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Towards Energy-Efficient Collaborative Inference
and Fine-tuning: Matching Model Compression and
Offloading with Resource Availability

Yue-e Zhou, Lianbo Ma*, Senior Member, IEEE, Xingwei Wang, Qing Li, Senior Member, IEEE,
Carla Fabiana Chiasserini, Fellow, IEEE, Guangjie Han, Fellow, IEEE

Abstract—We consider the collaborative inference acceleration
task via cloud-edge-end collaboration, which involves a series
of tightly coupled decision-making steps, including which DNN
model to be selected, how much to compress model, how to
partition model, and where to offload partitioned submodels. In
practical deployments, these decisions jointly affect both fine-
tuning and inference performance, and must jointly account
for such aspects as the model being used, the computational
resources and local datasets available at each device, as well as
network latencies, which significantly increases the complexity of
optimizing the problem. Yet, no existing studies focus on such
joint optimization problem for these tightly coupled decisions.
In this paper, we model this problem as a multi-dimensional
optimization problem, jointly optimizing collaborative inference
and fine-tuning by selecting the DNN model, compression level,
partition strategy, and computational resource allocation, with
the objective of minimizing the overall energy consumption of
the learning-inference process, subject to accuracy and latency
constraints. To this end, we propose an algorithmic framework
called JQODI combining a time-energy tree diagram to rep-
resent the learning process, a dynamic programming solution
strategy, and a data-driven theoretical approach to predict
the expected total number of training epochs that meet the
accuracy requirements. We prove that JQODI approximates the
optimal solution with polynomial complexity. Numerical results
demonstrate that JQODI surpasses state-of-the-art methods in
both energy efficiency and latency.

Index Terms—Cloud-edge-end collaboration, edge computing,
distributed learning, quantization and partition.

I. INTRODUCTION

ITH the fast growth in data being generated at edge
network, advanced edge devices (e.g., [oT devices) are
expected to execute machine learning (ML) (e.g., deep neural
network (DNN)) models for various real-time edge computing
(EC) applications [1], [2], [4]. In EC environments, these

Yue-e Zhou and Lianbo Ma are with College of Software, Northeastern
University, Shenyang 110819, China. E-mail: yueezhoul212@gmail.com,
malb@swc.neu.edu.cn.

Xingwei Wang is with School
gineering, Northeastern University, Shenyang,
wangxw @mail.neu.edu.cn.

Qing Li is with the Peng Cheng Laboratory, Shenzhen, Guangdong 518055,
China. E-mail: andyliging @ gmail.com.

Carla Fabiana Chiasserini is with Politecnico di Torino, 10129 Torino, Italy,
also with CNIT, 43124 Parma, Italy, and also with IEIIT-CNR, 10129 Torino,
Italy. E-mail: carla.chiasserini@polito.it.

Guangjie Han is with the Department of Information Science and
Engineering, Hohai University, Changzhou, 213022, China. E-mail:
hanguangjie @ gmail.com.

*:corresponding author

of Computer Science and En-
110819, China. E-mail:

edge devices suffer from limitations of computation resources
with stringent requirements of energy consumption [3], [5],
while training DNNs requires large quantities of computational
resources. Examples include smart city and smart factory ML-
based applications [6]-[9], where a series of DNN models
need to be deployed on target end devices/smart devices (i.e.,
IoT devices, or smart mobile devices) (SDs) [10].

Example 1: In the smart city system, as shown in Figure
1, many SDs (e.g., cameras) need to run DNNs for real-time
video analytics. However, these devices are often computation-
constrained (e.g., MCUs and tiny NPUs) with extremely lim-
ited memory (e.g., KB-level SRAM, and MB-level storage). On
the one hand, it is difficult to execute large DNNs on these
resource-constrained devices. On the other hand, streaming
video data to cloud (for inference) can result in prohibitively
high end-to-end latency and severe privacy disclosure [11]. In
this sense, how to achieve efficient DNN inference (in terms
of energy consumption and end-to-end latency) on local SDs
becomes a key challenge.
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Fig. 1. A scenario of ML-based EC application in the smart city.

A natural way to solve this issue is cloud-edge-end collab-
orative inference and fine-tuning [12], [13], where a series of
base DNN models can be selected, quantized, and partitioned
online in cloud servers (CSs), and then the deep layers can be
offloaded onto suitable ESs with different resource constraints
for collaborative inference, where the shallow layers are of-
floaded to SDs for fine-tuning [14], [15], [31]. However, it is
not trivial to implement such cooperation due to the complex
mutual adaptation of the decisions concerning:

o Model selection. Although a series of well-trained base

models are available on the cloud server (CS), the dis-
crepancy between the private dataset on the SD and the



CS dataset results in these base models being incom-
patible with the SD. Consequently, we need to fine-tune
the base model to enhance their adaptation to the local
dataset. A critical question arises: How to identify the
most suitable DNN model for fine-tuning when con-
sidering the variability among different SDs and their
respective datasets [16], [17]?

o Compression selection. Given the limitation of SDs’
resources, a discrepancy arises between the model size
and SD’s computational capacity. Consequently, the DNN
models have to be compressed to accommodate the
limited local resources. In this study, we chose model
quantization as target compression solution, which can
transform the full-precision model into a low bit-width
representation to reduce the model size. However, how
to quantize DNN models into appropriate bit-widths
while preserving its performance with only a minimal
decrement is a key question [18], [19].

« Partitioning selection. For resource-constrained SDs, it
is essential to leverage the computational resources (not
data) of ESs to assist in performing inference and fine-
tuning tasks, while strictly preserving the data privacy
of SDs. To this end, the DNN model is partitioned into
shallow and deep layers, where the shallow layer is
executed on SDs, and the deep layer is offloaded to ESs.
Importantly, only intermediate feature representations
generated by SDs are transmitted to ESs for processing,
without involving raw data. How to well partition the
model according to the resource availability between ESs
and SDs is an important issue [20], [21].

o Edge server selection. During the fine-tuning process,
ESs play a crucial role in receiving, processing, and
transmitting diverse models from both CSs and SDs. We
need to consider the computational and communication
resources of each ES, as well as the compatibility of these
resources with the SDs. Based on this consideration, it is
essential to select optimal ESs to guarantee the efficiency
and stability of the fine-tuning process [22], [23].

There are two main reasons why such mutual adaptation is
very difficult:

+ Resource complexity. The computational and communi-
cation resources are unevenly distributed across different
edge servers, whose availability may dynamically vary
in both spatial and temporal dimensions. Decisions made
without considering changes in resources may be invalid.

o Mutual coupling. These decisions are tightly coupled
with each other and need to be considered and formulated
simultaneously. Any small slight move in one decision
may affect the situation as the whole system.

As detailed in Section VII, existing studies [24]-[26] aim
to address one or another of the aforementioned decision
problems, rather than joint optimization for all these coupled
decisions. To fill this gap, we in this paper propose a joint-
decision framework called Joint Quantization and Offloading
for DNN Inference (JQODI), which considers all the required
decision problems through cloud-edge-end collaboration. In
JQODI , all these decisions are formulated as a multi-

dimensional optimization problem, aiming to minimize the
overall energy consumption of the learning-inference process
by jointly optimizing decision choices in terms of base model,
compression, partition, and offloading strategy.

Especially, JQODI works well for inference acceleration of
DNNSs in situations where (i) the terminal datasets cannot be
shared, (ii) different DNN models are available to choose from,
and (iii) the inference is achieved via edge-end collaboration.
A major novelty of JQODI lies in the ability to utilize different
DNN models (e.g., full-precision model, deep layers model,
and shallow layers model) across different stages of the cloud-
edge-end collaboration (as shown in Figure 4 in Section III),
by switching among them as needed (e.g., quantizing, and par-
titioning). For each stage, JQODI determines optimal decision
for specific operation (e.g., quantization bit-width, and parti-
tioning point), and selects the most appropriate resources (from
ESs) for each model. Currently, the benefits derived from
model quantization and partition must be balanced against
the associated costs (i.e., time and energy), which entail the
allocation of additional resources.

Our main contributions can be summarized as follows:

(1) Joint-decision model formulation: We construct a multi-
dimensional optimization model for inference acceleration
of large DNN models in the cloud-edge-end collaboration
environments. Our model aims to jointly optimize all the real-
time and concurrent decisions regarding: (i) the selection of
DNN models, involving both full-precision and quantization
versions; (ii) the determination of the partitioning point for
quantized models; and (iii) the offloading strategy, i.e., the
allocation of ESs, for edge-end inference. The optimization
objective is to minimize the energy consumption, which ac-
counts for both fine-tuning and inference costs, while ensuring
learning time and accuracy. Unlike existing studies that focus
on a single aspect at a time while treating other factors as
fixed, JQODI addresses scenarios where all these decision
dimensions can be controlled, thereby offering better flexibility
and higher-quality decisions.

(2) Algorithm strategies: We propose JQODI algorithm to
solve above joint-decision problem, which is essentially a
large-scale combinatorial problem, involving massive possible
solutions to choose from. First, we utilize an approximate
dynamic programming (ADP) strategy to explore the most
feasible solutions, at the same time use a time-energy tree
diagram to represent the learning process. Second, since the
joint decision process is mutual coupling, which indicates
the model switching decisions may have various unexpected
effects, we combine theoretical insights on DNN convergence
with predictive analytics to estimate the effect of potential
decisions. In this way, our JQODI achieves near-optimal
decisions with a polynomial complexity.

(3) Performance evaluation: We evaluate the performance
of JQODI in real-world cloud-edge-end scenarios for DNN
collaborative inference acceleration. JQODI can generate train-
ing/inference strategy suitable for specific end device, achiev-
ing target learning quality and latency constraint at low energy
consumption. In fact, JQODI’s decisions are always very close
and even the same to the optimal decision, significantly better
than those made by state-of-the-art methods.
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Fig. 2. Accuracy vs. training epochs for different models and quantization bit-
width. Straight lines — and — represent the accuracy of full precision models,
while polylines —, —, —, and — denote the accuracy of quantization models.
The numbers in the figure represent the time taken (energy consumption) of
different schemes, where the time is measured in seconds and the energy is
measured in kilojoules. At the beginning of quantization, a sudden drop in
accuracy occurs.

II. A MOTIVATING EXAMPLE: THE IMPORTANCE OF JOINT
DECISION-MAKING

We now seek to illustrate the importance of joint decision-
making in the collaborative training/inference process that
integrates model switching among model quantization, par-
tition and offloading, and also emphasize the benefits and
challenges in formulating and optimizing joint decision. For
better understanding, we adopt a real hardware testbed for
collaborative inference (as shown in Figure 8 in Section VI).
As a study case, we employ a Raspberry Pi5 and a NVIDIA
A100-SXM4-80GB on behalf of SDs and CS, respectively.
Besides, a NVIDIA GeForce RTX 3090 and a NVIDIA
GeForce GTX 1080 are used to simulate ESs with different
specifications. In particular, we evaluate the following cases:

e The nodes (e.g., CSs, ESs, and SDs) perform an im-
age classification task using the ResNet-20! [27] or the
LeNet-like? [28] models;

o The cloud dataset consists of all images from CIFAR-
10 [29], while the SD dataset consists of 2000 training
images and 500 validation images, which are randomly
selected from 10 classes in CIFAR-100 [29].

o The candidate quantization bit-widths are 4-bit and 1-
bit, which are corresponding to the compression rates of
87.5% and 96.875%, respectively.

Four decisions should be made: (i) the model to perform
classification tasks, (ii) the quantization bit-width to compress
the model, (iii) the partitioning point to divide the model,
and (iv) the ES to perform deep layer. Note that the model
accuracy depends only on the first two decisions, while the last
two decisions mainly affect energy consumption and latency.
Figures 2-3 show the effects of such decisions, which lead to
the following observations.

116C3 — Block(16,3,1) — Block(32,3,1) — Block(64,3,1) — FC,
where C3 is a 3x3 ReLU convolution layer, Block is a residual block
containing three convolutional layers, and F'C' is a fully-connected layer.

264C3— M P2—128C3— M P2—128C3— M P2—1024FC—10SV M,
where M P2 is a 2x2 max-pooling layer, and SV M is a L2 — SV M output
layer using the cross entropy loss function.
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Fig. 3. Time taken vs. energy consumption for different partitioning points,
where partition point O represents the overall running of the model on the
NVIDIA GeForce RTX 3090 (ES). The model used in this figure is LeNet-
like, with a 4-bit quantization, and 200 epochs running. The blue bar and left
axis represent time consumption in seconds, while the yellow bar and right
axis represent energy consumption in kilojoules.

Observation I: Small models (e.g., LeNet-like) with
small quantization bit-widths (e.g., 1-bit) consume less
energy and time, but result in lower model accuracy,
which demonstrates the necessity of selecting optimal
base models as well as quantization bit-widths for trade-
off between efficiency and accuracy.

Observation 2: Not all choices are feasible, e.g., when
compressing the LeNet-like model with 1-bit quantiza-
tion, the model accuracy drops sharply and cannot be
restored through fine-tuning, which indicates the require-
ment of identifying the feasibility of candidate decision.

Observation 3: SD consumes less energy but requires
a longer time, while ES consumes more energy but with
faster speed. This shows the importance of edge-end
collaboration in dealing with time and energy constrains.

Observation 4: With the increase of the partitioning
point ID, the overall energy consumption shows a trend
of first decreasing and then increasing, rather than always
increasing (or decreasing), which emphasizes the neces-
sity of searching optimal partitioning point.

To sum up, the collaborative training/inference driven by
model quantization and partition has significant benefits in
terms of time and energy consumption; however, its effects
are hard to capture and foresee. These benefits depend upon
the decisions for the chosen base models, quantization bit-
widths, partitioning points, and offloading strategy. Thus, it
is necessary to jointly make all the decisions, accounting for
their interactions through a comprehensive system model.



TABLE I
KEY NOTATIONS IN THIS PAPER

Notation  Description
Mg the a-th DNN model version in the cloud server
Tq the candidate quantization bit width
Lg the loss value of the model M,
F, the computation burden of the model M,
Ve the data processing speed of C'S
Ec the energy consumed of C'S processing one unit of data
Vg the data processing speed of edge server E S,
£z the energy consumption of ES; processing one unit of data
Vy the data processing speed of end device SD,
€y the energy consumption of SD, processing one unit of data
V(e,z) the data transmission speed between E'S; and C'S
(c,x) the energy consumption for transmitting one unit of data
between ES, and C'S
b(%y) the available bandwidth between ES; and SD,,
V(e,y) the data transmission speed between E/S; and SD,
€(z,y) the energy consumption for transmitting one unit of data
between ESy and SD,
Ma,q) the mq-bit quantization model of M,
d’éa,q) the computational burden of the i-th layer/block of M, o)
gza’q) the size of the i-th layer/block of M(, q)

T (k) the end time of epoch k

E(k) the cumulative energy consumption of the first £ epochs
L(k) the loss function on the test dataset of the SD, computed
at epoch k being over
t(k), e(k) the time taken and energy consumption of epoch k
L(k) the variation in the loss function value of the k-th epoch
Tmaz the maximum time limit for the training process
Lmaz the target accuracy required for the training process
Trun the time consumption of executing computing tasks
grun the energy consumption of executing computing tasks
rtran the time consumption of executing transmission tasks
gtran the energy consumption of executing transmission tasks
T(a,q) the time taken to quantize Mg as M(, q)
€(a,q) the energy consumption to quantize Mg as M q)
Y(a,q) the loss changes caused by compressing the full-precision
model M, as the quantization M (a,q)
~update the contribution of updating the quantization model M, ¢
of the k-th epoch with the full-precision model of the
k — 1-th epoch
U the effect of fine-tuning an epoch for model M, q)
K(a,q) the number of epochs required to train model M, 4)
© a virtual vertex that identifies all feasible paths

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first introduce the system model, fol-
lowed by the problem formulation. Following [4], without loss
of generality, we have simplified the relevant settings. The key
notations used in this paper are listed in Table I.

A. System Overview

As shown in Figure 4, we consider a cloud-edge-end collab-
oration system for quantization, partitioning, and fine-tuning
of DNN models, which consists of a CS, a set of ESs, and a
set of heterogeneous SDs. The key components of the system
are shown as follows:

1) Cloud Server (CS): The goal of CS is to accomplish
a sequence of decision-making tasks by cooperating with
ESs and SDs in the system: First, CS makes a decision of
selecting a suitable basic model M, from a set of DNN version
candidates (i.e., M = {My, -+, My}, where M, = {L,, F,}

(@) quantization

quantized model

selected model

nodel 4 (full-precision)
partitioning i
®
shallow layer
o ) , fine-tuned
e p
deep layer
OO\~
[o )% ,-\ SO
fa%e ')
g @
0-‘:"0 1 ¢
End Devices fine-tuned
oo Ty e shallow layer

(D select a DNN model from basic models on the CS

@) quantize the selected DNN model

() determine the partitioning point for dividing the model

(@) select an ES and transmit the partitioned deep and shallow layers to ES

(®) ES transmits the shallow layer to the ED

(©) ED transmits the fine-tuned shallow layer to ES

() ES accepts shallow layer and continues to perform deep layer, ultimately generating a complete
quantization model

(8 ES transmits the fine-tuned quantization model to CS

©) CS uses the quantization models to update the full-precision model

note: steps 1-4 are performed simultaneously

Fig. 4. The proposed system model of cooperative training process.

denotes the attributes in the a-th DNN version, £, and Fj,
denote the loss value and computational burden of the a-th
version of M,, respectively), which are fully pre-trained in
cloud platform; Second, it needs to decide a specific bit-width
mq from candidate set (i.e. Q = {m,---,mg}) to quantize
the target M,; Next, it calculates the optimal partitioning
points to divide the quantized M, into several sub-models;
Then, it offloads the above sub-models onto appropriate ESs
for collaborative inference. In this process, we fine-tune M,
through cloud-edge-end collaboration to let it adapt to the local
dataset of the corresponding SD. The data processing speed
of CS is v, and the energy consumption to process one unit
of data is .. The time taken and energy consumed by 7,-bit
quantization are 7(, q) and €(q 4, respectively.

2) Edge Servers (ESs): For the set of ESs
ES={ES:, - ,ES;,--- ,ESx} in the EC system, each
ES is connected to a base station through high-speed cables
(such as fiber optic), offering communication resources. For
simplicity, in this work, ES is considered to be equivalent to
BS. For ES,, its data processing speed is v, and the energy
consumption for processing one unit of data is €,. Both ES
and CS communicate through internal IP addresses, and the
data transmission speed between E'S, and CS is v(. ), with
each unit of data transmission consuming energy of €. ).

3) End Devices (SDs): In the system, the set of SDs
S8D={SDy,---,SDy} require a DNN model to process their
own local privacy data. For each SD (SD,)), its data processing
speed is denoted as v, and the energy consumption for
processing one unit of data is €,. Due SDs’ resources, both
CS and ES are required to assist SDs for fine-tuning DNN.
ES,; and M D, utilize wireless communication with the total
available bandwidth b(, ., and the energy consumption €, )
for transmitting one unit of data. Besides, according to the
Shannon’s theorem [32], the data transmission speed between



ES; and M D, can be calculated as v, ,) = b(zy) - loga(1+
o), where o is the ratio of signal over noise. Similar to [22],
for ease of modeling, we assume that o is predictable and
constant.

B. Computing and Communication Models

Deep layer and shallow layer. Upon selecting the DNN
version M, € M and the quantization bit-width 7y, the
resultant quantized model can be denoted as M, . Let d(a 2
and g( g denote the computational burden and the size of
the i-th layer/block in the model M, 4, respectively. For
M ,,q) with n layers/blocks, since the partitioning point can be
placed between any two layers/blocks, we can obtain the op-
tional partition point set SP = {p1,pa, - ,Pn—1}. Through
the j-th partitioning point, M, 4 can be divided into two
parts: the DNN end layers/blocks (shallow layers/submodels)
{l1,12,---,1;} executed on the SD and the DNN edge lay-
ers/blocks (deep layers/submodels) {lj41,0j42, - ,l,} exe-
cuted on the ES.

Cloud-edge transmission. Prior to initiating the fine-
tuning, the CS needs to transmit the deep sub-model and
shallow sub-model derived from partitioned model to the ES
for model offloading. Subsequently, the ES will transmit the
shallow layer to the SD. The volume of data to be transmitted
is denoted as:

(o) = nga’q), (cloud — edge), (1)
i=1
e(fqdj Z g(a - (edge — end). (2)

End device fine-tuning. When receiving the shallow sub-
model transmitted by CS, the corresponding SD needs to fine-
tune it using the local dataset. Then, the local computational
burden is expressed as:

(an) - Zd(aﬂ) )

End-edge transmission. When the fine-tuning of SD is
completed, the latest shallow layer needs to be transmitted
to the ES for performing the deep layer. The amount of
transmission data Dgla_;"J) (end — edge) is the same as Eq.
(2).

Edge server fine-tuning. Upon receiving the shallow layer
from SD, the ES continues to fine-tune the deep layer. The
corresponding computational burden is defined as:

(a,qJ) - Z d(a q)° “)

_]J,-l

Edge-cloud transmission. When the fine-tuning of ES is
completed, the latest quantization model M, 4 is transmitted
to CS for updating full-precision M,. The volume of trans-

mission data D{;"" . (edge — cloud) is the same as Eq. (1).

C. Latency, Energy Consumption and Accuracy Modeling

Let k represent the current epoch, 7 (k) be the end time
of epoch k, £(k) denote the cumulative energy consumption
of the first k epochs, and L(k) be the loss function on the
test dataset of the SD, computed at epoch k being over.
Correspondingly, ¢(k) and e(k) represent the time taken and
the energy consumption by epoch k, respectively, while ¢(k)
denotes the variation in the loss function value of the k-th
epoch, which is usually a negative value.

Importantly, each epoch corresponds to one complete
learning-inference run, which consists of (i) a fine-tuning
phase to adapt the selected model to the local dataset, followed
by (ii) an inference execution to evaluate the updated model
and determine convergence and accuracy satisfaction.

Notice that the time and energy variations depend on the
joint decision in terms of the selected M, the quantization bit-
width (i.e., compression ratio) M(a’q), the partitioning decision
M(q,q,j)- and the adopted ES E'S.. Also, each of them includes
two components, i.e.,

t(k)=T(k)—T(k-1)
:Trun(M(a’q’j), ESI) +

e(k) =E(k) — E(k — 1)
:E'r-un(]\4((17[1’],)7 ESZ) 4+ gt'r-om(]\4((1’%]-)7 ESx),

where 77%"/e"™" represents the time/energy consumption of
executing computing tasks during fine-tuning over a set of
cloud-edge-end nodes, and 7¢7%"/e"%" denotes those of exe-
cuting transmission tasks. Note that we omit the M, 4 ;) and
ES, for simplicity in the subsequent sections.

During the cloud-edge-end fine-tuning process, the time
taken (77“™) and the energy cost (¢""") are consumed by the
following calculations: the fine-tuning performed by SD, ES,
and CS, and the quantization performed by CS. Consequently,
the total time and energy consumed for calculations in one
epoch are defined as:

5
(Mg BS,), O

a,q,5)>

(6)

T = Ted + Tes + Tes + Tas
d
_ D(ea 9:4) + D(eiq,j) + &’ Q)
Uy Vg Ve
et = €ed T Ees + Ecs T Ea
(®)

= D?ﬁ,q,j) ’ €y + D(eg,qd) cEx T+ Fa cEc-

Similarly, the calculation of 7!"%" and £'*" during the

transmission process consists of four parts: i) deep layers
and shallow layers (CS—ES), ii) shallow layers (ES—SD),
iii) fine-tuned shallow layers (SD — ES), and iv) fine-tuned
quantization model (ES—CS), i.e.,

tran __
T = Tese T Temsd T Td—e + Tese

c—e d—e
D(;”) D((qu)

U(e,z) U(z,y)
c—e
(a,9,5)

U(e,w)

e—d

D )
(a,q,9) +

U(z,y)
e—>d_
(a,q,9)

U(z,y)
tran

€ = €cse T €end T Edse T Eene
— ( c—e

e—d
(arq,5) * Elex) T D(:q-,j) ’ 5(90,?/))'

e—c .
(a,9,9)

V(e,x) 9

=2

(10)



For some ineffective cases about the selection of partitioning
points or ESs, we set 774", gTun riran anpd g to oo,
The evolution of the loss function is formulated as:

Uk) =L(k) — L(k —1)

w ate rTun (11)
=P (M0, & = 1, K) 477" (Mg, 9, K).

Again, Eq. (11) includes two components: v*P%%€_ the con-
tribution of updating the quantized model M, 4) of the k-th
epoch with the full-precision model M, of the k£ — 1-th epoch,
and y"™"— the effect of fine-tuning an epoch for M, . In
general, 4""" and ~“P9%%¢ are less than zero (i.e., the loss
decreases).

The sum of these components leads to the difference be-
tween the loss at the current epoch k and that of epoch k£ —1,
i,e., the result of the action enacted at k. Assuming that the

total number of epochs that M, o) needs to be fine-tuned is

K(4,q), we can formulate the final loss of M ) as:
Ka,q)
L=LitVan+ p Lk), (12)
k=1

where 7y(,,q) corresponds to the loss changes caused by
compressing the model M, into M, for the first time.
Accordingly, ¥(4,q) > 0, as compressing model will increase
the loss value. Impossible models and quantization bit-widths
are associated with (4 4y = 0.

D. Problem Definition

Considering the critical requirement of sustainable ML, our
objective is to minimize the total energy used for fine-tuning,
while ensuring that the loss decreases to a predefined threshold
Lomaz Within a specified duration 7,,,44:

K(a,q)
min £ = ¢g(q,q) + Z e(7),
i=1
s.t.
K(a,qg) (13)
T: Z t(l) < 7;naa:7
i=1
K(a.q)
L=La+ Vg + Y UE) < Las
k=1

Note that, unlike existing studies, our goal is to minimize
training energy without compromising training efficiency or
learning accuracy, rather than solely minimizing latency or
maximizing accuracy, we consider a joint optimization over
energy, accuracy, and latency. During fine-tuning, unlike 77%",
gtran grun and g7en (that can be calculated in advance),
the vq,q)» Y™™ yupdate and K (q,q) can only be estimated or
predicted by CS responsible for orchestrating task allocation
and model customization through estimators @(a,q), Arum,
qupdate and IA(((W), respectively. This reveals the fact that
it is difficult to comprehend how to train a particular model
on specific SDs for enhanced learning performance. In fact,
all existing methods can only offer approximations and/or
bounds to such quantities. In the following, we consider these

estimators as provided; then, in Section I of the Appendix, we
give a potential method that CS can employ to calculate them.

In fact, the task of estimating and modeling the learning
performance of DNNs is independent and unrelated to our
work; the primary goal of JQODI is to utilize insights into
DNN performance—no matter the source—to make informed,
good learning choices efficiently. Due to the discrete-time
and combinatorial characteristics of the target problem, we
propose an approximate dynamic programming (ADP) method
(detailed below) to tackle complex combinatorial problems
where the state of the system changes over time and the
same decision-making process must be repeated across various
periods.

E. ADP Formulation

First, we define the state space S, the set of actions
A, and the cost function C. The epoch k is formulated as
s(k) = (k,£(k),t(k), ESz,7), the set of actions available
from state s(k) is formulated by all possible actions a(k) =
(ES:,j) € (ES,8P). The cost function C(s(k), a(k)) refers
to the cost of executing action a while in state s at epoch k,
as the corresponding consumed energy C(s(k),a(k)) = e(k).
Such a cost comes directly from Eq. (6), i.e., C(s(k),a(k)) =
€M ( Mqq.5)s ESz) + " (M(a,q,5), ESz)-

The desirable of being in state s(k) is called as value
function, denoted as V' (s(k)), which requires a more complex
and domain-specific definition. When the time is greater than
Trmaz (.., T(k) > Tmaz) and the loss function exceeds L4
(i.e., L(k) > Lpmaz), we assign the minimum value 0 to
the value function V' (s(k)) of state s(k). When the time is
less than or equal to Tpaq (€., T(k) < Trae) and the loss
function is lower than L, (.e., L(k) < Lyq2), We assign
the maximum value 1 to the value function V (s(k)) of state
s(k). For all other states, we compare the current loss £(k)
and time 7 (k) with an ideal loss-time curve £/ (T) that:
(i) starts at £(0) for T = 0; (ii) ends at L4, for T = Truaws
and (iii) follows a power law in between. This latter aspect is
derived from findings consistently reported in both theoretical
[33], [34] and experimental [35] studies. Consequently, the
value of being in state s(k) can be formulated as the difference
between the ideal and the actual loss values, i.e.,

V(s(k)) = logistic (L (T(k)) — L(K)),  (14)

where the value is normalized using a logistic function.

Theoretically, the dynamic programming (DP) problems can
be solved via the optimization of Bellman’s equation, which
entails selecting, at each time step, the action that results in the
lowest cumulative energy cost while satisfying the conditions
that (i) the specified quality criterion is met, indicated by the
state value at the final time step K being 1, and (ii) the action
is executed prior to the expiration of the deadline 7,,4;.

mina(k)EA Z C(s(k),a(k)),
k

s.t. V(S(K)) = 1, T(K) < 7;nux~

When solving realistic DP problems, we confront two major
challenges. First, the CS has no enough ability to foresee

(15)
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Fig. 5. Example of the JQODI time-energy tree diagram.

the future changes in the loss value ¢(k) as well as the re-
quired total number of epochs K. Though deep reinforcement
learning (DRL) has potential to deal with the above task, it
requires a large amount of data for agent training, and suffers
from limited generalization, which is not suitable to our target
resource-limited EC scenarios. For this issue, we design an
alternative strategy, i.e., an ADP framework, via utilizing low-
complexity neural network estimators to predict the potential
loss trajectories and the required total number of epochs K.
Second, given the vast number of possible actions, it is difficult
for the CS to selectively evaluate a subset of these actions at
each iteration. These challenges are addressed in Sections IV
and V, respectively.

IV. THE JQODI ALGORITHM

The goal of JQODI is to enable CS to efficiently identify
high-quality solutions for the problem presented in Eq. (15),
which, as demonstrated subsequently, is NP-hard. The process
of JQODI includes three main stages:

1) Construct a time-energy tree diagram that depicts potential
decisions and their respective outcomes.

2) Utilize this graph to determine a feasible set of decisions
based on the predicted loss trajectory.

3) Integrate time and energy-related data to select the optimal
feasible solution for implementation.

Step 1: Time-energy tree diagram. The time-energy tree
diagram is a directed graph constructed according to the
following rules:

o There are three types of wertices in the graph, with
red and orange vertices indicating the selected model
v, and quantization bit-width v,, respectively. The blue
vertices depict the states of the system v, and are marked
with details such as the current edge server E.S, the
partitioning point p, and the total elapsed time 7 (k). To
identify feasible solutions, we use the robust estimator
K (28 to construct the graph.

o A directed edge is drawn between two vertices whenever
an action making the system move from one state to
another; each such edge is labeled with the energy
expenditure of the related action, as in Eq. 6.

o Each vertex representing a feasible state of the system
(i.e., T(K (75};)) < Tmae) is further connected to a virtual
vertex O.

The diagram is generated using the CreateTree function, as

shown in Algorithm 1. First, it forms all vertices, embodying

Algorithm 1 Creating the time-energy tree diagram
Input: the set M, £S, Q, and SP;

Output: the time-energy tree diagram (V,E);
function CreateTree

1: V4 {0}, v + 0, vg + 0, ve < 0

2: for M, € M do

3: Um <—'UmU{Ma};

> set of vertices

4 for ¢; € 2 do

5: Vg = Vg U (Ma, gi);

6: for k€ {1,--- (T;’;)} do

7: Ve ¢ Ve U (ESI, qi, T (k));

8 V< VU, UvgUwves

9: E « 0; > set of edges
10: for v € v, do

11:  forv' € v, do

12: if T(a,i) S Tmaz then

13: E=c¢@,), L Lo+ ’A}/(;bq),

14: v (Ma,qi,T(,l’i),[,)

15: E«+ EU (v,v, weight = E);

16: else if 7, ;) > Timao then

17: FE = oo; > infeasible

18: for v € vy do
19:  for v' € ve(k=1) do

20: 7—/ — 7-+ Trun(v/) + Tt'ran(vl);

21: if 7/ < Tnae then

22: E — Erun( ) + Et'ran(v/)’

23: Lo L4 550 () + 47 (v);

24 v+ (BESs,q:, T, L);

25: EU (v,v’, weight = E);

26: else if 7' > Truq0 then

27: FE = oo; > infeasible

28: for v € ve(k < K™) do R
29:  for v’ € ve((k+1) < K™) do

30: 7—/ «— 7-+ Trun(vl) + Tt'ran(v/);

31: if 7—, S Tmaa: then

32: E = 6run( )+€t7‘an(vl),

33: L L4350 (o) + A7 (v');

34: v <« (ESs,q:, T, L);

35: EU (v,v’, weight = E);

36: else if 7' > Truq. then

37: FE = o0o; > infeasible
38: if T < Traz NL < Limaes then

39: E + EU {v,Q};

40: return (V,E);

all valid combination of model, quantization bit-width, ES,
epoch, partitioning point, and taken time (Lines 1-8).

For each model M, (v € v,,), if the time taken for ¢;-bit
quantization is less than 7., an effective edge with a weight
of (4,5 is added between vertices M, and (M, q, 7(a,i), L),
where L is calculated using the robust estimator (Lines 10-
17). For each vertex v € v, or v., determining the impact of
executing action v’ from v, involves calculating the resultant
elapsed time and the required energy (Lines 18-27 and Lines
28-37). If either of these values is oo, executing action v’ from
state v is deemed infeasible, prompting us to consider the next
action. Otherwise, an effective edge with a weight of E (Line
25 and Line 35) is added between vertices v and v’ (Line 24
and Line 34), where L is calculated using the robust estimator
(Line 23 and Line 33). Finally, if v is feasible, v is connected
to © (Lines 38-39).

Figure 5 presents an example of time-energy tree diagram,



where the learning target is L4, = 0.035 and the time limit
iS Tmaz = 3.5. The initial point is model M; with a loss
value of £; = 0.02 (denoted by purple vertex). This model
can be further processed with three potential quantization bit-
widths: 7y, 2, and 73 (depicted as blue vertices). Throughout
the fine-tuning phase, different configurations of ESs and
partitioning points can be chosen for each training iteration
(yellow vertices). Among these different combinations of the
loss and execution time, only a few subsets are feasible, and
then connected to decision node © (red vertex).

Step 2: Find available paths. Subsequently, JQODI utilizes
a multi-tree traversal algorithm to ascertain viable paths. To
counteract the potential detrimental effects of inaccuracies in
loss estimation, which could undermine the feasibility of these
paths, a time-energy tree diagram is constructed leveraging
robust estimators of loss variation. This ensures that all paths
terminating at a feasible node possess a high probability of
actual feasibility. Therefore, JQODI applies Algorithms 2-3
to search for paths that: (i) originate from the initial vertex
M, (v € vy,), and (ii) terminate in a feasible state, namely, a
vertex linked to ©. These identified paths are compiled into a
set denoted as P and are assigned weights corresponding to
the sum of weights (i.e., energy consumption) of their edges.

Algorithm 2 Finding available paths

Input: the time-energy tree diagram (V,E);
QOutput: the path set P;
P+ 0;

1: for v € vy, do

2: TRAVERSALJ();

3: return P;

~

> Invoke Algorithm 3

Algorithm 3 TRAVERSAL

P+ 0 > set of paths
function TRAVERSAL()

1: if v == © then

2 p=(path,w);

3: P <+~ PUp;

4. return;

5: for edge = (v,v’, weight) € E do

6: v=1;

7: path < path + v;

8: w < w + edge(weight);

9: TRAVERSAL(); > recursion
10: path < path — v;

11: w + w — edge(weight);

Step 3: Making the best decision. After identifying the
available paths and associated actions, utilizing robust esti-
mators for decision-making can be overly prudent, potentially
leading to increased energy expenses. Therefore, JQODI con-
siders two additional elements — opportunity and risk factor
— during action selection. These factors, along with the path
weight, are combined into a score, and the action with the
lowest score is chosen for implementation.

For each path p € P, scores are computed in the SelectPath
function in Algorithm 4. The opportunity factor, i.e., opp >
1, is determined by the ratio of (i) the expected time to (ii)
the robust time associated with the path p (Lines 2-4). The

Algorithm 4 Selecting the best path

Input: the path set P;
Output: the best path px;
function SelectPath

1: for p € P do
2 Tealp) = T (K2t ()):
3 Talp) = T (K0 0):
4: opp < Teap/Trobs
5 Lean(p) = L}(@bt Ve (P)
o (e (k) + AT ) )

6: Lexp(p) = Ea(p) + ,-Ay(e:f;) (p)

ke;p (k) LU ate Lrun
F0T (R (k) + A ()
7o risk < Lewp(p)/Lrob(p):
8: scores[p] < p[w] - ’:;;;

9: return px = argminpep scores[pl;

underlying principle is to make it easier to choose paths with
a more accurate estimate for the expected number of epochs,
since the more accurate the estimated epoch, the closer the
simulation results of the fine-tuning process of the path are to
the real results. As for risk > 1, it is computed as the ratio if
(1) the sum of expected loss value to (ii) the sum of the robust
loss value associated with the path p (Lines 5-7). The high-
level objective of the risk factor is to steer away from selecting
paths with large differences between the robust loss value and
the expected loss value, since the larger the difference between
them, the poorer the stability of the path.

The score of path p is computed in Line 13 as p’s weight,
divided by the opportunity factor, and multiplied by the risk
factor. Then, the path with the minimum score is identified as
the optimal path. Note that the path with the lowest weight
represents the decision with the minimal energy cost, when
the edge weights are associated with the energy consumption
of the corresponding actions. To this end, this step outputs the
path that leads to the lowest energy cost.

A. Problem and Algorithm Analysis

Property 1: The joint decision-making problem in-
volving the selection of model, quantization bit-width,
partitioning points, and ESs is NP-hard.

Proof. To prove Property 1, we need to give the following
preparations.

Problem Transformation. According to the definitions in
Section III, our target joint decision-making problem can be
rephrased as

K
max — <6<a,q> +_e(k) 'TI(a,q,j,x)> » (19
k=1



S.t.

Navgge) <1 Maq.j2) € 10,1}, (15.1)

K
T(aq) + Zt(k) “Maq,5,2) < Tmaz (15.2)

k=1

K
Lo+ Vg + P LK) Nagiw) < Lmaz: (15.3)

k=1

where 7)(4,4,j,0) represents the current decision state selected
by the system. If the currently used model is M,, the quanti-
zation bit-width is 7, the partitioning point is ;, the selected
edge server is £'S;, and the value of 7, is 1, otherwise
Na,q.4,2) = 0-

Multi-dimensional Cost Knapsack (MCK) Problem. The
MCK problem involves n items and a knapsack with a load-
bearing capacity of L and a volume of W. The weight and
volume used to place the i-th item in the knapsack is /; and
w;, respectively; and the obtained value is v;. The goal of
the MCK problem is to solve which items can be packed into
the knapsack for maximization of the total value, ie., I =
(I, ylp, w1,y Why U1, o0 Uy, LW

n
max E v; - ki,
i=1

n n
s.t. Zli-niSL, Zwi'niSW,
i=1 i=1

where 7; € {0,1}. If the item ¢ is packed into the backpack,
n; = 1; otherwise, n; = 0. It is well known that this knapsack
problem is an NP-hard problem [37], [38].

Through comparing Eq. 16 with Eq. 17, we can obtain that
if neglecting some polynomial-time items, our joint decision-
making problem of Eq. 16 is is equivalent to the MCK
problem, which has been proven to be NP-hard. Specifically,
we can map [ to an instance of target joint decision-making
problem I' = (I; = t(k),w; = £(k),v; = e(k),n = K,n; =
Naqga) b = Tmaz = T(ag W = Lmaz = £ = V(ayq))-
It is evident that the mapping can be completed within the
polynomial time. If an algorithm that can resolve the target
joint decision-making problem I’ exists, it would likewise
address the associated MCK problem I, and the reverse is
true as well. Consequently, the MCK problem can be views
as a specific instance of the joint decision-making problem,
which is also NP-hard.
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Property 2: The time complexity of our proposed
algorithm JQODI is O(maz{A* Q=+ I, |vm|*|vgl, |vg]*
[vel, [vel?})-

Proof. The time complexity of JQODI strategy is deter-
mined by the cumulative complexities of Algorithms 1—4. In
Algorithm 1, the first loop can be executed up to A x Q * K
times, where = argmax(a)q)f{ (TaOl;) The second loop can
iterate up to |v,,| * |v,| times, the third loop can be executed
up to |vg|*|ve| times, and the fourth loop can be executed up to
|ve|*(Jve| —1) times. Algorithms 2—3 aim to find the available

Fig. 6. The proposed system model of cooperative training process.

TABLE I
END DEVICES SPECIFICATIONS

Device Hardware Specifications
CPU 2.4GHz Quad Core Arm Cortex-A76
Memory 8GB LPDDR4X-4267MHz
Pi5 GPU No GPU
Idle 3.75W
Power
Rated 12W

Rated power: the maximum power that can be continuously output under
normal working conditions;

paths via traversing every node of the tree diagram constructed
by Algorithm 1. Therefore, the complexity of Algorithms 2—3
will not exceed the total number of nodes |v,,, +v, +ve| in the
graph. Algorithm 4 aims to find the best one among all feasible
paths, through iterating over the set P of feasible paths with a
complexity of |P|. We can easily determine that the contribu-
tion of Algorithm 1 to the complexity of JQODI dominates,
while the complexity of Algorithms 2-4 is much lower than
that of Algorithm 1. Consequently, the complexity of JQODI is
O(maz{A+Q* K, |vm|*|vgl, |vg] * |vel, |vel*}).

Importantly, Property 2 concerns the worst-case time com-
plexity of JQODI, which in practice has substantially lower
complexity [39].

V. EXPERIMENTS AND RESULT ANALYSIS

In this section, we use a real hardware testbed to testify the
performance of our proposed algorithm.

A. Cloud-Edge-End System Setup

Testbed Overview. As shown in Figure 6, we employ a set
of Raspberry Pi5 as SD, running the Ubuntu 22.04 system
to fine-tune shallow layer model and uploading intermediate
features; a NVIDIA GeForce RTX 4090 and RTX 3090 are
used to simulate ESs with different resource levels, running
Ubuntu 20.04 system to fine-tune the deep model, transmit
shallow model, and serve as a communication medium be-
tween CS and SD; a NVIDIA A100 GPU as a CS, running
the Ubuntu 20.04 system for model storage and deployment
of the JQODI algorithm for decision-making. SDs and ESs
communicate wirelessly through Wi-Fi modules, while the
connection between ES and CS is realized through internal IP
addresses. The power consumption of CS and ES is monitored



TABLE 11T TABLE V
EDGE SERVERS SPECIFICATIONS ENERGY CONSUMPTION OF SYSTEM COMPONENTS AND JQODI
OVERHEAD
Device Hardware Specifications
Task ‘ Total Energy JQODI Energy
CPU 12th Gen Intel(R) Core(TM) i9-12900
Memory 32GB Datal | 76513 28.35]
RTX3090 GPU NVIDIA GeForce RTX 3090-24G Data 2 \ 12091) 36.751
Idle 95W
Power
Rated 350W
CPU  Intel(R) Xeon(R) Gold 6133 CPU@2.50GHz TABLE VI
PREDICTION OF THE TOTAL NUMBER OF EPOCHS RELATED TO DATA 1
Memory 64GB
RTX4090 GPU NVIDIA GeForce RTX 4090-24G Lo Model - o . ke frob
p Idle 35W
ower Rated 450W 2-bit | 12646 126 132
LeNetlike 00186 —ooit | dd=d 44 48
6-bit 3343 33 36
TABLE IV 8-b%t 26+3 26 29
CLOUD SERVER SPECIFICATIONS 2-bit ©9 - -
: — 002  ResNet20 00156 — it | 3654 36 60
Device  Hardware Specifications 6-bit 48+2 48 50
CPU Intel(R) Xeon(R) Gold 6133 CPU@2.50GHz 8-bit 4242 42 44
Memory 64GB 2-bit T1+£5 71 76
Al - - —
00 GPU NVIDIA A100-SXM4-80GB VGG-like 0.0188 4 b%t 43+3 43 46
Idle 66W 6-bit 3943 39 42
Power -
Rated 400W 8-bit 29+2 29 31

using ’nvidia-smi’, while SD’s (Raspberry Pi) energy usage is
measured using a Deli DL333501C power monitor, as shown
in Fig. 6. Tables II-IV present their specifications and reported
power parameters.

Data Requests and DNN Architectures. The data requests
from SDs are generated based on CIFAR-10 [29] and CIFAR-
100 [29]: Data 1, simulating homogeneous datasets, has 2000
training images and 500 validation images from the test set
of CIFAR-10; Data 2, simulating heterogeneous datasets, has
5000 training images and 1000 validation images from 10
classes in CIFAR-100. We consider three DNN architectures,
including LeNet-like, VGG-like® [30], and ResNet20, all of
which have been fully trained on CIFAR-10 in cloud server.

Algorithm Settings. We implement Algorithms 1-4 through
quantization-aware training [31] based on Pytorch 2.4.1 and
Python 3.8. For each model, the available quantization bit-
widths follow the set {2-bit, 4-bit, 6-bit, 8-bit}. We empir-
ically set four optional partitioning points for LeNet-like*
and ResNet20°, and five for VGG-like model®. Note that the
energy consumption of idle nodes is not taken into account
[4], [40], [41]. Then, for comparison, we set significantly
different time constraints for the two experiments: the time
limit (7,4 = 180 seconds) is set for Data 1, and the long
time limit (7,,., = 2000 seconds) is set for Data 2.

Benchmark Solutions. The benchmark strategies for com-
parison include: (i) Optimum: the optimal decision achieving

32 x 12803 — MP2 — 2 x 256C3 — M P2 — 1024FC — 10SVM

4The partitioning point of LeNet-like: 64C3 — M P2 — p; — 128C3 —
MP2 — py — 128C3 — MP2 — p3 — 1024FC — ps — 10SVM

SThe partitioning point of ResNet20: 16C'3 —p; — Block(16,3,1) — pa —
Block(32,3,1) — ps — Block(64,3,1) —ps — FC

5The partitioning point of VGG-like: 128C3 — p; — 128C3 — M P2 —
p2 — 256C3 — p3 — 256C3 — pg — M P2 — 1024FC — ps — 10SVM

1 £: the loss value of the corresponding full-precision model

2 Lomaz: the target loss value of quantized model

3 K: the number of epochs required for the quantized model to reach
the target loss Lmaz during fine-tuning

4 Ke®P and K"°P: the expected-value estimator and the robust-value
estimator for K, respectively

the minimum energy consumption via exhaustive brute-force
search is only applicable to small-scale instances; therefore, it
is used solely as a sanity-check upper bound; (ii) Full Model:
the full-precision model without any quantization, which uti-
lizes brute-force search to determine model version, partition
point, and ES; (iii) Minimal Model: the 1-bit quantization
model, where the optimal selection of model version, partition
point, and ES is determined using brute-force search. Note
that most state-of-the-art works [21], [42], [43] envision full-
precision model, and thus their performance is represented by
Full Model.

JOODI Energy Consumption. Note that, JQODI algorithm
is executed on cloud sever and is triggered only during the
initial phase or when there is a significant changes in resource
status. The optimization results are reused across multiple task
rounds, with an energy cost of approximately 3%o of the total
energy of the cloud-edge-end system, as shown in Table V.

B. Implementation of Total Epoch Quantity Prediction.

As described in Section I of the Appendix, we use two
DNNs and an LSTM to estimate Vag)» Y vul’d‘”e, and,
K (4,q) respectively. Considering the distinctions arising from
various configurations, we conduct individual prediction for
each choice, encompassing selected model and quantization
bit-width, as well as perform separate predictions for the
number of epochs required for each dataset.

The prediction quality results are shown in Tables VI-VII,
where the epoch number predictions are generally accurate



TABLE VII
PREDICTION OF THE TOTAL NUMBER OF EPOCHS RELATED TO DATA 2

Lomae  Model c q K Kewp  [rob
2-bit [(14567° 145 152

LeNetlike 00186 _+Pit | 3353 33 o9

6bit | 3643 36 39

8bit | 3342 33 35

2hit | oo h B

002  ResNet20 00156 it ] 3953 39 62
6bit | 4742 47 49

gbit | 5042 50 52

2bit | 11346 113 119

VGG-like 00188 -+t | 734 73 n

6bit | 6943 69 72

8bit | 58+2 58 60

in all cases. From these results, we can obtain following ob-
servations: First, reducing quantization bit-width can decrease
computational and energy costs, but increase the number of
epochs required for fine-tuning. Second, a higher quantiza-
tion bit-width does not always guarantee faster convergence
to target loss. For example, in the case of Data 2, an 8-
bit ResNet20 network consistently requires more epochs to
achieve the target loss than the 6-bit ResNet20 network. This
shows that the most energy-efficient configuration does not
necessarily result in the model with the smallest size or
lowest quantization bit-width. Therefore, employing learning
optimization strategies such as JQODI is crucial to balance
model efficiency and fine-tuning costs.

C. JOQODI ’s Performance on Data 1

1) We first assess the effectiveness of our proposed
JQODI on Data 1. As shown in Figure 7, the result generated
by the Minimal Model strategy corresponds to the performance
of the LeNet-like network when selecting the second partition
point and deploying the deep model at RTX 3090 with a 1-bit
quantization; the Optimum strategy is to select the first parti-
tion point in the LeNet-like network with an 8-bit quantization
and deploy the model at RTX 3090; the difference between
JOODI and Optimum is that the quantization scheme adopted
for the LeNet-like network is 6-bit; the results generated by
Full Model correspond to the performance of the full-precision
VGG-like network when partitioning at the first partition point
and deploying the deep model at RTX 4090. Due to the
stability of the network environment during the experiment,
the most accurate quantization bit-width and partition points
can always be accurately adopted for each epoch, as well as
the combination of quantization bit-width and partition point
is relatively fixed.

Figure 7(a) illustrates the energy consumption associated
with each strategy for different loss values. The Minimal
Model emerges as the least effective approach, failing to
achieve L,,,,, even without accounting for energy consump-
tion. By contrast, the Full Model shows performance improve-
ment at the cost of increased training effort. However, its

energy consumption to reach the target loss value significantly
exceeds that of JQODI and Optimum. This disparity arises
because training a full-precision model incurs higher energy
costs per epoch than compressed model. Moreover, the full-
precision model is trained on a CS with extensive training
data, whereas SDs suffer from lack of sufficient training data.

Figure 7(b) compares the training loss versus time taken
curves of the benchmark strategy and JOODI. We observe
that JOQODI converges to the target loss L4, almost si-
multaneously with Optimum. More specifically, on Data 1,
JOODI makes decisions that are very close to those of the
optimal strategy, differing only slightly in quantization bit-
width, i.e., 6-bit for JOODI compared to 8-bit for the optimal
strategy. However, the ultimate objective of our optimization
is energy consumption, with time consumption serving merely
as a constraint. Therefore, Figure 7(c) highlights the energy
consumption and time consumption of each strategy at the
point of reaching the target loss.

As shown in Figure 7(c), although Minimal Model incurs
significant time and energy costs, it consistently fails to
achieve the target loss. While Full Model ultimately converges
to the target loss, it entails considerable energy expenditure
(19091 J) and time consumption (330.86 s) much longer than
our acceptable range. Notably, our JQODI achieves perfor-
mance that is only marginally inferior to the optimal solution
in terms of both time and energy consumption (JOQODI vs
Optimum: 7651.3 J vs 6988.1 J, 142.335 s vs 135.564 s). This
highlights the practical feasibility and efficiency of JOQODI.

2) Figure 8 further shows the specific time and energy
consumption of the feasible strategies when using network
infrastructure. From Figure 8(a), we can see that for each
strategy, the required computation time decreases as the
amount of network infrastructure resources increases, i.e.,
SD > ES > CS. However, for energy consumption, the
result is exactly the opposite, as shown in Figure 8(b), i.e.,
SD < ES < CS. These observations highlight the necessity
of balancing energy consumption and computation time/time
taken. In this sense, it is essential to carefully determine the
optimal model partitioning point to achieve the most efficient
distribution of computational tasks between SD and ES.

3) For inference performance, Figure 9 shows the inference
overhead generated by the solutions corresponding to different
strategies. We can see that our JOQODI outperforms all other
strategies in terms of both inference time and energy consump-
tion across any individual device or device combination. This
is because JQODI utilizes a lower bit-width than Optimal (i.e.,
6-bit vs. 8-bit). We also observe that performing inference ex-
clusively on Raspberry Pi5 offers a compelling option: When
its inference time is higher than that of the combined PI+3090
setup, it still outperforms PI+4090. More notably, the energy
consumption of Raspberry Pi5 inference is substantially lower
than that of the combined inference approaches. However,
Full Model is clearly undesirable, as the inference time of
full-precision model solely on the Raspberry Pi5 reaches 18
seconds, significantly exceeding the acceptable time limit.

4) Figure 10 shows the time and energy consumed by
different network infrastructures when adopting combinatorial
inference. We find that for the inference of small models, the
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combination of 4090+PI is not an excellent choice. As shown
in Figure 10(d), when using this combination for inference
of small models, the time consumption of RTX 4090 even
exceeds that of Raspberry Pi5. For the inference of large
model, the combination of 3090+PI is suitable for delay
sensitive situations, while the combination of 4090+PI is more
suitable for our target situations that require lower energy
consumption in this paper.

D. JQODI ’s Performance on Data 2

1) We use Data 2 to simulate the situation of heterogeneous
terminal data to explore the performance of JQODI. The
Minimal Model is to select the second partitioning point in the
VGG-like network with 1-bit quantization and deploy the deep
model at RTX 4090; the Optimum is to select the first partition-
ing point in the ResNet20 network with 6-bit quantization and
deploy the deep model at RTX 4090; the difference between
JQODI and Optimum is that the quantization scheme adopted
for the ResNet20 network is 8-bit; the results generated by
Full Model correspond to the performance of the full-precision
LeNet-like network when partitioning at the first point and
deploying the deep model at RTX3090.

Figures 11(a)-(b) show the energy consumption and the time
taken versus the loss value, respectively. We can observe that
the result of JOQODI is very close to the optimal result and
outperforms the other strategies. Figure 11(c) shows the rela-
tionship between the time taken and the energy consumption
of different strategies when achieving the target loss. As shown
in Figure 11(c), for Data 2, all strategies are able to achieve
the target loss of 0.02 within the prescribed time constraints.
In contrast, for Data 1, the Minimal Model consistently fails
to reach the target loss. Although Full Model does achieve the
target loss, it requires significantly more time than is allowed
by the specified constraints. We believe that the reason for
this difference is that Data 2 has more training data compared
to Data 1, which is more conducive for DNN to capture data
features and achieve better training results.

2) Figure 12 illustrates the time and energy consumption
of various strategies when utilizing the network infrastructure.
It is evident that the Minimal Model strategy allocates the
greatest proportion of time to SD, compared to the total
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execution time. This outcome is due to the strategy’s emphasis
on executing tasks at the edge (partitioning point 2), which
contrasts with the other strategies. When time constraints are
more flexible, offloading a greater number of tasks to the SD
can lead to a significant reduction in energy consumption.

consumption.

VI. RELATED WORK

This work involves the following research aspects, which
are presented in detail below.

Model quantization. Its aim is to convert full-precision
models to low-bit lightweight ones with no/minor performance
degradation [24], [31], [36], [44], where, e.g., for 32-bit full
precision, the 8-bit quantization refers to 75% compression
ratio of model, and so forth. In this way, the model size
as well as the power consumption can be reduced at the
same time inference speed is accelerated, which is particularly
important to the resource-constrained EC scenarios [18], [19],
[36]. Early studies use post-training quantization (PTQ) [44],
where the model weights or activations are trained and then
quantized via low-bit approximations, but suffer from accuracy
decrease. Then, quantization-aware training (QAT) is proposed
[19], [31], aiming to train both the full-precision model and
the quantization model simultaneously. In our previous paper
[31], we propose an effective BQAT method using gradient
backtracking compensation, and receives promising results,
which is applied as quantization baseline in this work.

Model partitioning. 1t strives to enhance training efficiency
and reduce memory consumption through dividing large mod-
els into a set of small segments being processed in par-
allel across multiple devices [14], [20], [43], [45]. Many
partitioning methods have been proposed and developed to
support collaborative execution under heterogeneous resource
constraints [13], [25], [42], [45]-[47]. Especially, the model
partitioning can be integrated with other strategies such as
multi-exit mechanisms to address task latency constraints [46].
Similarly, the delay-aware DNN inference is realized via



TABLE VIII
A COMPARISON OF DIFFERENT HYBRID STRATEGIES MECHANISMS.

Mechanism Properties
Compression  Partitioning RA!  Joint-decision

[4] v X v v

[23] v X X X
[31] v X X X
[46] X v v X
[48] X v v v
[52] X X v X
[55] v X v v
JQODI v v v v

1 Resource Allocation (RA)

jointly optimizing DNN partitioning and multi-thread paral-
lelism (aiming to increase the number of admissible delay-
aware DNN requests) [43]. In addition, SplitFed [47] inte-
grated model partitioning with distributed learning paradigms,
aiming to improve federated training efficiency and privacy
through parallel collaborative model training. In this work,
MCIA [13] is applied as baseline for model partitioning in
cloud-edge-end collaboration.

Resource allocation. Pioneer attempts focus on auction-
based resource allocation design [22], [49], [50], e.g., hier-
archical auction [49], and smart contract-based double auc-
tion [50]. Recently, the game theory is introduced for task
offloading and resource allocation [23], [52], [53], e.g., po-
tential game [52], which validates the existence of a Nash
Equilibrium in target system. In addition, the stochastic Stack-
elberg game [53] is often utilized to model the interactions
between service providers (sellers) and miners (buyers) in
blockchain-based systems. Lyu et al. [51] investigates the joint
design of Al model pre-training and fine-tuning by optimizing
communication and computational resources in edge networks.
However, due to the resource limitation of heterogeneous SDs,
it is still challenging to achieve efficient resource allocation in
cloud-edge-end collaboration systems.

Hybrid strategies. Existing studies focus on solving one or
another of the aforementioned decision problems [4], [48],
[54], [55], but neglect the necessity for a unified optimization
approach across these intricately intertwined decisions. For
example, Malandrino et al. [4] seek to reduce energy con-
sumption during DNN training by combining model pruning,
data selection, and resource allocation. Lyu et al. [54] analyzes
the impact of model compression on Al model performance in
edge environments. Zeng et al. [48] leverage RL to identify the
optimal partitioning method among available heterogeneous
devices to accelerate the inference process. Zhang et al. [55]
propose an cloud-edge collaboration framework based on
RL and supervised learning to compress DNN models and
utilize resource allocation to reduce task latency. To fill this
gap, we introduce a joint-decision framework JQODI, which
encompasses all the required decisions (formulated as a multi-
dimensional optimization problem) through cloud-edge-end
collaboration. Table VII summarizes the comparison between
our JQODI and existing works.

VII. CONCLUSION

In this paper, we consider the optimization of collaborative
inference and fine-tuning strategies for DNNs in EC scenarios
via joint decision-making that concerns (i) model selection, (ii)
model quantization, (iii) model partitioning, and (iv) resource
allocation, which are tightly coupled with each other. To real-
ize this, we propose a joint-decision solution JQODI to tackle
the above decisions-coupled optimization for the minimization
of energy consumption. This is the first attempt to address
such problem. In particular, JQODI has polynomial worst-
case complexity, and it provides near-optimal solutions by
efficiently approximating the optimal solution for the NP-
hard problem. Rigorous theoretical analysis and extensive
numerical evaluations validate the effectiveness and efficiency
of our JQODI in resource-limited EC scenarios, surpassing
existing state-of-the-art methods and aligning closely with
the optimal solution. Note that our current design primarily
focuses on energy consumption. In the future, we plan to take
into account latency and accuracy as additional optimization
objectives, aiming to enhance the comprehensive performance
of the entire system.
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