energy
consumption as we move towards the back-end layer-packs. This decline
can be attributed to the reduction in input data dimensions as we progress
through the layer-packs. As the data dimensions become smaller, the as-
sociated communication and computation costs decrease accordingly, re-
sulting in a more energy-efficient operation in the back-end layers. Ad-
ditionally, we observe a slight decrease in energy consumption as NLAY

decreases. With fewer layer-pack operations to process, the system allo-
cates more time to the initial layer-pack. This extended processing time
translates to improved energy efficiency, as both communication and local
computation can be executed more relaxed. As a result, the energy con-
sumption in the first layer-pack decreases, demonstrating the impact of
model architecture on energy efficiency.

4.7 Summary

In this chapter, we introduce a collaborative model parallelism approach
for on-device CNN inference architectures. We leverage communication
capabilities around to divide the model across multiple RCDs, optimizing
filter assignments and parameters for communication and computation.
This approach eliminates the need for powerful servers during inference,
making it suitable for resource-constrained environments. We also inves-
tigate an output aggregation method after each layer operation, ensuring
adaptability for collaborative CNN inference. By formulating a convex op-
timization problem and employing an iterative algorithm, we efficiently
distribute filter computations among RCDs, with the aim of energy con-
sumption minimization for latency-constrained scenarios.

The results of this study provide important insights into improving energy
efficiency within the system. In contrast to a non-collaborative approach
where a single RCD attempts to execute the CNN independently, collabo-
rative execution across multiple RCDs significantly improves performance
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in terms of energy efficiency, particularly in low-latency scenarios. Fur-
thermore, the findings suggest a trade-off between communication and
computation concerning the number of participating devices parameter.
Initially, increasing system collaborativeness proves beneficial for energy
efficiency until a threshold point, as the dominant factor in scenarios with
a low number of devices is computation consumption. However, beyond
this threshold, further increasing the number of participating devices does
not yield additional benefits, as communication consumption begins to
dominate overall energy consumption. Therefore, the proposed approach
is most effective for scenarios with low input data sizes, low latency, high
model complexity, and a moderate number of participating devices, de-
pending on other system parameters.

The model parallelism approach studied in this chapter makes multiple
filter computation feasible for collaborative CNN inference and solves the
problems of data parallelism approach. However, a challenge arises when
dealing with large input data sizes. The model parallelism approach in-
volves several consecutive communication stages, leading to overhead as
the entire data is sent between the data owner RCD and C-RCDs unlike the
data parallelism approach where only the boundary rows are exchanged
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between neighboring devices.

To address this concern, the next chapter proposes a hybrid parallelism
scenario by merging the data parallelism approach discussed in Chapter 3
with the model parallelism approach outlined in Chapter 4. This hybrid
approach not only makes multiple-filter computation feasible but also re-
solves the challenges associated with handling large input data sizes. An
additional enhancement is introduced by incorporating relay devices into
the system, further boosting the efficiency of our collaborative CNN infer-
ence framework.
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Chapter 5

A Relay-Assisted Hybrid
Parallelism Architecture for
Collaborative On-Device
CNN Inference

This chapter explores a relay-assisted collaborative on-device CNN infer-
ence approach, with a focus on latency-critical deep learning-driven ap-
plications. We introduce a hybrid parallelism strategy that combines both
data and model parallelism techniques, complemented by relay-assisted
communication to optimize the execution of CNNs on RCDs. The key con-
tributions of this chapter’s study include:

• Relay-assisted collaborative on-device CNN inference scheme: The
proposed approach introduces a system architecture that leverages
relay-assisted communication to enable collaborative CNN inference
on RCDs. This distributed approach reduces the computational bur-
den on individual RCDs and enables efficient and scalable inference
of CNNs on RCDs.

• Hybrid parallelism combining data and model parallelism: Our
approach considers a hybrid parallelism strategy that combines both
data and model parallelism techniques to optimize the collaborative
inference of CNNs on RCDs. This hybrid approach allows for the
efficient utilization of resources on each RCD while minimizing com-
munication overhead.

• Communication-aware energy consumption minimization: We fo-
cus on achieving the optimal trade-off between communication and
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computation to minimize energy consumption. By effectively man-
aging communication overhead through relay-assisted communica-
tion, our approach significantly reduces the overall energy require-
ments for collaborative CNN inference on RCDs.

It’s worth noting that the CNN model employed in this chapter is con-
sistent with the architecture discussed in Chapter 2, comprising multiple
pairs of convolutional and max-pooling layers, each equipped with multi-
ple filters.

5.1 Parallelism Techniques

In this section, the parallelism techniques in the proposed hybrid paral-
lelism in this study are discussed and analyzed.

5.1.1 Model Parallelism

Model parallelism involves partitioning both the layer-packs and the filters
within each layer-pack across multiple devices, and the partial models are
executed collaboratively by using the entire input data. Chapter 4 of this
thesis explores a model parallelism scenario.

To recap the model parallelism approach, Fig. 5.1 illustrates an example
model parallelism scenario for distributing filters of layer-pack n operation
among K number of collaborative RCDs (C-RCDs). In the figure, f conv

n,k,j is

the jth assigned convolutional filter of C-RCD k, and dch
n,k corresponds to

the number of filters assigned to C-RCD k for layer-pack n operation. First,
the input data in is broadcasted by the data owner RCD (DO-RCD) to all C-
RCDs, which perform local computation with their assigned filters. Then,
the max-pooling outputs of all filters assigned to C-RCD k are internally
summed within each C-RCD to produce the output data on,k for layer-pack
n operation, which is represented as

on,k =

dch
n,k

∑
j=1

MP(in ∗ f conv
n,k,j ) (5.1)

The resulting output data on,k from all C-RCDs is then transmitted to the
DO-RCD. Finally, the DO-RCD sums up all received output data on,k from

all C-RCDs to obtain the final output data on =
K
∑

k=1
on,k. This output data

serves as the input for the next layer-pack operation (on = in+1).
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FIGURE 5.1: Layer-pack n execution of a collaborative
CNN model parallelism inference

It’s noteworthy that each C-RCD does not send the output data of each
filter individually because the summation of the output data from each
filter is sufficient for the next layer-pack operation, given the nature of the
convolution operation. In this way, the communication overhead in the
system is considerably reduced, as also stated in Chapter 4.

5.1.2 Data Parallelism

In the data parallelism approach, the input data is cut in the DO-RCD and
partitioned among multiple computing segments, each of which executes
the complete model computations with its partial input data. Depending
on the scenario, the computing segment could be composed of a single C-
RCD or multiple C-RCDs. A single layer-pack operation in a typical data
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parallelism scenario can be seen in Fig. 5.2 where dm is the number of in-
put data rows assigned to computing segment m. Such a scenario has been
previously investigated and optimized in our study in Chapter 3. The par-
tial input data is sent to each computing segment along with some amount
of redundant rows dR that must be additionally sent to each computing
segment due to the nature of the convolution operation, which is shown as
a shaded area in Fig. 5.2. After each layer-pack operation, the boundary
rows are exchanged between neighboring computing segments to be able
to perform the next layer-pack operation, which introduces communica-
tion overhead to the system.

What is the difference between the data parallelism approach in the study
in Chapter 3 and the data parallelism part of this chapter’s study is the fol-
lowing: To mitigate the communication overhead, a solution is proposed in
this study, which is to form layer-pack blocks. Each layer-pack block con-
tains multiple layer-packs, which are performed within the block without
communication with the neighboring computing segments. At the start of
each block, additional redundant rows are also dispatched to each comput-
ing segment to compute its own boundary rows, which are intended to be
sent from its neighboring computing segments after each layer-pack oper-
ation. Thus, the exchange communication costs can be mitigated while in-
curring additional computation costs due to the computation of additional
redundant rows in multiple computing segments.

If each layer-pack corresponds to a block, implying that no block is formed,
exchanging boundary rows after each layer-pack operation with the neigh-
boring computing segments leads to the previously mentioned communi-
cation overhead. On the other hand, if a single block consisting of all layer-
packs in the CNN model is formed, there will be a significant amount of
additional computation costs that exceed the aforementioned communi-
cation costs. Thus, there exists a trade-off between communication and
computation.

The layer-pack block formation is shown in Fig. 5.3 where Nbl is the num-
ber of blocks and NLAY

b is the number of layer-packs in block b.

5.1.3 Hybrid Parallelism

The utilization of both data and model parallelism for collaborative CNN
inference can be regarded as a promising solution. Data parallelism effec-
tively addresses challenges associated with large input data sizes, while
model parallelism brings a multiple-filter computation opportunity to the
system. However, merging data and model parallelism in scenarios where
multiple filters are present in each convolutional layer is quite challenging.
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This is because, after the first layer-pack operation, each C-RCD requires
the complete output data from all other C-RCDs to proceed to the next
layer-pack operation. However, in hybrid parallelism, C-RCDs lack this
entire data because of the data parallelism that divides the input data at
the start of the operation.

One potential solution for merging these parallelism techniques involves
segmenting the C-RCDs and assigning different partial input data to C-
RCDs within different segments. With this approach, the DO-RCD assigns
and distributes each partial input data to each segment having multiple
C-RCDs, which is the data parallelism part. With the assigned partial in-
put data, the model parallelism inference is then performed in the C-RCDs
inside each segment. However, implementing this approach requires an
excessive amount of point-to-point communication between the DO-RCD
and C-RCDs to send each partial input data and receive the output data
after each block operation.

To address this challenge, this study introduces an intermediate device,
such as a relay device, within each segment to coordinate the commu-
nication between the DO-RCD and C-RCDs. This device is responsible
for receiving the partial input data from the DO-RCD, broadcasting it to
the C-RCDs in its segment, orchestrating the model parallelism part of
the system, and sending the final output data after each block operation
to the DO-RCD to form the new input data for the next block operation.
This relay device plays a crucial role in facilitating efficient communica-
tion and orchestration in hybrid parallelism scenarios, reducing communi-
cation complexity and enhancing the overall system’s performance.

5.2 Relay-assisted Collaborative CNN Inference
Considering Hybrid Parallelism

The relay-assisted collaborative CNN inference framework, incorporating
hybrid parallelism, is illustrated in Fig. 5.4. This model comprises a single
DO-RCD that possesses the input data, Nrel number of computing seg-
ments, each of which contains a single relay and Km number of C-RCDs
assigned to segment m to participate in the collaborative computation.

To address the convolution operation’s characteristics, which require ad-
ditional redundant rows, the number of redundant rows dR

b for block b
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operation is determined as

dR
b =

NLAY
b

∑
n=1

2n−1 (5.2)

Before the operation starts, the CNN model is entirely pre-trained in pow-
erful cloud servers by offline datasets. Therefore, this study, as well as
other studies in the previous chapters, mainly focuses on the inference
phase rather than the training phase.

The workflow for each block operation within the relay-assisted collabora-
tive CNN inference framework is as follows:

• The input data is initially divided into Nrel number of pieces by the
DO-RCD before the first block operation. It is then sent to each re-
lay along with dR

1 number of redundant rows. On the other hand,
only dR

b number of rows are sent before the blocks other than the first
block since the partial input data already exists in each relay from the
previous block operation. This step is referred to as the input distri-
bution (ID) in the data parallelism part of the system. It is important
to note that retaining the majority of the input and output data in
relay devices significantly reduces communication overhead.

• Once the partial input data is received by each relay, it orchestrates
the model parallelism part of the system with its assigned C-RCDs.
The model parallelism consists of three stages, which are repeated
for each layer-pack operation within the same block.

– First, each relay broadcasts the input data with the redundant
rows to the assigned C-RCDs.

– Next, each C-RCD executes its local computation using the par-
tial input data and assigned filters.

– After each layer-pack operation, each C-RCD returns the sum-
mation of its assigned filter’s output data to its relay. The relay
aggregates the output data from all C-RCDs and uses it as the
input data for the next layer-pack operation.

• At the end of all layer-pack operations within the same block, each
relay sends the boundary rows to the DO-RCD to be used for the next
layer-pack operation. For the final block operation, each relay sends
the entire output data to the DO-RCD, rather than just the boundary
rows, to complete the collaborative CNN inference.
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• DO-RCD collects all boundary rows, and the process continues from
the input distribution stage of the next block operation.

In the next section, the energy consumption of each stage in this relay-
assisted collaborative CNN inference framework with hybrid parallelism
is modeled and analyzed.

5.3 Energy Consumption Modeling

In this study, we assume that each computing segment is spatially sparse,
meaning that interference between segments is negligible. However, it’s
important to note that in scenarios where segments are closer together, the
impact of interference on energy consumption optimization must be fur-
ther investigated. This will be a focus of our study in Chapter 6.

The energy consumption stages can be divided into three parts for each
block, namely,

• partial input distribution by the DO-RCD to each relay (First stage of
data parallelism),

• the collaborative computation in each computing segment, composed
of a single relay and multiple C-RCDs (Model parallelism), includ-
ing the broadcasting stage, local computation stage, and aggregation
stage,

• output transmission (OT) to the DO-RCD by each relay after all layer-
pack operations in the block are performed (Last stage of data paral-
lelism).

5.3.1 Input Distribution (ID)

This stage marks the beginning of each block operation, during which the
DO-RCD transmits partial input data to each relay. These relays coordi-
nate the intra-block collaborative computation in the model parallelism
segment with their assigned C-RCDs. The achievable data rate for commu-
nication between the DO-RCD and relay m for block b operation is given
by

rID
b,m = B ln(1 +

pID
b,m

hID
b,m

l(RID
b,m)

BN0
) (5.3)

where pID
b,m is the RF transmit power of the DO-RCD (shown as k̃) during

ID, B is the communication bandwidth, N0 is the noise power density, hID
b,m
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and RID
b,m are the channel gain and distance between DO-RCD and relay

m for block b operation during ID, respectively and l(R) = cPLRα is the
path-loss model where α is the path-loss exponent, cPL = (4π fc/c0)

2 is the
path-loss constant, fc is the carrier frequency and c0 is the speed of light.

The energy consumption of ID to relay m for block b operation is

EID
b,m = tID

b,m(pID
b,m + Pc

k̃
) (5.4)

where Pc
k̃

is the constant power consumption of the communication cir-

cuitry in the DO-RCD and tID
b,m is the time required to send the input data

to relay m during block b operation. The number of bits dID
b,m that must be

sent during ID is upper-bounded by the following constraint:

dID
b,m ≤ tID

b,mrID
b,m (5.5)

where dID
b,m is defined as

dID
b,m =

{
(dm + ImdR

1 )d
col if b = 1

ImdR
b dcol

b otherwise
(5.6)

Here, dcol
b = dcol

2∑b−1
b′=1

NLAY
b′

and Im is the indicator function; it is 1 for top and

bottom relays in the input data map (for m = 1 and m = Nrel) and 2
otherwise. For the first block operation, the DO-RCD sends both the partial
input data and the redundant rows during the ID stage. For subsequent
block operations, only redundant rows are sent by the DO-RCD, as the
majority of the input data is already present in the relays.

5.3.2 Model Parallelism

Once the relay devices receive the partial input data from the DO-RCD
before each block operation, the relay devices play a crucial role in orches-
trating the model parallelism part of the system. During this part, the relay
devices optimally allocate the convolutional layer filters among Km num-
ber of participating C-RCDs assigned to relay m, taking into account their
heterogeneous computing capabilities, as well as different network con-
ditions, including channel gain, environmental noise, and path-loss com-
ponents. These network conditions collectively influence the optimal dis-
tribution of computational resources, affecting signal strength and signal
attenuation.
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The process for each layer-pack operation within a given block consists of
three distinct stages:
(1) Broadcasting: In this stage, the partial input data received from the DO-
RCD is broadcasted to all participating C-RCDs through the relay devices.
(2) Collaborative Local Computation: Multiple C-RCDs execute local com-
putation.
(3) Aggregation: Following the local computation, the output data gener-
ated by each C-RCD’s assigned filters is aggregated at the relay to create
the output of that layer-pack.

These stages are performed iteratively for each layer-pack operation within
the block. After each layer-pack operation, each C-RCD transmits the sum-
mation of the output data generated by its assigned filters back to the relay.
The relay device then combines these outputs to generate the new input
data for the subsequent layer-pack operation.

Broadcasting (BC)

Relay m broadcasts the input data for layer-pack n operation of block b to
the participating C-RCDs at the achievable data rate

rBC
nb ,m = B ln(1 +

pBC
nb ,m min

km

{
hBC

nb ,km

l(RBC
nb ,km

)

}
BN0

) (5.7)

where pBC
nb ,m is the RF transmit power of relay m, hBC

nb ,km
and RBC

nb ,km
are the

channel gain and distance between relay m and C-RCD k during layer-pack
n operation of block b, respectively. The achievable data rate is dominated
by the C-RCD, with the weakest channel condition among the others.

The energy consumption associated with broadcasting by relay m to trans-
mit the partial input data for layer-pack n operation of block b is

EBC
nb ,m = tBC

nb ,m(pBC
nb ,m + Pc

m) (5.8)

where Pc
m and tBC

nb ,m are the constant power consumption of the communi-
cation circuitry and the broadcasting time for relay m during layer-pack n
operation of block b, respectively. The number of bits broadcasted, denoted
as dBC

nb ,m, is constrained by

dBC
nb ,m =

(
db,m + Im(dR

b + 1 − 2n−1)

2n−1

)
dcol

b
2n−1 ≤ tBC

nb ,mrBC
nb ,m (5.9)
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where db,m = dm

2∑b−1
b′=1

NLAY
b′

represents the number of rows held by relay m,

excluding the redundant rows before block b operation.

Collaborative Local Computation

Once the input data is received, each C-RCD starts its local computation.
Given that convolutional layers are the primary energy consumers in such
operations, we focus on their energy consumption, similar to previous
chapters.

The number of MAC operations NMAC
nb ,km

to be performed by C-RCD k of
relay m for layer-pack n operation of block b is

NMAC
nb ,km

= (dfilter)2

(
db,m + Im(dR

b + 1 − 2n)

2n−1

)
dcol

b
2n−1 dch

nb ,km

= αnb ,mdch
nb ,km

(5.10)

where dch
nb ,km

corresponds to the number of filters assigned to C-RCD k of
relay m for layer-pack n operation in block b, αnb ,m is defined for easier
notation. We also consider dfilter = 3 as the preferred filter dimension.

The energy consumption of local computation in C-RCD k of relay m for
layer-pack n operation of block b under the low CPU voltage assumption
[73–76] is

ELOC
nb ,km

=
κkm c3

km
(NMAC

nb ,km
)3

(tLOC
nb ,km

)2
= κkm c3

km
(αnb ,m)

3
(dch

nb ,km
)3

(tLOC
nb ,km

)2
(5.11)

where κkm is the effective hardware capacitance coefficient, ckm is the num-
ber of CPU cycles per MAC operation, and tLOC

nb ,km
is the time required to

complete the local computation of layer-pack n operation of block b for
C-RCD k of relay m. Regarding this stage, the following constraint holds:

ckm NMAC
nb ,km

= ckm αnb ,mdch
nb ,km

≤ νmax
km

tLOC
nb ,km

(5.12)

which puts an upper-bound for the frequency of each CPU in the C-RCDs
where νmax

km
is the maximum allowed CPU frequency for C-RCD k of relay

m.
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Aggregation

Each C-RCD k transmits the summation of the output data of their assigned
filters for layer-pack n operation to its relay m. The achievable data rate for
this transmission is given by

rAgg
nb ,km

= B ln(1 +

pAgg
nb ,km

hAgg
nb ,km

l(RAgg
nb ,km

)

BN0
) (5.13)

where pAgg
nb ,km

is the RF transmit power of C-RCD k of relay m, hAgg
nb ,km

and

RAgg
nb ,km

are the channel gain and distance between relay m and C-RCD k
during aggregation of layer-pack n operation of block b, respectively.

The energy consumption of aggregation by C-RCD k of relay m to send the
summation of the output data for layer-pack n operation of block b is

EAgg
nb ,km

= tAgg
nb ,km

(pAgg
nb ,km

+ Pc
km
) (5.14)

where Pc
km

is the constant power consumption of the communication cir-

cuitry and tAgg
nb ,km

is the transmission time for C-RCD k of relay m. Regarding
the aggregation stage, we have the following constraint:

dAgg
nb ,m =

(
db,m + Im(dR

b + 1 − 2n)

2n

)
dcol

b
2n ≤ tAgg

nb ,km
rAgg

nb ,km
(5.15)

where dAgg
nb ,m is the number of transmitted bits during each aggregation

stage.

5.3.3 Output Transmission (OT)

This stage is the final part of the data parallelism phase for each block op-
eration. After completing the model parallelism phase for each layer-pack
operation within the block, each relay m is responsible for sending either
only the redundant boundary rows required for the next block operation
or the entire output data if the current block is the last block in the model.
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The achievable data rate for the communication between relay m and the
DO-RCD during OT is given by

rOT
b,m = B ln(1 +

pOT
b,m

hOT
b,m

l(ROT
b,m)

BN0
) (5.16)

where pOT
b,m is the RF transmit power of relay m, hOT

b,m and ROT
b,m are the chan-

nel gain and distance between relay m and the DO-RCD for block b opera-
tion during OT, respectively.

The energy consumption of OT for relay m to send the output data for
block b operation is

EOT
b,m = tOT

b,m(pOT
b,m + Pc

m) (5.17)

where tOT
b,m is the transmission time for relay m during block b operation.

The constraint of this stage for the number of bits dOT
b,m that needs to be sent

during OT is
dOT

b,m ≤ tOT
b,mrOT

b,m (5.18)

where dOT
b,m is defined as

dOT
b,m =


db,m

2NLAY
b

dcol
b

2NLAY
b

if b = Nbl

ImdR
b+1

dcol
b

2NLAY
b

otherwise
(5.19)

where the redundant boundary rows for the next block operation are sent
by each relay to the DO-RCD, which collects all the redundant boundary
rows and sends them to each relay for the next block operation. Thus, each
relay keeps most of the output data in itself since it will be used for the next
block operation in the same relay. The only exception to this procedure is
that if the current block is the last block, each relay needs to send the entire
output data to the DO-RCD to complete the collaborative CNN inference.

5.4 Problem Formulation

Before formulating the problem, we have some additional constraints that
need to be considered, such as

Km

∑
k=1

dch
nb ,km

= dch
nb

(5.20)
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tBC
nb ,m + tLOC

nb ,km
+ tAgg

nb ,km
≤ tnb ,m (5.21)

tID
b,m +

NLAY
b

∑
n=1

tnb ,m + tOT
b,m ≤ tb (5.22)

Nbl

∑
b=1

tb ≤ τ (5.23)

where tnb ,m, tb, and τ are the allocated times for each layer-pack opera-
tion in each block, each block operation, and the whole operation, respec-
tively. Constraint (5.20) states that the summation of the number of filters
assigned to each C-RCD should be equal to the total number of filters dch

nb
in convolutional layer n of block b. Constraint (5.21) means that each layer-
pack operation of the blocks in the model parallelism part needs to be com-
pleted in the allocated time tnb ,m for each relay. Constraint (5.22) is a similar
constraint of data parallelism for the DO-RCD to receive the output data
of each relay after each block operation at the same time. Last, constraint
(5.23) simply indicates that the whole procedure needs to be completed
under τ seconds, which is the maximum allowed latency of the system.

To formulate the convex optimization problem, some non-convex constraints
related to communication stages are replaced with equivalent RF energy
parameters, following the approach used in previous studies in Chapters 3
and 4. These parameters are EIDRF

b,m = pID
b,mtID

b,m, EBCRF
nb ,m = pBC

nb ,mtBC
nb ,m, EAggRF

nb ,km
=

pAgg
nb ,km

tAgg
nb ,km

and EOTRF
b,m = pOT

b,mtOT
b,m, which are the consumed RF energy in

each communication stage. Then, we modify the related constraints (5.3),
(5.4), (5.7), (5.8), (5.13), (5.14), (5.16), (5.17) in each communication-related
stage by substituting the RF energy parameters wherever the RF transmit
power parameters are seen.

After convexifying the problem, the final convex optimization problem is
formulated as

min.
x

Nbl

∑
b=1

Nrel

∑
m=1

EID
b,m + EOT

b,m +
NLAY

b

∑
n=1

(
EBC

nb ,m +
Km

∑
k=1

(
ELOC

nb ,km
+ EAgg

nb ,km

))
s.t. (5.5), (5.9), (5.12), (5.15), (5.18), (5.20), (5.21), (5.22), (5.23),

0 ≤ tID
b,m, tBC

nb ,m, tAgg
nb ,km

, tOT
b,m, tLOC

nb ,km
, dch

nb ,km
, EIDRF

b,m , EBCRF
nb ,m , EAggRF

nb ,km
, EOTRF

b,m
(5.24)

where x = {tID
b,m, EIDRF

b,m , tBC
nb ,m, EBCRF

nb ,m , tAgg
nb ,km

, EAggRF
nb ,km

, tOT
b,m, EOTRF

b,m , tLOC
nb ,km

, dch
nb ,km

,
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tnb ,m, tb}, ∀n ∈ [NLAY
b ], ∀k ∈ [Km], ∀b ∈ [Nbl] and ∀m ∈ [Nrel]. The op-

timization problem can be easily solved via classical convex optimization
techniques and Lagrange duality theory. However, a decomposition strat-
egy can be employed to solve the problem independently at different loca-
tions without any loss of generality, utilizing the primal-dual decomposi-
tion technique as proposed in Section IV-A1 of [67]. The resulting problem
formulation aligns with the problem (31) stated in [67]. This decomposition
technique entails solving an internal model parallelism optimization prob-
lem at each relay in the network, as well as an external data parallelism
optimization problem at the DO-RCD. This distributed approach enables
the sharing and distribution of the optimization workload among multiple
devices, as opposed to being executed solely on a single device.

Given the allocated time tb,m =
NLAY

b
∑

n=1
tnb ,m for each block operation, the

internal model parallelism optimization problem is solved for the model
parallelism parameters as follows:

(EINT
nb ,m)

∗ =min.
xint

EBC
nb ,m +

Km

∑
k=1

(
ELOC

nb ,km
+ EAgg

nb ,km

)
s.t. (5.9), (5.12), (5.15), (5.20), (5.21)

0 ≤ tBC
nb ,m, EBCRF

nb ,m , tAgg
nb ,km

, EAggRF
nb ,km

, tLOC
nb ,km

, dch
nb ,km

(5.25)

Here, (EINT
nb ,m)

∗ is the minimized energy consumption for layer-pack n op-
eration in block b for relay m and

xint = {tBC
nb ,m, EBCRF

nb ,m , tAgg
nb ,km

, EAggRF
nb ,km

, tLOC
nb ,km

, dch
nb ,km

, tnb ,m} (5.26)

where ∀n ∈ [NLAY
b ], ∀k ∈ [Km], ∀b ∈ [Nbl] and ∀m ∈ [Nrel]. By using the

minimized energy consumption (EINT
nb ,m)

∗ values, the external data paral-
lelism optimization problem can be solved as

min.
xext

EID
b,m + EOT

b,m + (EINT
b,m )∗

s.t. (5.5), (5.18), (5.22), (5.23)

0 ≤ tID
b,m, EIDRF

b,m , tOT
b,m, EOTRF

b,m , tb,m

(5.27)
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where (EINT
b,m )∗ =

NLAY
b
∑

n=1
(EINT

nb ,m)
∗ and

xext = {tID
b,m, EIDRF

b,m , tOT
b,m, EOTRF

b,m , tb,m, tb} (5.28)

where ∀b ∈ [Nbl] and ∀m ∈ [Nrel]. The DO-RCD and relays can iteratively
exchange the allocated time tb,m and the result of the internal optimization
problem (EINT

b,m )∗ for each block operation until the convergence is reached.
In this study, we assume that the number of rows assigned to each relay is
equal, i.e., dm = drow/Nrel.

5.5 Simulation Results

This section presents the simulation results that benchmark the proposed
hybrid parallelism approach with relay-assisted communication against
other possible scenarios and show the efficacy of the proposed approach in
improving the achievable trade-off between communication and computa-
tion. Table 5.1 provides an overview of the parameters employed, inspired
by the articles [20, 24]. Similar to the previous chapters, the simulation re-
sults provided here derive from the average of outcomes obtained from
1000 different random channel realizations.

Throughout the simulation results, the layer-pack block formation scenario
is denoted through the vector [NLAY

1 NLAY
2 ... NLAY

Nbl ] whose number of en-
tries is equal to the number of blocks Nbl. Notably, communication costs in
the figures include the overall energy consumption of all communication-
related stages, including input distribution, broadcasting, aggregation, and
output transmission, while computation costs are the overall energy con-
sumption of collaborative local computation among all C-RCDs.

5.5.1 Comparison of the Proposed Approach With Bench-
mark Scenarios

In this subsection, the proposed collaborative approach with hybrid paral-
lelism and relay-assisted communication is compared to other benchmark
non-collaborative and collaborative scenarios. The integration of relay-
assisted communication, hybrid parallelism, and layer-pack block forma-
tion proves to be essential in achieving superior performance when com-
pared to other benchmark scenarios.

In Fig. 5.5, the proposed collaborative, hybrid parallelism, and relay-assisted
CNN inference approach is compared to a scenario where the input data
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TABLE 5.1: Selected parameters for the simulation results
of Chapter 5

Parameters Values Units
κkm Unif([10−28; 10−27]) /
ckm Unif([150; 350]) CPU cycles/MAC

νmax
km

Unif([1; 3]) GHz
h(Each channel gain) CN (0, 10−3)(Rayleigh) /

Pc
k̃

& Pc
m & Pc

km
Unif([10; 25]) mW

B 2 MHz
N0 0.5 × 10−11 W/MHz
fc 2.1 GHz
α 2.5 /

RID
b,m & ROT

b,m Unif([100; 150]) m

RBC
nb ,km

& RAgg
nb ,km

Unif([10; 20]) m
drow 384 bits
dcol 128 bits
dch

nb
16 /

is entirely offloaded to a powerful edge server (ES) by the DO-RCD. This
scenario comprises three stages: the transmission of the entire input data
to the ES by the DO-RCD, model computation, and output transmission
to the DO-RCD by the ES. The parameters of ES are selected as κES =
Unif([10−28; 10−27]), Pc

ES = Unif([10; 25]) mW, cES = Unif([55; 75]) CPU
cycles/MAC and νmax

ES = Unif([3; 5]) GHz to guarantee a higher com-
puting capability compared to the RCDs. The scenarios are evaluated for
different network coverage distances where the coverage of the proposed
approach extends from the DO-RCD to the relays, while the ES scenario
coverage extends from the DO-RCD to the ES. As illustrated in Fig. 5.5,
collaborative model execution across multiple RCDs significantly reduces
energy consumption in comparison to the ES scenario across all network
coverage distances, highlighting the efficiency of collaborative and parallel
CNN model inference among multiple RCDs.

Fig. 5.6 illustrates the comparison in terms of energy consumption between
the proposed collaborative approach and three other collaborative scenar-
ios. The first benchmark scenario adopts data parallelism with multiple
computing segments. In this scenario, each relay within each comput-
ing segment chooses a single C-RCD that consumes the minimum energy
among other C-RCDs in the same segment. As a result of a lack of model
partitioning, this selected C-RCD must carry out all filter computations for
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each layer-pack operation. The parameters selected for this scenario are the
number of relays Nrel = 3, the layer-pack distribution NLAY

b = [1 2] and
the number of blocks Nbl = 2. The second scenario employs only model
parallelism, where the complete input data is transmitted to the comput-
ing segment that consumes the minimum energy among other computing
segments. Due to the absence of data partitioning, only one computing
segment is involved in the collaborative computation. This computing
segment comprises a single relay and multiple C-RCDs, the same as the
proposed approach. Since there is no data parallelism, no layer-pack block
formation exists in this scenario. In the third scenario, hybrid parallelism
with both model and data parallelism is considered without relay-assisted
communication to compare with the proposed approach and investigate
the performance boost achieved by having relay-assisted communication.
In this scenario, partial input data is transmitted point-to-point to each C-
RCD in each computing segment, and the output data of each layer-pack
operation is fully transmitted back to the DO-RCD due to the absence of
relays and layer-block formation. All these scenarios are visually repre-
sented in Fig. 5.7. Also, the system workflows of all benchmark scenarios
are explained step by step in Tables 5.2 and 5.3 where the communication
and computation stages are highlighted with blue and red font colors, re-
spectively.

Based on the results presented in Fig. 5.6, it can be inferred that hybrid par-
allelism plays an important role in meeting the low latency requirements,
particularly for τ < 0.4 s. In instances where low latency is essential,
the data parallelism scenario suffers due to the lack of model partition-
ing since all filter computations are handled by a single C-RCD, whereas
the model parallelism scenario fails to satisfy the computational demands
of large input data, which are sent and allocated to a single computing
segment. For high latency values, the data parallelism scenario exhibits
a performance that is nearly equivalent to the proposed approach since
each C-RCD has sufficient time to overcome its computational workload.
The third scenario to compare with the proposed approach considers hy-
brid parallelism without relay-assisted communication. For low latency
values below 0.4 s, this scenario incurs an energy consumption that is ap-
proximately 25 times higher than that of the proposed approach, while a
noticeable difference in energy consumption persists even for higher laten-
cies. This observation underscores the significance of incorporating relay-
assisted communication into a hybrid parallelism system. In the absence
of relays, a large number of point-to-point communication stages would
be required to transmit partial input data from the DO-RCD to multiple C-
RCDs within each segment. Moreover, the output data of each layer-pack
operation is transmitted directly to the DO-RCD, which may be located far
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from the C-RCDs, thereby destroying the advantages of layer-pack block
formation.

5.5.2 Impact of Various Block Formation Configurations on
Energy Consumption

In this subsection, we present the impact of various block formation config-
urations on both communication and computation energy consumption in
two distinct scenarios. The simulation results for this impact are depicted
in Fig. 5.8 for the scenario where no optimization has been applied to the
workload, communication, and computation parameters. In this setup,
the partial input data size is assumed to be distributed equally among all
computing segments, along with an equal allocation of filters to each C-
RCD within the same computing segment. Furthermore, the maximum
allowed latency τ is uniformly distributed to each energy stage, includ-
ing input distribution, broadcasting, local computation, aggregation, and
output transmission. Fig. 5.9 showcases the simulation results regarding
the impact of block formation configuration for our approach, where the
proposed joint optimization effect is included.

When the model consists of three blocks, with each layer-pack represented
as an individual block, it leads to higher energy consumption. This is at-
tributed to the increased communication that occurs after each layer-pack
between the DO-RCD and the relays. Conversely, if a single block con-
sisting of all layer-packs exists in the model, i.e., the 1-block scenario, the
computation costs escalate due to the exponential increase in the amount
of redundant row computation. The best scenario is to have two blocks,
with the layer-pack distribution [1 2]. As such, the block formation con-
figuration significantly affects the communication-computation trade-off,
necessitating its consideration for energy consumption optimization.

Upon comparing the simulation results between our proposed approach
and the non-optimized scenario, a huge reduction in energy consumption
is observed compared to the non-optimized scenario when the optimiza-
tion is applied to the system. Also, as seen in Fig. 5.9, the performance gap
between different block formation configurations is minimized for the pro-
posed approach so that the system can adapt to different block formation
configurations easily.

Our findings in this subsection underscore the critical role of block for-
mation configuration in shaping energy consumption dynamics. Choos-
ing the best block formation configuration can lead to considerable energy
savings.
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5.5.3 Impact of the Number of C-RCDs per Relay on En-
ergy Consumption

Fig. 5.10 investigates the impact of the number of C-RCDs per relay Km on
the energy consumption, where the number of relays is fixed at Nrel = 3.
Increasing the number of C-RCDs per relay leads to achieving more en-
ergy efficiency until a certain point, as the computation costs are the pri-
mary factor in the energy consumption for a low number of C-RCDs due to
the lack of enough computing capability of the system. However, energy
consumption begins to rise for more than 8 C-RCDs per relay. The reason
for this observation is that after this point, the addition of more C-RCDs
to each computing segment brings additional communication costs, which
start to dominate over what the system gains from the computation costs.
This finding emphasizes the significance of identifying the best trade-off
point between communication and computation. Leveraging communica-
tion opportunities enables obtaining more computing capabilities until a
specific trade-off point. However, requesting more collaboration beyond
this point is inefficient since communication costs start to outweigh com-
putation costs.

5.5.4 Impact of the Number of Computing Segments on En-
ergy Consumption

Fig. 5.11 presents an alternative scenario where the number of computing
segments is varied to investigate the impact on the energy consumption
of the system. Each computing segment is composed of a single relay and
8 C-RCDs. For a small number of computing segments, the computation
costs are relatively high compared to the communication costs due to the
high input data size per computing segment and the low total computing
capability of the system. Adding a computing segment reduces the input
data size per computing segment and introduces additional computing ca-
pability to the system, resulting in an exponential decrease in computation
costs at the price of increased communication costs due to the increased
amount of communication between the DO-RCD and the growing num-
ber of computing segments. Hence, there is a specific point beyond which
adding more segments does not achieve a more energy-efficient system
despite decreasing computation costs.
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5.5.5 Effect of the Number of Relays and Latency on Energy
Consumption

In this subsection, we show the impact of varying the number of relays
and latency on energy consumption and investigate how different number
of relays and latency values affect both communication and computation
costs in the system. The results reveal valuable insights into the trade-off
between communication and computation, leading to the identification of
energy-efficient configurations for diverse scenarios.

Fig. 5.12 shows the effect of the number of relays on the energy con-
sumption when the total number of C-RCDs in the system is kept con-
stant, meaning that the total computing capability of the system remains
unchanged regardless of the number of relays. In this case, the total num-
ber of C-RCDs is assumed to be evenly shared among multiple computing
segments, each with a single relay. For a low number of relays, the commu-
nication costs are dominated by the high data size that must be exchanged
between the DO-RCD and relays during data parallelism and between re-
lays and C-RCDs during model parallelism. For a high number of relays,
the communication costs are dominated mainly by the increased amount
of communication between the DO-RCD and multiple relays during the ID
and OT stages. Changing the number of relays does not significantly affect
the computation costs, as the total computing capability of the system does
not change.

In Fig. 5.13, we investigate the effect of latency on the energy consumption
with several number of relay Nrel values while keeping the number of C-
RCDs per relay fixed at Km = 8, ∀m ∈ [Nrel]. For low latency scenarios,
where computation costs dominate, having more relays is beneficial as it
reduces the workload on each relay and its associated C-RCDs, as shown
for τ = 0.2 s, where the best-performing case is the one with Nrel = 6.
As the latency increases, having fewer relays is more energy-efficient since
computation costs begin to decrease, and communication costs become the
dominant factor in high allowed latency scenarios. As seen in the figure,
for high latencies, the best performing cases are the cases where Nrel = 2
or Nrel = 4.

Fig. 5.14 illustrates the communication and computation costs of differ-
ent number of relay values for three distinct latency scenarios for the fixed
number of C-RCDs per relay Km = 8. The results show that an increase
in the number of relays Nrel leads to a consistent reduction in the compu-
tation costs, as when the number of relays is increased, more C-RCDs are
introduced to the system, enhancing the overall computing capability. In
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Number of Relays for Different Latencies
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FIGURE 5.14: Energy consumption of communication
and computation vs. number of relays for different la-
tency scenarios for the fixed number of C-RCDs per relay
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b = [1 2]

return, the communication costs increase due to the communication over-
head between the DO-RCD and relays during the ID and OT stages. These
issues together establish the best trade-off point between communication
and computation for the number of relay values, which is seen as Nrel = 6
for low latency values and Nrel = 4 for mid and high latency values.

In Fig. 5.15, a scenario similar to Fig. 5.13 is presented, where the total
number of C-RCDs K is fixed at 20 instead of the number of C-RCDs per
relay Km, meaning that the total computing capability of the system is not
affected with the number of relays and latency. The figure reveals that in
contrast to the scenario depicted in Fig. 5.13, the best number of relays
Nrel does not change over all latency scenarios. The communication and
computation costs for this scenario, with three different latency values, are
presented separately in Fig. 5.16. Unlike Fig. 5.14, the computation costs
after Nrel = 4 start to increase. This is because adding more relays to
the system after a certain point results in a smaller number of C-RCDs
per relay, causing the system to have insufficient computing capability for
model parallelism in each computing segment. As a result, the system
consumes more energy during computation. Meanwhile, communication
costs continue to rise with additional relays due to the increased ID and
OT communication between the DO-RCD and multiple relays.
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5.6 Summary

This study proposes a relay-assisted and collaborative on-device execu-
tion scheme for CNNs in deep learning-driven applications. Our approach
leverages hybrid parallelism, combining data and model parallelism, to
optimize collaborative CNN inference on RCDs. To address the commu-
nication overhead associated with hybrid parallelism, we employ relay-
assisted communication and layer block formation techniques. These strate-
gies reduce the input data size per RCD and minimize point-to-point com-
munication between the data owner RCD and collaborative RCDs. Our ap-
proach aims to find the best trade-off point between communication and
computation for energy consumption minimization by formulating a con-
vex optimization problem, which optimizes the assignment of each filter
in each layer, as well as communication and computation parameters. We
also explore a decomposed approach to solve the problem in a distributed
manner. Our proposed approach holds significant potential for enhancing
the efficiency and performance of collaborative CNN inference.

The results of this study provide important insights for improving energy
efficiency in the system. The suggested relay-assisted hybrid parallelism
method performs better than other benchmark scenarios, such as solely re-
lying on data parallelism, only using model parallelism, and employing
hybrid parallelism without relay-assisted communication. This superior
performance is observed particularly in scenarios with large input data
sizes, low latency, and high model complexity. Notably, data parallelism
struggles with high model complexity, while model parallelism faces chal-
lenges with large input data sizes. The inefficiency of the system is ev-
ident when using hybrid parallelism without relay assistance due to ex-
cessive communication between the data owner device and other partici-
pating devices. Additionally, our findings align with those of a previous
study (Chapter 4), emphasizing the trade-off between communication and
computation with respect to the number of computing segments. Initially,
increased system collaborativeness is advantageous for energy efficiency
until a certain threshold, where computation consumption becomes the
dominant factor in scenarios with a low number of computing segments.
However, beyond this threshold, further increasing the number of com-
puting segments does not result in additional benefits, as communication
consumption begins to dominate overall energy consumption.

In the upcoming chapter, we extend the proposed relay-assisted hybrid
parallelism approach for collaborative CNN inference, considering the im-
pact of interference between devices.
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Chapter 6

Interference-Aware
Relay-Assisted
Collaborative CNN
Inference with Hybrid
Parallelism

In this chapter, we propose an interference-aware energy-efficient relay-
assisted collaborative CNN inference architecture based on a predefined
signal-to-interference-noise ratio (SINR) target SINRT by employing hy-
brid parallelism, integrating data and model parallelism. The proposed
system model is an extension of the one presented in Chapter 5, compris-
ing a data owner RCD responsible for the input data and multiple comput-
ing segments, each equipped with a relay and multiple C-RCDs. The main
objective of this chapter is to analyze the impact of interference between
relays and C-RCDs across various computing segments on the overall en-
ergy consumption during collaborative CNN inference. We also demon-
strate that the predefined SINRT value significantly impacts the trade-off
point between communication and computation. In our simulations, we
conduct a comprehensive performance analysis, comparing our approach
against several benchmark scenarios with the assumption of no interfer-
ence. Furthermore, we showcase the role of the SINRT value in shaping
the trade-off between communication and computation in terms of en-
ergy consumption. The contributions of this study include a comprehen-
sive system architecture for collaborative CNN inference, incorporating an
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interference-aware relay-assisted paradigm and hybrid parallelism. More-
over, we investigate how interference among different devices influences
the energy consumption trade-off between communication and computa-
tion.

6.1 Recap for Relay-Assisted Collaborative CNN
Inference with Hybrid Parallelism

In this section, we recap the relay-assisted collaborative CNN inference
scheme with hybrid parallelism, introduced in the study in Chapter 5.
In this chapter, we extend this relay-assisted approach to encompass an
interference-aware scenario, where we integrate SINR targets into the com-
munication model.

The system model for relay-assisted collaborative CNN inference, depicted
in Fig. 5.4, includes the DO-RCD with the input data, Nrel number of com-
puting segments, each of which contains a relay and Km number of C-RCDs
assigned to computing segment m.

The system workflow for each block execution entails:

• Pre-training the CNN model on powerful cloud servers using offline
datasets.

• Dividing input data into Nrel pieces by the DO-RCD before the first
block, sent to relays along with dR

1 number of redundant rows where
dR

b is the number of redundant rows that must be additionally sent
to each relay for block b operation. For subsequent blocks, only dR

b
redundant rows are sent, as relays already possess partial input data.
This step is referred to as the input distribution (ID).

• Executing model parallelism within each computing segment.

• At the end of all layer-pack operations within the block, relays send
boundary rows to the DO-RCD for the next layer-pack operations. In
the final block, the entire output data is sent to complete collaborative
CNN inference.

• DO-RCD collects boundary rows, and the process continues for the
next block until the last block operation.

The subsequent sections go into the details of the extended interference-
aware relay-assisted collaborative CNN inference architecture.
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6.2 Energy Consumption Modeling

In this section, we break down the energy consumption into three distinct
parts for each block, which are defined and explained in the following sub-
sections.

6.2.1 Input Distribution (ID)

The energy consumption modeling of the input distribution of this study
is identical to the modeling of the study in Chapter 5. To recap, during the
input distribution stage, the DO-RCD communicates with each relay m to
send the input data required for block b operation. The achievable data
rate rID

b,m for this communication can be expressed as

rID
b,m = B ln(1 +

pID
b,m

hID
b,m

l(RID
b,m)

BN0
) (6.1)

Here, pID
b,m represents the RF transmit power of the DO-RCD (denoted as

k̃) during ID, B is the communication bandwidth, N0 is the noise power
density, hID

b,m and RID
b,m are the channel gain and distance between DO-RCD

and relay m for block b operation during ID, respectively.

The energy consumption of ID for relay m during block b operation is given
by

EID
b,m = tID

b,m(pID
b,m + Pc

k̃
) (6.2)

where Pc
k̃

denotes the constant power consumption of the communication

circuitry in the DO-RCD and tID
b,m is the time to send the input data to relay

m for block b operation. The number of bits dID
b,m required to be sent during

ID is constrained by
dID

b,m ≤ tID
b,mrID

b,m (6.3)

where

dID
b,m =

{
(dm + ImdR

1 )d
col if b = 1

ImdR
b dcol

b otherwise
(6.4)

Here, dm is the number of rows assigned to computing segment m, dcol
b =

dcol

2∑b−1
b′=1

NLAY
b′

and Im is the indicator function; it is 1 for top and bottom relays

in the input data map (for m = 1 and m = Nrel) and 2 otherwise.
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6.2.2 Model Parallelism

After receiving the input data from the DO-RCD, the relay devices take on
the responsibility of managing the model parallelism part of the system.
In this phase, the relay devices optimally distribute convolutional layer
filters among the Km participating C-RCDs associated with each relay m,
considering their heterogeneous computing capabilities and different net-
work conditions. Within the same block, the process consists of three dis-
tinct stages.

Broadcasting (BC)

During the broadcasting stage, each relay broadcasts its partial input data
for layer-pack n operation of block b to the participating C-RCDs. Inter-
ference may occur between relays in different computing segments. The
SINR for this broadcasting is given by

SINRBC
nb ,m =

pBC
nb ,m mink

(
hBC

nb ,km

l(RBC
nb ,km

)

)
BN0 +

Nrel

∑
m′=1
m′ ̸=m

pBC
nb ,m′

hBC
nb ,m,m′

l(RBC
nb ,m,m′ )

≥ SINRT (6.5)

where a desired SINR target SINRT is given to the system. Here, pBC
nb ,m is

the RF transmit power of broadcasting in relay m, hBC
nb ,km

and RBC
nb ,km

are the
channel gain and distance between relay m and C-RCD k during layer-pack
n operation of block b, respectively.

The energy consumption of broadcasting by relay m for layer-pack n oper-
ation of block b is calculated as

EBC
nb ,m = tBC

nb ,m(pBC
nb ,m + Pc

m) (6.6)

where Pc
m and tBC

nb ,m are the constant power consumption of the communi-
cation circuitry and the time taken for broadcasting by relay m during the
operation of layer-pack n in block b, respectively.

The broadcasting time tBC
nb ,m is subject to the following constraint:

dBC
nb ,m

B ln(1 + SINRT)
≤ tBC

nb ,m (6.7)
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and

dBC
nb ,m =

(
db,m + Im(dR

b + 1 − 2n−1)

2n−1

)
dcol

b
2n−1 (6.8)

where dBC
nb ,m is the broadcasted number of bits, dcol

b = dcol

2∑b−1
b′=1

NLAY
b′

and db,m =

dm

2∑b−1
b′=1

NLAY
b′

is the number of rows associated with relay m except for the

redundant rows.

Collaborative Local Computation

After receiving the input data, each C-RCD performs its local computation.
This study emphasizes the energy consumption of convolutional layers, as
they predominantly contribute to energy usage over other layers [36, 71],
as stated in the other studies in Chapters 3, 4, 5.

The number of MAC operations NMAC
nb ,km

carried out by C-RCD k of relay m
for layer-pack n operation of block b is given by

NMAC
nb ,km

= (dfilter)2

(
db,m + Im(dR

b + 1 − 2n)

2n−1

)
dcol

b
2n−1 dch

nb ,km

= αnb ,mdch
nb ,km

(6.9)

where dfilter = 3 represents the preferred dimension of convolutional fil-
ters. The energy consumption associated with local computation in C-RCD
k of relay m for layer-pack n operation in block b under the low CPU volt-
age assumption [73–76] is

ELOC
nb ,km

=
κkm c3

km
(NMAC

nb ,km
)3

(tLOC
nb ,km

)2
= κkm c3

km
(αnb ,m)

3
(dch

nb ,km
)3

(tLOC
nb ,km

)2
(6.10)

where κkm is the effective hardware capacitance coefficient, ckm is the num-
ber of CPU cycles per MAC operation, and tLOC

nb ,km
is the time needed to

complete the local computation for layer-pack n operation in block b for
C-RCD k of relay m. Regarding this stage, the following constraint holds:

ckm NMAC
nb ,km

= ckαnb ,mdch
nb ,km

≤ νmax
km

tLOC
nb ,km

(6.11)

This constraint sets an upper limit on the frequency of each CPU in the C-
RCDs, where νmax

km
is the maximum allowed CPU frequency for C-RCD k

of relay m.
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Aggregation

In this stage, each C-RCD k transmits the summation of the output data of
its assigned filters for layer-pack n operation to its corresponding relay m,
adhering to the following criterion for SINR:

SINRAgg
nb ,km

=

pAgg
nb ,km

(
hAgg

nb ,km

l(RAgg
nb ,km

)

)
B

Km
N0 +

Nrel

∑
m′=1
m′ ̸=m

pAgg
nb ,km′

hAgg
nb ,km ,km′

l(RAgg
nb ,km ,km′

)

≥ SINRT (6.12)

where pAgg
nb ,km

is the RF transmit power of aggregation in C-RCD k of relay

m, hAgg
nb ,km

and RAgg
nb ,km

are the channel gain and distance between relay m and
C-RCD k, respectively. The energy consumption related to aggregation by
C-RCD k of relay m for layer-pack n operation of block b is

EAgg
nb ,km

= tAgg
nb ,km

(pAgg
nb ,km

+ Pc
km
) (6.13)

where Pc
km

is the constant power consumption of the communication cir-

cuitry and tAgg
nb ,km

denotes the time required for aggregation by C-RCD k of

relay m. The following constraint applies to the aggregation time tAgg
nb ,km

:

dAgg
nb ,km

B
Km

ln(1 + SINRT)
≤ tAgg

nb ,km
(6.14)

where

dAgg
nb ,km

=

(
db,m + Im(dR

b + 1 − 2n)

2n

)
dcol

b
2n (6.15)

Here, dAgg
nb ,km

is the number of bits sent by C-RCD k of relay m for layer-pack
n operation of block b.

6.2.3 Output Transmission (OT)

Following the model parallelism stage in each block, each relay m trans-
mits either only redundant boundary rows or the complete output data if
the current block is the last block in the model. The lower-bound of the
SINR value SINROT

b,m for the communication between relay m and DO-RCD
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throughout OT is

SINROT
b,m =

pOT
b,m

(
hOT

b,m
l(ROT

b,m)

)
BN0 +

Nrel

∑
m′=1
m′ ̸=m

pOT
b,m′

hOT
b,m,m′

l(ROT
b,m,m′ )

≥ SINRT (6.16)

where pOT
b,m is the RF transmit power of relay m, hOT

b,m and ROT
b,m are the chan-

nel gain and distance between relay m and the DO-RCD for block b opera-
tion during OT, respectively. Energy consumed for OT by relay m during
block b operation is

EOT
b,m = tOT

b,m(pOT
b,m + Pc

m) (6.17)

where tOT
b,m is the transmission time for relay m and block b operation. The

constraint of this stage for the transmission time tOT
b,m is

dOT
b,m

B ln(1 + SINRT)
≤ tOT

b,m (6.18)

and

dOT
b,m =


db,m

2NLAY
b

dcol
b

2NLAY
b

if b = Nbl

ImdR
b+1

dcol
b

2NLAY
b

otherwise
(6.19)

where dOT
b,m is the number of transmitted bits from relay m to the DO-RCD

after block b operation.

6.3 Additional Constraints

The system imposes several crucial additional constraints:

1. Filter Channel Distribution Constraint:

Km

∑
k=1

dch
nb ,km

= dch
nb

(6.20)

This constraint ensures that the filters are properly distributed among the
C-RCDs for each layer-pack operation within a block.
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2. Timing Constraint for Layer-Pack Operations:

tBC
nb ,m + tLOC

nb ,km
+ tAgg

nb ,km
≤ tnb ,m (6.21)

where tnb ,m denotes the allocated time for layer-pack n operation of block
b for relay m. This constraint ensures that the time allocated for broad-
casting, local computation, and aggregation within a layer-pack operation
does not exceed the total time available for that operation.

3. Timing Constraint for Block Operations:

tID
b,m +

NLAY
b

∑
n=1

tnb ,m + tOT
b,m ≤ tb (6.22)

where tb is the allocated time for block b. This constraint ensures that the
time allocated for input distribution, layer-pack operations, and output
transmission within a block does not exceed the total time available for
that block.

4. Overall Latency Constraint:

Nbl

∑
b=1

tb ≤ τ (6.23)

This constraint enforces the overall system latency requirement, ensuring
that the total execution time for all blocks does not exceed the specified
system latency, denoted as τ.

6.4 Problem Formulation

To transform the problem into a convex optimization problem, inspired
by our previous studies in Chapters 3, 4 and 5, new parameters are in-
troduced: EIDRF

b,m = pID
b,mtID

b,m, EBCRF
nb ,m = pBC

nb ,mtBC
nb ,m, EAggRF

nb ,km
= pAgg

nb ,km
tAgg
nb ,km

and

EOTRF
b,m = pOT

b,mtOT
b,m, representing RF energy consumption in various commu-

nication stages.
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The final convex optimization problem can be formally described as fol-
lows:

min.
x

Nbl

∑
b=1

Nrel

∑
m=1

EID
b,m + EOT

b,m +
NLAY

b

∑
n=1

(
EBC

nb ,m +
Km

∑
k=1

(
ELOC

nb ,km
+ EAgg

nb ,km

))
s.t. (6.3), (6.7), (6.11), (6.14), (6.18), (6.20), (6.21), (6.22), (6.23),

EBCRF
nb ,m min

k

(
hBC

nb ,km

l(RBC
nb ,km

)

)
≥ SINRT

BN0tBC
nb ,m +

Nrel

∑
m′=1
m′ ̸=m

EBCRF
nb ,m′

hBC
nb ,m,m′

RBC
nb ,m,m′

 ,

EAggRF
nb ,km

hAgg
nb ,km

l(RAgg
nb ,km

)
≥ SINRT

 B
Km

N0tAgg
nb ,km

+
Nrel

∑
m′=1
m′ ̸=m

EAggRF
nb ,km′

hAgg
nb ,km ,km′

RAgg
nb ,km ,km′

 ,

EOTRF
b,m

hOT
b,m

l(ROT
b,m)

≥ SINRT

BN0tOT
b,m +

Nrel

∑
m′=1
m′ ̸=m

EOTRF
b,m′

hOT
b,m,m′

ROT
b,m,m′

 ,

0 ≤ tID
b,m, tBC

nb ,m, tAgg
nb ,km

, tOT
b,m, tLOC

nb ,km
, dch

nb ,km
, EIDRF

b,m , EBCRF
nb ,m , EAggRF

nb ,km
, EOTRF

b,m
(6.24)

where x = {tID
b,m, EIDRF

b,m , tBC
nb ,m, EBCRF

nb ,m , tAgg
nb ,km

, EAggRF
nb ,km

, tOT
b,m, EOTRF

b,m , tLOC
nb ,km

, dch
nb ,km

,

tnb ,m, tb}, ∀n ∈ [NLAY
b ], ∀k ∈ [Km], ∀b ∈ [Nbl] and ∀m ∈ [Nrel]. The

optimization problem can be solved using classical convex optimization
methods and Lagrange duality theory. The problem seeks to minimize the
overall energy consumption while satisfying communication quality and
timing constraints.

6.5 Simulation Results

This section presents simulation results evaluating the performance of the
proposed approach, referred to as DoubleRel. The aim is to compare it
against alternative scenarios and demonstrate its effectiveness in enhanc-
ing the achievable trade-offs between communication and computation.

The first benchmark scenario, denoted as NoIntfc-SingleRel, involves a sin-
gle computing segment containing a relay and multiple C-RCDs. The sec-
ond scenario, NoIntfc-AllocBW, includes multiple computing segments, each
allocated a portion of the bandwidth to mitigate interference.
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TABLE 6.1: Selected parameters for the simulation results
of Chapter 6

Parameters Values Units
κkm Unif([10−28; 10−27]) /
ckm Unif([150; 350]) CPU cycles/MAC

νmax
km

Unif([1; 3]) GHz
h(Each channel gain) CN (0, 10−3)(Rayleigh) /

Pc
k̃

& Pc
m & Pc

km
Unif([10; 25]) mW

B 2 MHz
N0 0.5 × 10−11 W/MHz
fc 2.1 GHz
α 2.5 /

RID
b,m & ROT

b,m Unif([100; 150]) m

RBC
nb ,km

& RAgg
nb ,km

Unif([10; 20]) m
τ 0.5 s

dch
n 16 /

NLAY 3 /
NLAY

1 1 /
NLAY

2 2 /

Throughout our simulations, we employed parameter settings as detailed
in Table 6.1. These settings were inspired by the findings in the articles
[20, 24]. Just like in the previous chapters, the simulation results presented
here are based on averaging outcomes obtained from 1000 distinct random
channel realizations.

6.5.1 Impact of the Number of C-RCDs per Relay Km on
Energy Consumption of Different Scenarios

In Figures 6.1 and 6.2, we examine the energy consumption of different
scenarios as the number of C-RCDs per relay (Km) varies while consider-
ing different SINRT values. The objective is to analyze the trade-off be-
tween communication and computation and identify the optimal Km value
for each scenario. To ensure a fair comparison, we equalize the data rates
of the proposed DoubleRel and the NoIntfc-AllocBW scenarios in each com-
munication stage, expressed as rDoubleRel = rAllocBW . The data rates are
defined as

rDoubleRel = B ln(1 + SINRT), rAllocBW =
B

Nrel ln(1 + SINRO
T ) (6.25)
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where SINRO
T is the SINR target value of the scenario labeled NoIntfc-AllocBW.

We express SINRO
T as a function of SINRT as follows:

SINRO
T = (1 + SINRT)

Nrel − 1 (6.26)

Fig. 6.1 illustrates a configuration with input data sizes of drow = 256
bits and dcol = 128 bits. For scenarios with a low number of C-RCDs per
relay, the NoIntfc-SingleRel scenario exhibits the poorest performance. This
is due to the limitations of a single computing segment in handling the
computational demands of the CNN model within the specified latency
despite the absence of interference. As the number of C-RCDs per relay
increases, performance differences between scenarios diminish. This trend
occurs because the NoIntfc-SingleRel scenario reaches an optimal C-RCDs
per relay configuration, leveraging the advantages of a single computing
segment. However, excessive C-RCDs per relay in other scenarios lead to
diminishing returns beyond a certain threshold.

Across various Km values, the proposed DoubleRel scenario consistently
outperforms alternative scenarios. This is primarily due to its larger com-
puting capacity compared to the NoIntfc-SingleRel scenario and its larger
allocated bandwidth per computing segment than the NoIntfc-AllocBW sce-
nario. Regardless of the scenario, higher SINRT values contribute to im-
proved energy efficiency despite increased communication costs. This out-
come arises from the fact that higher SINRT values reduce the lower bounds
in (6.7), (6.14), and (6.18), thus requiring less time for communication-
related stages. This allows the system to allocate more time for local com-
putation, resulting in significantly reduced computation costs. In scenarios
with high computation loads, surprisingly, a slightly higher SINRT value
could potentially enhance overall energy efficiency.

In Fig. 6.2, the same configuration is used with smaller input data sizes,
specifically drow = 128 bits and dcol = 64 bits. In this case, a clear rela-
tionship between energy consumption and SINRT values is observed. In-
creasing SINRT leads to higher energy consumption. Unlike in Fig. 6.1,
where energy consumption decreases with higher SINRT values, here, the
dominant factor in energy consumption is communication costs due to the
reduced computational load resulting from smaller input data sizes. No-
tably, the NoIntfc-SingleRel scenario exhibits significantly lower energy con-
sumption than other scenarios when there is a high number of C-RCDs per
relay. This is due to the decreased input data sizes, which alleviate the com-
putational demands for this scenario. However, it still performs poorly for
a low number of C-RCDs per relay due to the lack of sufficient computing
capability compared to the other scenarios.
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vs. Km for several SINRT values for drow = 128 bits and

dcol = 64 bits
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These two figures underscore the trade-off between communication and
computation and emphasize the importance of tailoring the system imple-
mentation to the computational load of the CNN model. Notably, the Km
value is predefined and not optimized in this system. Thus, the key take-
away is to compare the energy consumption of different scenarios at their
best Km value where they perform optimally.

6.5.2 Impact of SINRT Value on Energy Consumption of
Different Scenarios

Fig. 6.3 depicts the energy consumption of different scenarios at their op-
timal Km values. The investigation varies SINRT values to assess their im-
pact on the trade-off between communication and computation. At low
SINRT values, all scenarios exhibit significantly higher energy consump-
tion due to the inverse relationship between SINRT value and the lower
bounds specified by (6.7), (6.14), and (6.18). A decrease in SINRT value
leads to higher lower bounds, prompting the system to allocate more time
for communication and less for computation. As a result, computation
costs substantially increase.

Conversely, with increasing SINRT values beyond a certain threshold, com-
munication costs start to dominate the overall energy consumption. There-
fore, increasing SINRT values beyond this threshold does not yield energy
efficiency benefits. The optimal SINRT value strikes the trade-off between
communication and computation costs, ensuring the system allocates an
appropriate amount of time for both stages. This trade-off is clearly visible
in the figures and underlines the importance of selecting an optimal SINRT
value that suits the specific system’s characteristics and computational de-
mands.

6.5.3 Energy Consumption of Communication and Compu-
tation with Different Km and SINRT Values

In this subsection, the energy consumption of communication and com-
putation in DoubleRel scenario is individually investigated for different Km
and SINRT values where the aim is to attain a clearer comprehension of the
trade-off between communication and computation.

In Fig. 6.4, with input data sizes set to drow = 256 bits and dcol = 128 bits,
the enhancement in energy efficiency is evident as the number of C-RCDs
per relay increases, up to a certain threshold. This increase in efficiency
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FIGURE 6.3: Energy consumption of different scenarios
with the optimal Km values vs. SINRT for drow = 256 bits

and dcol = 128 bits

occurs due to computation costs dominating the overall energy consump-
tion when the C-RCDs are few, resulting in insufficient computation ca-
pacity. Beyond 8 C-RCDs per relay, energy consumption starts to rise. This
is due to the point where additional C-RCDs introduce higher commu-
nication costs, overshadowing the benefits of reduced computation costs.
While collaboration improves computational capabilities until a particu-
lar threshold, further collaboration becomes inefficient as communication
costs surpass computation costs.

Fig. 6.5 employs the same experimental setup but with smaller input data
sizes (drow = 128 bits and dcol = 64 bits). The conclusions are aligned
with those from Fig. 6.4, yet notable differences emerge due to the re-
duced computational load. Communication costs gain prominence relative
to computation costs, leading to a diminished energy consumption differ-
ence between the optimal Km value (8) and lower Km values.
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6.6 Summary

This study presents an interference-aware relay-assisted collaborative CNN
inference framework that integrates hybrid parallelism, composed of both
data and model parallelism. By addressing challenges like communication
overhead and interference effects, the framework aims to minimize energy
consumption during collaborative CNN inference.

The investigation into the impact of SINR target value on communication-
related stages underscores its role in shaping the trade-off between com-
munication and computation energy consumption. At lower SINRT val-
ues, the system experiences notably higher energy consumption because a
reduction in SINRT results in the system allocating more time to commu-
nication and less to computation, consequently raising computation costs.
Conversely, as SINRT values surpass a certain threshold, communication
costs begin to dominate overall energy consumption. Hence, increasing
SINRT beyond this threshold does not lead to energy efficiency gains. This
emphasizes the importance of selecting an optimal SINRT value tailored to
the specific characteristics and computational demands of the system.
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Chapter 7

New Communication and
Computation Models for
Practical Deployment

In this chapter, we define new communication and computation models
and employ simulation parameters that are more practical-oriented. The
primary objective is to demonstrate the feasibility of the parallelism tech-
niques mentioned in this thesis for potential real-world deployment.

7.1 Practical Communication Model

To assess the energy consumption of each communication stage, we adopt
the power model detailed in [78], which accounts for the IEEE 802.11g
standard for WiFi-based communication. There are certain assumptions
that we consider in our calculations. Firstly, we consider the energy con-
sumption of both the transmitter and receiver sides at each communication
stage. Additionally, we assume ideal packet scheduling so that no schedul-
ing time is taken into account. Another assumption is that radios can turn
on and off immediately, eliminating the need to account for switching time
in our calculations.

By inspiring from [78], we define energy consumption models separately
for the transmitter (TX) and receiver (RX) sides of layer-pack n operation
in device k as

ETX
n,k = (ATX

k rTX
n,k + Fk)tTX

n,k = ATX
k (dn,k + dIP) + Fk tTX

n,k (7.1)

ERX
n,k = (ARX

k rRX
n,k + Fk)tRX

n,k = ARX
k (dn,k + dIP) + Fk tRX

n,k (7.2)
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where dn,k + dIP = rTX
n,k tTX

n,k = rRX
n,k tRX

n,k . Here, rTX
n,k and rRX

n,k represent the data
rates for transmission and reception in kilobits per second (kbps), respec-
tively. ATX

k and ARX
k denote positive values in Joules/kbit specific to the

transceiver for the data rates rTX
n,k and rRX

n,k , respectively. Fk signifies the con-
stant power consumption of the communication circuitry in Watts for each
transceiver. dn,k is the number of kbits to be sent in each communication
stage and dIP is the packet overhead in kbits.

The total energy consumption in each communication stage is given by

Ecommun
n,k = ETX

n,k + ERX
n,k = (ATX

k + ARX
k )(dn,k + dIP) + Fk tcommun

n,k (7.3)

where tcommun
n,k = tTX

n,k + tRX
n,k is the total allocated time for each communica-

tion stage.

We consider a single constraint for each communication stage, similar to
the communication model in previous chapters. This constraint is related
to the maximum number of bits that can be sent via each communication
channel and it can be expressed as

(dn,k + dIP)kbits(1000bits/kbits) ≤ tcommun
n,k B ln(1 +

ERF
n,k

tcommun
n,k

hn,k
l(Rn,k)

BN0
) (7.4)

where ERF
n,k is the RF energy consumption of each communication stage in

Joules.

7.2 Practical Computation Model

The computation model that we follow in this chapter relies on the con-
stant parameter cFLOPS

k , representing the number of FLOPs per Watt. This
parameter is device specific and the values of this parameter for several de-
vices can be found in [79]. The energy consumption of each computation
stage is modeled as

Ecomp
n,k =

NFLOP
n,k

cFLOPS
k

tcomp
n,k =

2 NMAC
n,k

cFLOPS
k

tcomp
n,k (7.5)

where NFLOP
n,k is the number of FLOPs for each computation stage in each

device, and tcomp
n,k is the allocated time for each computation stage. We have

the relationship NFLOP
n,k = 2 NMAC

n,k since one MAC operation corresponds
to two FLOPs (one for multiplication and one for addition).
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Unlike our computation model used in earlier chapters where the compu-
tation time is inversely proportional to the energy consumption of com-
putation, here, the computation time is directly proportional to the energy
consumption. This is because CPU frequency of each device is considered
to be constant in this computation model throughout all operation while
it is allowed to change in each CPU cycle for the computation model of
the previous chapters. Thus, the allocated time for each computation stage
becomes one of the optimizing parameters for the optimization problem
in the computation model of the previous chapters, where increasing the
time allocated to computation decreases the working CPU frequency of
devices, leading to more energy-efficient execution. In the present compu-
tation model, with a constant CPU frequency, for a given number of MAC
operations NMAC

n,k , tcomp
n,k becomes a constant parameter, which can be cal-

culated as

tcomp
n,k =

NFLOP
n,k

f CPU
k

=
2 NMAC

n,k

f CPU
k

(7.6)

where f CPU
k is the CPU working frequency of device k. Consequently, the

computation energy consumption expression can be modified as

Ecomp
n,k =

4 (NMAC
n,k )2

cFLOPS
k f CPU

k
(7.7)

We impose a single constraint for each computation stage, stating that the
power consumed in each computation stage for each device cannot exceed
its maximum allowed power Pcomp,max

k :

2 NMAC
n,k

cFLOPS
k

≤ Pcomp,max
k (7.8)

This constraint ensures that the power consumption during each compu-
tation stage adheres to the device’s specified maximum power limit.

7.3 Applying the Models for Model Parallelism
Scenario

In this section, we apply the introduced practical communication and com-
putation models to the model parallelism approach, as mentioned in Chap-
ter 4. The model parallelism scenario is selected to deploy these models for
its straightforward stages compared to other approaches, such as the relay-
assisted hybrid parallelism scenario.
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For the model parallelism approach, the energy consumption of the sys-
tem is divided into three distinct stages: broadcasting, collaborative local
computation, and aggregation.

7.3.1 Broadcasting

The energy consumption of broadcasting for layer-pack n operation is cal-
culated as

EBC
n = (ATX

k + Kn ARX
k )(dBC

n + dIP) + Fk tBC
n (7.9)

where the data parameters dBC
n and dIP are in kbits. The following con-

straint is imposed regarding this stage:

1000(dBC
n + dIP) ≤ tBC

n B ln(1 +

EBCRF
n
tBC
n

mink

(
hBC

n,k
l(RBC

n,k)

)
BN0

) (7.10)

The meaning of this constraint is explained in Section 7.1.

7.3.2 Collaborative Local Computation

The energy consumption of local computation in device k for layer-pack n
operation is given by

ELOC
n,k =

4 (NMAC
n,k )2

cFLOPS
k f CPU

k
=

4 362(drowdcol)2

16ncFLOPS
k f CPU

k
(dch

n,k)
2 (7.11)

where

NMAC
n,k = 36

drowdcol

4n dch
n,k (7.12)

We consider a single constraint for each computation stage, which is ex-
pressed as

2 NMAC
n,k

cFLOPS
k

=
72 drowdcol

4ncFLOPS
k

dch
n,k ≤ Pcomp,max

k (7.13)

stating that the power consumed in each computation stage in each device
cannot exceed its maximum allowed power Pcomp,max

k .
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7.3.3 Aggregation

The energy consumption for the aggregation in device k after layer-pack n
operation is computed as

EAgg
n,k = (ATX

k + ARX
k )(dAgg

n + dIP) + Fk tAgg
n,k (7.14)

where we have a similar constraint with the broadcasting stage:

1000(dAgg
n + dIP) ≤ tAgg

n,k B ln(1 +

EAggRF
n,k

tAgg
n,k

hAgg
n,k

l(RAgg
n,k )

BN0
) (7.15)

where the data parameter dAgg
n is in kbits.

7.3.4 Problem Formulation

By considering the same additional constraints (4.13), (4.14), (4.15), (4.16)
in Chapter 4, the final problem formulation looks like the following:

min.
x1

NLAY

∑
n=1

(EBC
n +

Kn

∑
k=1

ELOC
n,k +

Kn

∑
k=1
k ̸=k̃

EAgg
n,k )

s.t. (4.13), (4.14), (4.15), (4.16), (7.10), (7.13), (7.15),

0 ≤ dch
n,k, EBCRF

n , EAggRF
n,k ,

0 ≤ tBC
n , tAgg

n,k ≤ tn

(7.16)

where x1 = {{tn, tBC
n , EBCRF

n }NLAY

n=1 , {{dch
n,k}

Kn
k=1}

NLAY

n=1 ,

{{tAgg
n,k , EAggRF

n,k }Kn
k=1
k ̸=k̃

}NLAY

n=1 }.

7.4 Simulation Results

This section presents the simulation results obtained by incorporating the
new communication and computation models to the model parallelism
scenario proposed in Chapter 4. The selected parameters for these results
are shown in Table 7.1. The coefficients ATX

k and ARX
k were measured in [78]

as 1.4 × 10−5 J/kbits and 1.8 × 10−6 J/kbits, respectively. The constant
power consumption Fk of the communication circuitry is set to 4.8 × 10−4
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W [78]. It is assumed that there is packet overhead, and the minimum
length of an IP header is 20 bytes (160 bits), i.e., dIP = 0.16 kbits.

The simulation results are obtained based on averaging over 100 channel
realizations, with bandwidth B and carrier frequency fc values assigned
according to the IEEE 802.11g standard, specifically 20 MHz and 2.4 GHz,
respectively. To explore the impact of varying channel realizations on the
system performance, the results of all channel realizations are compared
and they give almost identical results. This implies that the system exhibits
robustness to variations in channel realizations.

For a potential real-time deployment, selecting an appropriate maximum
allowed latency is crucial. For this purpose, a latency-critical value is cho-
sen as τ = 10 ms.

As the CNN model, unlike the previous chapters, the network design of
a popular CNN architecture, AlexNet [80], is employed. AlexNet com-
prises 5 convolutional layers with varying numbers of filters in each layer
([96, 256, 384, 384, 256]). The motivation behind choosing AlexNet is that
it has a suitable amount of convolutional layers for our model parallelism
approach and different number of filters in each convolutional layer, which
provides us the opportunity to explore different scenarios for filter distri-
bution for each convolutional layer.

For participating devices, specifications from three different Raspberry Pi
models are utilized: Raspberry Pi-4B, Raspberry Pi-3B+, and Raspberry
Pi-2. The specifications of these devices can be found in Table 7.2, taken
from [79].

Three different scenarios are explored for the employment of participating
devices. The first scenario, called the mixed scenario, involves the equal in-
clusion of all three Raspberry Pi models. In the second scenario, termed the
low computing capability scenario, only Raspberry Pi-2 devices are used as
participating devices. The third scenario, referred to as the high computing
capability scenario, employs only Raspberry Pi-4B devices.

Fig. 7.1 illustrates the energy consumption values of the mixed scenario
corresponding to varying number of participating devices for τ = 10 ms.
The plot also includes the energy consumption of communication and com-
putation separately to show the trade-off using these models as well. Con-
sistent with the findings by using the models in previous chapters, the en-
ergy consumption is initially high for a low number of participating de-
vices, primarily driven by the dominant factor of the energy consump-
tion of computation. However, as the number of participating devices
increases, a critical point is reached where further additions provide no
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TABLE 7.1: Selected parameters for the simulation results
of Chapter 7

Parameters Values Units
ATX

k 1.4 × 10−5 J/kbits
ARX

k 1.8 × 10−6 J/kbits
Fk 4.8 × 10−4 W
dIP 0.16 kbits
hn,k CN (0, 10−3)(Rayleigh) /
Rn,k Unif([1; 20]) m

B 20 MHz
N0 10−12 W/MHz
fc 2.4 GHz
α 2.5 /

NLAY 5 /
dch

n [96, 256, 384, 384, 256] /
dcol & drow 128 /

τ 10 ms

TABLE 7.2: Specifications of participating devices for the
simulation results of Chapter 7

Device cFLOPS
k (GFLOPs/W) Pcomp,max

k (W) fCPU
k (GHz)

Raspberry Pi-2 0.432 3.6 0.9
Raspberry Pi-3B+ 0.73 9.4 1.4
Raspberry Pi-4B 1.35 8.2 1.5
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more energy-efficiency. This is due to the energy consumption of commu-
nication starting to become the dominant factor.

Fig. 7.2 is created to compare different deployment scenarios for partic-
ipating devices. In the case of low computing capability with Raspberry
Pi-2’s, there is a clear trade-off point between communication and com-
putation for the number of participating devices. However, when we in-
crease the capability of participating devices by replacing Raspberry Pi-2’s
with Raspberry Pi-4B’s, the optimal number of participating devices be-
comes much lower, even as low as 2, which is the minimum for a collabo-
rative scenario. This comparison helps us define the practical boundaries
where our approaches could potentially shine. Additionally, we include
the data-point 1 on the x-axis of the figure to emphasize that, given the
latency τ = 10 ms, all types of devices fail to complete the entire CNN
model execution when performed individually. For the given parameters,
the time required for the highest computing capability device (Raspberry
Pi-4B) to complete the CNN model execution is 37.6 ms, whereas it is 62.6
ms if a Raspberry Pi-2 is used.

To assess the energy consumption level of non-collaborative individual
CNN model execution, we initially relax the latency constraint to 37.6 ms,
presenting the results in Fig. 7.3. Examining the figure, it becomes evident
that the energy consumption associated with non-collaborative execution
using Raspberry Pi-4B is significantly lower than other collaborative ap-
proaches across all scenarios. The key insight from this observation is that,
under conditions where participating devices are comparably powerful,
and sufficient time is allocated to complete the CNN execution, the in-
dividual execution is more favorable. However, in alternative scenarios,
particularly those with less powerful devices or constrained latency, a col-
laborative approach should be the preferred option.

Furthermore, to explore the energy consumption of non-collaborative ex-
ecution with Raspberry Pi-2, the latency constraint is further relaxed to
62.6 ms, and the corresponding results are illustrated in Fig. 7.4. In this
particular scenario, it becomes apparent that even with the relaxation of
latency constraints, the non-collaborative approach does not become more
favorable. Consequently, our collaborative approaches remain the optimal
choices in this configuration.

Lastly, to explore the threshold where collaborative execution becomes less
energy-efficient, it’s crucial to consider the energy efficiency parameter
cFLOPS

k and the CPU working frequency f CPU
k of devices. The logical ex-

pectation is as follows: Devices with high f CPU
k , sufficient allowed latency

for the executed CNN-driven application, and a high cFLOPS
k value may
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find single-device execution more energy efficient. To investigate this, two
homogeneous scenarios are established, where all devices operate at the
same CPU frequency ( f CPU

k = 0.9 GHz in Fig. 7.5 or f CPU
k = 1.5 GHz

in Fig. 7.6), and the energy efficiency parameter cFLOPS
k is varied. The

optimal number of participating devices for each cFLOPS
k configuration is

determined. This methodology allows us to identify the threshold cFLOPS
k

value where collaborative execution becomes less energy-efficient. With a
lower CPU frequency ( f CPU

k = 0.9 GHz) in Fig. 7.5, collaborative execution
appears to be the preferred choice, even for high cFLOPS

k values, indicating
that the CPU frequency is insufficient to handle CNN execution efficiently
on a single device. However, if f CPU

k of each device is increased to 1.5
GHz, the threshold condition for favoring non-collaborative execution is
reached at cFLOPS

k = 0.86 GFLOPs/W. The observations from these figures
align with our initial expectations: if a device has a sufficiently high f CPU

k
value, adequate allowed latency, and a sufficiently high cFLOPS

k , performing
CNN execution on a single device is preferable. However, it’s important to
note the distinction between low-cost resource-constrained devices, where
collaborative approaches can be beneficial due to resource limitations, and
more modern computing platforms with embedded CNN acceleration, for
which collaborative approaches may not provide significant benefits. For
instance, low-cost resource-constained devices include devices like Rasp-
berry Pi models, Arduino boards, and budget smartphones, which typi-
cally lack specialized hardware accelerators for tasks like CNN inference.
On the other hand, modern computing platforms with embedded CNN
acceleration, such as high-end smartphones like the iPhone Pro series or
Samsung Galaxy S series, edge computing devices like the NVIDIA Jet-
son series, and AI-enabled cameras or smart sensors are specifically de-
signed to efficiently handle CNN computations on a single device without
the need for collaborative computing. However, this is often not the case
for many older, resource-constrained devices in the environment, which
typically have lower CPU frequencies and less energy-efficient execution.
Moreover, most real-time CNN-driven applications require execution com-
pletion within several milliseconds, making collaborative approaches still
advantageous in specific scenarios.

7.5 Summary

In conclusion, to determine the optimal approach for different configura-
tions, Table 7.3 is generated. This table provides insights into the most
energy-efficient execution, denoted as either Col for collaborative execution
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TABLE 7.3: The most energy efficient execution for each
configuration

Latency Computing Capability
Low Mixed High

Low Col Col Col
Moderate Col Col Non-col

High Col Col Non-col

or Non-col for non-collaborative execution, across all combinations of max-
imum allowed latency and computing capability of the participating de-
vices. The initial goal of this research was to leverage communication op-
portunities for efficient computation and design collaborative CNN execu-
tion scenarios suitable for latency-critical applications on various resource-
constrained devices. It corresponds to the low latency and low computing
capability case in Table 7.3, which is consistent to our target scenario. Ad-
ditionally, the collaborative approach can be mostly preferred if the system
does not have a major amount of high computing capability devices, even
if the maximum latency given to the system is high. However, in scenar-
ios where comparatively higher computing capability devices are incorpo-
rated into the system, it could be more favorable to execute the CNN model
individually.
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Chapter 8

Conclusion and Perspectives

In this thesis, we have undertaken an extensive exploration of collaborative
convolutional neural network (CNN) inference within resource-constrained
environments. Our research comprises four distinct studies, each con-
tributing innovative approaches to optimize the inference of CNN models
through various forms of parallelism and communication strategies. These
contributions collectively represent a significant advancement in the field
of collaborative CNN inference.

Our first contribution introduces several schemes for efficient distributed
collaborative CNN inference, allowing us to harness the computing re-
sources of resource-constrained devices (RCDs) without relying solely on
powerful servers. We then delve into various parallelism strategies, includ-
ing data parallelism, model parallelism, and hybrid parallelism, tailored to
specific scenarios, thereby enhancing energy efficiency and reducing com-
munication overhead.

Furthermore, our research has led to the development of joint optimiza-
tion frameworks, which take into account communication, computation,
and workload distribution parameters. This holistic approach minimizes
energy consumption and provides a well-rounded solution for collabora-
tive CNN inference. We have also advocated for decentralized system ar-
chitectures that leverage the computing resources of participating devices,
promoting scalability and reliability even in challenging deployment sce-
narios.

Our work also involves formulating convex optimization problems with
analytical solutions, leveraging the primal-dual decomposition technique.
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These solutions offer practical and scalable means of achieving optimal pa-
rameter settings in resource-constrained collaborative CNN inference. Fi-
nally, our fourth study focuses on addressing interference challenges, aim-
ing to improve the robustness of collaborative CNN inference in scenarios
with potential interference.

The significance of these contributions lies in their potential to revolution-
ize how we execute CNN models on devices with limited resources. In
an era where CNN applications expand into wireless communication and
edge intelligence contexts, our research provides invaluable insights into
the critical issues of energy efficiency.

Moreover, our investigation into the energy efficiency parameter in Chap-
ter 7 and its implications for collaborative execution sheds light on the op-
timal conditions for leveraging collaborative inference. By identifying the
threshold where collaborative execution becomes less energy-efficient, we
offer guidance on when to prefer non-collaborative approaches instead of
collaborative execution, particularly on modern computing platforms with
embedded CNN acceleration. This insight emphasizes the importance of
considering device capabilities and the suitability of collaborative strate-
gies, especially in scenarios with low-cost generic computing platforms
versus modern platforms with embedded CNN acceleration.

While this thesis represents a significant step forward in the field of collab-
orative CNN inference, offering efficient, scalable, and energy-conscious
solutions for resource-constrained environments, there are promising av-
enues for future research and development.

One area that warrants further exploration is the investigation of novel par-
allelism techniques and optimization strategies tailored to specific types of
neural networks beyond CNNs. Adapting collaborative inference schemes
to accommodate recurrent neural networks (RNNs) and transformer ar-
chitectures could extend the applicability of our proposed methods to a
broader range of artificial intelligence (AI) models.

Additionally, the implementation and evaluation of the proposed collab-
orative CNN inference schemes on real-world applications and diverse
datasets remain an essential next step. This empirical validation will not
only verify the effectiveness of the proposed approaches but also uncover
potential challenges and optimizations required for practical deployment.

Furthermore, considering the dynamic nature of edge environments, in-
vestigating adaptive mechanisms for workload distribution and parameter
optimization could enhance the robustness and adaptability of collabora-
tive CNN inference systems. Exploring reinforcement learning techniques



Chapter 8. Conclusion and Perspectives 133

for dynamically adjusting collaboration strategies in response to changing
resource availability could be an interesting idea for future research.

Interdisciplinary collaboration with experts in communication networks,
hardware design, and system security could enrich the research landscape.
Investigating the intersection of collaborative CNN inference and secure,
privacy-preserving communication protocols would be particularly rele-
vant, addressing concerns related to data privacy and security in distributed
AI systems.

Finally, as the field of AI continues to evolve, exploring the integration of
federated learning approaches within the collaborative edge intelligence
(EI) framework could offer novel solutions for on-device deep learning in-
ference while respecting data privacy constraints.

In conclusion, the future work outlined above represents a roadmap for
advancing the state-of-the-art in collaborative on-device deep learning in-
ference. By exploring these avenues, researchers can contribute to the de-
velopment of more efficient, scalable, and adaptive solutions for AI appli-
cations deployed on resource-constrained devices, furthering the impact of
collaborative edge intelligence.

We extend our gratitude to all who have contributed, collaborated, and
supported this research journey, and we eagerly anticipate the future de-
velopments and applications that will arise from this work.
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Appendix A

Solution of Internal
Optimization Problem in
Chapter 3

According to the Lagrange duality theory, we have the following partial
Lagrangian:

L(xn,k, drow
1,k , tn, βn,k) =

36κkc3
k(d

col
n )3(drow

1,k )3

(2n−1)3(tLOC
n,k )2

+ Ia
n,k(EEXCRFa

n,k + tEXCa
n,k Pc

k )

+ Ib
n,k(E

EXCRFb
n,k + tEXCb

n,k Pc
k )

+ βn,k(tLOC
n,k + Ia

n,ktEXCa
n,k + Ib

n,ktEXCb
n,k − tn)

(A.1)

where xn,k = {tLOC
n,k , t

EXC{a,b}
n,k , E

EXCRF{a,b}
n,k } and βn,k ≥ 0 is the Lagrange mul-

tiplier associated with (3.23). The dual function is defined as

g(drow
1,k , tn, βn,k) =min.

xn,k
L(xn,k, drow

1,k , tn, βn,k)

s.t. (3.17), (3.20), (3.31),

0 ≤ E
EXCRF{a,b}
n,k ,

0 ≤ tLOC
n,k , t

EXC{a,b}
n,k ≤ tn

(A.2)
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where the problem can be decomposed into three sub-problems. The first
part is the local computation optimization problem, which is expressed as

min.
tLOC
n,k

36κkc3
k(d

col
n )3(drow

1,k )3

(2n−1)3(tLOC
n,k )2

+ βn,ktLOC
n,k

s.t.
9ckdcol

n drow
1,k

2n−1νmax
k

≤ tLOC
n,k ≤ tn

(A.3)

The second part is the exchange communication with the neighbor below
(assuming that Ib

n,k = 1 if there is any neighbor below),

min.
t
EXCb
n,k ,E

EXCRFb
n,k

E
EXCRFb
n,k + tEXCb

n,k (Pc
k + βn,k)

s.t. (3.20), (3.31),

0 ≤ E
EXCRFb
n,k ,

0 ≤ tEXCb
n,k ≤ tn

(A.4)

Finally, the exchange communication problem with the neighbor above can
be solved just like (A.4).

A.0.1 Solution of Problem (A.3)

The Lagrangian regarding this problem is

L 1

n,k =
36κkc3

k(d
col
n )3(drow

1,k )3

(2n−1)3(tLOC
n,k )2

+ βn,ktLOC
n,k

+ γ 1

n,k(
9ckdcol

n drow
1,k

2n−1νmax
k

− tLOC
n,k ) + γ 2

n,k

(
tLOC
n,k − tn

) (A.5)

where γ 1

n,k, γ 2

n,k ≥ 0 are the Lagrange multipliers. With respect to the vari-
able tLOC

n,k , we have the following KKT condition:

∂L 1

n,k

∂tLOC
n,k

= −
2 36κkc3

k(d
col
n )3(drow

1,k )3

(2n−1)3(tLOC
n,k )3

+ βn,k − γ 1

n,k + γ 2

n,k = 0 (A.6)
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where the complementary slackness conditions are

γ 1

n,k(
9ckdcol

n drow
1,k

2n−1νmax
k

− tLOC
n,k ) = 0 (A.7)

γ 2

n,k(t
LOC
n,k − tn) = 0 (A.8)

We can find the optimal value of tLOC
n,k as follows:

• tLOC
n,k =

9ckdcol
n drow

1,k
2n−1νmax

k
< tn ⇒ γ 1

n,k > 0, γ 2

n,k = 0:

RCD k works at its highest CPU frequency. We substitute tLOC
n,k into

(A.6):
⇒ γ 1

n,k = −2κk(ν
max
k )3 + βn,k > 0 ⇒ βn,k > 2κk(ν

max
k )3.

•
9ckdcol

n drow
1,k

2n−1νmax
k

< tLOC
n,k < tn ⇒ γ 1

n,k = γ 2

n,k = 0:

RCD k works with the CPU frequency that is lower than the maxi-

mum CPU frequency. From (A.6), tLOC
n,k =

9ckdcol
n drow

1,k
2n−1 ( 2κk

βn,k
)1/3 and we
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n,k into the inequality:
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n,k into (A.6):

⇒ γ 2

n,k =
2 36κkc3

k(d
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n )3(drow
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(2n−1)3(tn)3 − βn,k > 0 ⇒ βn,k <
2 36κkc3

k(d
col
n )3(drow

1,k )3

(2n−1)3(tn)3 .

Finally, we collect these findings and obtain the following result for the
optimal value of tLOC

n,k :

(tLOC
n,k )∗ =


mn,k
νmax

k
βn,k ≥ 2κk(ν

max
k )3

mn,k

(
2κk
βn,k

)1/3 2κk(mn,k)
3

(tn)3 < βn,k < 2κk(ν
max
k )3

tn βn,k ≤
2κk(mn,k)

3

(tn)3

(A.9)
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A.0.2 Solution of Problem (A.4)

The Lagrangian for this problem is

L 2

n,k = E
EXCRFb
n,k + tEXCb

n,k (Pc
k + βn,k)

+ µ 1

n,k(d
col
n − tEXCb

n,k rEXCb
n,k )− µ 2

n,kE
EXCRFb
n,k

+ µ
3

n,k(E
EXCRFb
n,k − tEXCb

n,k pmax
k ) + µ 4

n,k(t
EXCb
n,k − tn)

(A.10)

where µ 1

n,k, µ 2

n,k, µ
3

n,k, µ 4

n,k ≥ 0 are the Lagrange multipliers. We have the
following KKT conditions:

∂L 2

n,k

∂E
EXCRFb
n,k

= 1 − µ 2

n,k + µ
3

n,k − µ 1

n,k

hEXCb
n,k
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EXCb
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E
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t
EXCb
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= 0 (A.11)

and
∂L 2

n,k

∂tEXCb
n,k

= Pc
k + βn,k − µ

3

n,k pmax
k + µ 4

n,k − µ 1

n,krEXCb
n,k

+ µ 1

n,k

h
EXCb
n,k
N0

E
EXCRFb
n,k

t
EXCb
n,k

1 +
h

EXCb
n,k
BN0

E
EXCRFb
n,k

t
EXCb
n,k

= 0

(A.12)

where the complementary slackness conditions are

µ 1

n,k(d
col
n − tEXCb

n,k rEXCb
n,k ) = 0 (A.13)

µ 2

n,kE
EXCRFb
n,k = 0 (A.14)

µ
3

n,k(E
EXCRFb
n,k − tEXCb

n,k pmax
k ) = 0 (A.15)

µ 4

n,k(t
EXCb
n,k − tn) = 0 (A.16)

We can find the optimal values of E
EXCRFb
n,k and tEXCb

n,k as follows:

• E
EXCRFb
n,k = 0, 0 < tEXCb

n,k < tn ⇒ µ 2

n,k > 0, µ
3

n,k = 0 and µ 4

n,k = 0:

By using (A.11), µ 2

n,k = 1 − µ 1

n,k
h

EXCb
n,k
N0

> 0 ⇒ µ 1
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N0

h
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.
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• 0 < E
EXCRFb
n,k < tEXCb

n,k pmax
k ⇒ µ 2

n,k = µ
3

n,k = 0:

From (A.11), µ 1
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h
EXCb
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+
E

EXCRFb
n,k
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> 0. We obtain the following

relation:
E
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tEXCb
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N0

hEXCb
n,k

) (A.17)

Additionally, because the multiplier µ 1

n,k is greater than zero, i.e. µ 1

n,k >

0, the related constraint should be satisfied with equality to obey the
complementary slackness condition in (A.13) so that the following
equation occurs:

dcol
n = tEXCb

n,k B ln(1 +
hEXCb

n,k

BN0

E
EXCRFb
n,k

tEXCb
n,k

) (A.18)

which means that the exchange communication is performed at the
achievable data rate. By substituting (A.17) into (A.18), we can find
an expression for tEXCb

n,k as follows:

tEXCb
n,k =

dcol
n

B ln(
h

EXCb
n,k
N0

µ 1

n,k)

(A.19)

where due to the constraint tEXCb
n,k ≤ tn, the multiplier µ 1

n,k should
satisfy the following condition:
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N0

hEXCb
n,k

e
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n
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Furthermore, from the definition 0 <
E

EXCRFb
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t
EXCb
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h
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) <
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• E
EXCRFb
n,k = tEXCb

n,k pmax
k ⇒ µ 2

n,k = 0, µ
3

n,k > 0:
From (A.11), we have

µ
3
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k
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where if µ 1

n,k = 0, the multiplier µ
3

n,k is equal to −1, which is infea-

sible. Therefore, the multiplier µ 1

n,k should satisfy µ 1

n,k > 0 and to
obey the complementary slackness condition in (A.13), we have the
following equation:
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n = tEXCb
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hEXCb
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BN0
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Thus, we have the following expression for tEXCb
n,k :
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and from (A.22), the following constraint needs to be satisfied:

µ 1
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hEXCb
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+
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k
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(A.25)

Finally, the optimal values for the optimization parameters p
EXCRFb
n,k and

tEXCb
n,k are obtained as
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and

(tEXCb
n,k )∗ =
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Appendix B

Solution of External
Optimization Problem in
Chapter 3

We have the following partial Lagrangian:

L(yn,k, zn,k) =
K

∑
k=1
k ̸=k̃
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∑
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(B.1)

where yn,k = {EFRDRF
k , tFRD

k , drow
1,k , tn} and zn,k = {βn,k, γ 1

n,k, θk, λ, ϕ}. The
constant terms in the Lagrangian can be expressed as
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where (tLOC
n,k )∗ is the optimal local computation time found in the internal

optimization problem of layer-pack n operation in RCD k. Also, ϕ, θk ≥ 0
and λ ∈ ℜ are the Lagrange multipliers. The dual function is given as

g(zn,k) =min.
yn,k

L(yn,k, zn,k)

s.t. 0 ≤ EFRDRF
k ≤ tFRD

k pmax
k̃

0 ≤ tFRD
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0 ≤ drow
1,k ≤ drow

(B.3)

The problem can be decomposed into three sub-problems. The first prob-
lem is

min.
tn

tn(ϕ −
K

∑
k=1

βn,k)

s.t. 0 ≤ tn ≤ τ,

(B.4)

while the second problem is
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∑
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and the last problem is

min.
EFRDRF

k ,tFRD
k
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k + tFRD

k (Pc
k̃
+ ϕ)− θktFRD

k rFRD
k
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,
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B.0.1 Solution of Problem (B.4)

The Lagrangian regarding this problem is

L 3
n = tn(ϕ −

K

∑
k=1

βn,k) + ϵ 1
n (tn − τ)− ϵ 2

n tn (B.7)



Appendix B. Solution of External Optimization Problem in Chapter 3 145

where ϵ 1
n , ϵ 2

n ≥ 0 are the Lagrange multipliers and we have the following
KKT condition with respect to the variable tn:

∂L 3
n

∂tn
= ϕ −

K

∑
k=1

βn,k + ϵ 1
n − ϵ 2

n = 0 (B.8)

where the complementary slackness conditions are

ϵ 1
n (tn − τ) = 0 (B.9)

ϵ 2
n tn = 0 (B.10)

We can find the optimal value of tn as

(tn)
∗ =
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B.0.2 Solution of Problem (B.5)

The problem (B.5) can be modified as

min.
drow

1,k

(drow
1,k )3(
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where
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(B.13)

The Lagrangian for (B.12) is

L 4

k = (drow
1,k )3(

NLAY

∑
n=1
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n,k)− drow
1,k ψk + δ 1

k (drow
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where δ 1

k , δ 2

k ≥ 0 are the Lagrange multipliers. We have the following
KKT condition with respect to the variable drow

1,k :

∂L 4

k
∂drow

1,k
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where the complementary slackness conditions are

δ 1

k (drow
1,k − drow) = 0 (B.16)

δ 2

k drow
1,k = 0 (B.17)

We can find the optimal value of drow
1,k as follows:

• drow
1,k = 0 ⇒ δ 1
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From (B.15), δ 2
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k = ψk − 3(∑NLAY

n=1 cons 1

n,k)(d
row)2 > 0
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We obtain the optimal value of drow
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(B.18)

B.0.3 Solution of Problem (B.6)

This problem is similar to the exchange communication problem in Sec-
tion A.0.2 of Appendix A with some exceptions. The Lagrangian of this
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problem is

L 5

k = EFRDRF
k + tFRD

k (Pc
k̃
+ ϕ)− θktFRD

k rFRD
k − ξ 1

k EFRDRF
k

+ ξ 2

k (EFRDRF
k − tFRD

k pmax
k̃

)− ξ
3

k tFRD
k + ξ 4

k (tFRD
k − τ)

(B.19)

where ξ 1

k , ξ 2

k , ξ
3

k , ξ 4

k ≥ 0 are the Lagrange multipliers and we have the
following KKT conditions with respect to the variables EFRDRF

k and tFRD
k :

∂L 5

k

∂EFRDRF
k

= 1 − ξ 1

k + ξ 2

k − θk
hFRD

k

N0 +
hFRD

k
B

EFRDRF
k
tFRD
k

= 0 (B.20)

and
∂L 5

k
∂tFRD

k
=Pc

k̃
+ ϕ − ξ 2

k pmax
k̃

− ξ
3

k + ξ 4

k − θkrFRD
k

+ θk

hFRD
k
N0

EFRDRF
k
tFRD
k

1 + hFRD
k

BN0

EFRDRF
k
tFRD
k

= 0

(B.21)

where the complementary slackness conditions are

ξ 1

k EFRDRF
k = 0 (B.22)

ξ 2

k (EFRDRF
k − tFRD

k pmax
k̃

) = 0 (B.23)

ξ
3

k tFRD
k = 0 (B.24)

ξ 4

k (tFRD
k − τ) = 0 (B.25)

By following the same path with the exchange communication problem
solution in Section A.0.2 of Appendix A, we can find the optimal values of
(pFRD

k )∗ = (EFRDRF
k )∗/(tFRD

k )∗ and (tFRD
k )∗ as follows:

(pFRD
k )∗ =


0 θk ≤ N0

hFRD
k

B
(

θk − N0
hFRD

k

)
N0

hFRD
k

< θk <
N0

hFRD
k

+
pmax

k̃
B

pmax
k̃

N0
hFRD

k
+

pmax
k̃
B ≤ θk

(B.26)
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and

(tFRD
k )∗ =


0 θk < cons 3

k
(0, τ) θk = cons 3

k
τ θk > cons 3

k

(B.27)
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By using the Lagrange duality theory, we have the following Lagrangian
for (4.26):

L(x3, dch
n,k, tBC

n , tn, βn,k) =
363(drow)3(dcol)3κkc3

k
64n

(dch
n,k)

3

(tLOC
n,k )2

+ (EAggRF
n,k + tAgg

n,k Pc
k ) + βn,k(tBC

n + tLOC
n,k + tAgg

n,k − tn)

(C.1)

where βn,k ≥ 0 is the Lagrange multiplier associated with (4.14). Then, the
dual function is

g(dch
n,k, tBC

n , tn, βn,k) =min.
x3

L(x3, dch
n,k, tBC

n , tn, βn,k)

s.t. (4.8), (4.11), (4.23),

0 ≤ EAggRF
n,k ,

0 ≤ tLOC
n,k , tAgg

n,k ≤ tn

(C.2)

where we can solve this problem by separating into two sub-problems: one
for local computation and one for aggregation.
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The aggregation problem for n ∈ [NLAY] and k ∈ [Kn]− {k̃} is

min.
EAggRF

n,k ,tOT
n,k

EAggRF
n,k + tAgg

n,k (Pc
k + βn,k)

s.t. (4.11), (4.23),

0 ≤ EAggRF
n,k ,

0 ≤ tAgg
n,k ≤ tn

(C.3)

while the local computation problem for n ∈ [NLAY] and k ∈ [Kn] is

min.
tLOC
n,k

363(drow)3(dcol)3κkc3
k

64n

(dch
n,k)

3

(tLOC
n,k )2

+ βn,ktLOC
n,k

s.t. 36
ck

νmax
k

drowdcol

4n dch
n,k ≤ tLOC

n,k ≤ tn

(C.4)

By following the Lagrange duality theory, we can find the solutions of the
problems (C.3) and (C.4) as

(tAgg
n,k )∗ =



tn (µ
Agg
n,k )′ ≤ 0

4−ndrowdcol

B ln

(
1+

h
Agg
n,k

BN0 l(R
Agg
n,k )

(µ
Agg
n,k )′

) 0 < (µ
Agg
n,k )′ < pmax

k

4−ndrowdcol

B ln

(
1+

h
Agg
n,k

BN0 l(R
Agg
n,k )

pmax
k

) pmax
k ≤ (µ

Agg
n,k )′

(C.5)

(pAgg
n,k )∗ =


0 (µ

Agg
n,k )′ ≤ 0

(µ
Agg
n,k )′ 0 < (µ

Agg
n,k )′ < pmax

k

pmax
k pmax

k ≤ (µ
Agg
n,k )′

(C.6)

and

(tLOC
n,k )∗ =


mn,kdch

n,k
νmax

k
β′

n,k ≤
mn,kdch

n,k
νmax

k

β′
n,k

mn,kdch
n,k

νmax
k

< β′
n,k < tn

tn β′
n,k ≥ tn

(C.7)

where (µ
Agg
n,k )′ = B(µAgg

n,k − N0l(RAgg
n,k )

hAgg
n,k

), β′
n,k = mn,kdch

n,k(
βn,k
2κk

)−1/3 and mn,k =

36drowdcolck/4n are defined for easier notation where µ
Agg
n,k is the Lagrange
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multiplier associated with (4.11). The problem solutions are similar to the
ones in Appendices A and B.

For aggregation stage, the interpretation of the results are as follows:

• The first case (µ
Agg
n,k )′ ≤ 0 means there is no aggregation stage for

RCD k, so it does not participate to layer-pack n operation.

• The second case 0 < (µ
Agg
n,k )′ < pmax

k indicates that RCD k participates
to layer-pack n operation with the RF transmit power lower than the
maximum pmax

k .

• The third case pmax
k ≤ (µ

Agg
n,k )′ is the one where RCD k participates to

layer-pack n operation with the maximum RF transmit power pmax
k .

For local computation, the resulting optimal solution (tLOC
n,k )∗ can be ex-

plained as

• In the first case β′
n,k ≤ mn,kdch

n,k
νmax

k
, CPU of RCD k works at its maximum

frequency during the local computation of layer-pack n operation.

• In the second case
mn,kdch

n,k
νmax

k
< β′

n,k < tn, CPU of RCD k works at the
frequency lower than the maximum allowed frequency νmax

k .

• In the last case β′
n,k ≥ tn, the entire time is allocated to the local com-

putation which is feasible for the master RCD but infeasible for the
slave RCDs.
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Chapter 4

Given the optimal parameters of the internal optimization problem, we
have the following Lagrangian for (4.27):

L(x4, βn,k, λn, ϕ) =
NLAY

∑
n=1

(EBCRF
n + tBC

n Pc
k̃
)

+
NLAY

∑
n=1

Kn

∑
k=1

[
κk(mn,k)

3

((tLOC
n,k )∗)2

(dch
n,k)

3 + βn,k(tBC
n − tn)

]

+
NLAY

∑
n=1

λn(dch
n −

Kn

∑
k=1

dch
n,k) + ϕ(

NLAY

∑
n=1

tn − τ)

(D.1)

where λn ∈ ℜ and ϕ ≥ 0 are the Lagrange multipliers associated with
(4.13) and (4.16), respectively. The dual function is given as

g(βn,k, λn, ϕ) =min.
x4

L(x4, βn,k, λn, ϕ)

s.t. (4.4), (4.20),

0 ≤ dch
n,k, tn, tBC

n , EBCRF
n

(D.2)
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The external optimization problem can be decomposed into three sub-problems
where the first problem is

min.
tn

tn(ϕ −
Kn

∑
k=1

βn,k)

s.t. 0 ≤ tn ≤ τ

(D.3)

while the second problem is defined as

min.
dch

n,k

κk(mn,k)
3

((tLOC
n,k )∗)2

(dch
n,k)

3 − λndch
n,k

s.t. 0 ≤ dch
n,k ≤ dch

n

(D.4)

and the third problem is

min.
EBCRF

n ,tBC
n

EBCRF
n + tBC

n (Pc
k̃
+

Kn

∑
k=1

βn,k)

s.t. (4.4), (4.20),

0 ≤ EBCRF
n ,

0 ≤ tBC
n ≤ tn

(D.5)

We find the optimal parameters as

(tn)
∗ =



0 ϕ >
Kn
∑

k=1
βn,k

(0, τ) ϕ =
Kn
∑

k=1
βn,k

τ ϕ <
Kn
∑

k=1
βn,k

(D.6)

(dch
n,k)

∗ =


0 λ′

n ≤ 0
λ′

n 0 < λ′
n < dch

n

dch
n λ′

n ≥ dch
n

(D.7)
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(tBC
n )∗ =



tn (µBC
n )′ ≤ 0

41−ndydx

B ln

(
1+

mink(hBC
n,k /l(RBC

n,k ))
BN0

(µBC
n )′

) 0 < (µBC
n )′ < pmax

k̃

41−ndydx

B ln

(
1+

mink(hBC
n,k /l(RBC

n,k ))
BN0

pmax
k̃

) pmax
k̃

≤ (µBC
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(D.8)

(pBC
n )∗ =


0 (µBC

n )′ ≤ 0
(µBC

n )′ 0 < (µBC
n )′ < pmax

k̃
pmax

k̃
pmax

k̃
≤ (µBC

n )′
(D.9)

where λ′
n = (tLOC

n,k )∗
√

λn
3κk(mn,k)3 , (µBC

n )′ = B(µBC
n − N0

mink

(
hBC

n,k/l(RBC
n,k)
) ) and

µBC
n is the Lagrange multiplier associated with (4.4). The interpretation of

broadcasting parameters is similar to the one for aggregation in Appendix
C while for tn, since it is not feasible to have tn = 0 or tn = τ, the equation

ϕ =
Kn
∑

k=1
βn,k needs to be satisfied. For dch

n,k, the optimal value is λ′
n. It cannot

be either 0 if RCD k participates to layer-pack n operation, or dch
n since the

proposed scheme is a distributed collaborative system.
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