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Preference-Aware Fault-Tolerant Function
Embedding in Energy-Harvesting

Serverless Edge Computing
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Abstract—Serverless edge computing (SEC) that integrates
serverless and edge computing paradigms has facilitated the de-
ployment of intelligent Internet-of-Things (IoT) applications. In
SEC systems, energy efficiency and serverless pricing are essential
to maintain operational sustainability. Nevertheless, most existing
energy-saving techniques focus only on stable energy scenarios and
are therefore inapplicable to energy-harvesting SEC systems pow-
ered by intermittent renewable sources. On the other hand, server-
less pricing policies generally neglect the personalized perceptions
of user quality-of-experience (QoE) preferences, thereby resulting
in holistic user QoE degradation from a system perspective. More-
over, these approaches cannot guarantee functional correctness
of serverless applications due to the appearance of computation
and communication errors in practical SEC systems. To tackle
these challenges, we investigate the preference-aware fault-tolerant
function embedding problem for enhancing the holistic user QoE
in energy-harvesting SEC systems. We first design a personal-
ized QoE preference predictor to characterize trade-offs between
service completion time and resultant service fees of individual
users. Subsequently, we develop a reinforcement learning method
to decide static function embedding decisions at the offline phase.
Considering the intermittency of renewable sources, we further
provide an energy-adaptive function replica freezing strategy at the
online phase. Evaluations demonstrate that our approach boosts
the holistic user QoE by 32.2% over state-of-the-art algorithms.

Index Terms—Serverless edge computing, energy-harvesting,
fault-tolerance, function embedding, serverless pricing.
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I. INTRODUCTION

OVER the past decade, edge computing [1], [2] has prolifer-
ated numerous latency-sensitive Internet-of-things (IoT)

applications, such as smart healthcare, autonomous driving, and
intelligent industrial automation. Recent advances in the edge
computing community energetically advocate the integration of
serverless paradigm (also known as function-as-a-service, FaaS)
into edge infrastructures. This alliance thus gives rise to a new
concept of serverless edge computing (SEC) [3]. It is envisioned
that SEC will not only inherit the fast response advantages of
edge computing, but also enjoy FaaS superiorities in seamless
scalability, fine-grained resource management, and pay-per-use
service billing.

One distinct characteristic of SEC systems is that an IoT
application is generally organized as a service function chain
(SFC) comprising a sequence of dependent functions, or as
a directed acyclic graph (DAG) in which the nodes denote
individual dependent functions [3]. Accordingly, a fundamental
challenge in SEC systems is the function embedding, that is,
determining the placement of serverless functions onto dis-
tributed edge servers. In this regard, several works [4], [5], [6],
[7], [8], [9] have explored energy-efficient function embedding
for SEC systems. However, most techniques [4], [5], [6], [7]
are customized for SEC systems with stable energy sources.
As a promising direction, the adoption of energy-harvesting
technologies is attracting increasing attention in SEC studies [8],
[9]. Nevertheless, the inherent uncertainty in harvested energy
supply of edge servers incurs an increased risk of function
interruption. Therefore, traditional function embedding strate-
gies designed for stable energy supply environments are of-
ten ineffective or even infeasible in energy-harvesting SEC
contexts.

The second characteristic of SEC systems lies in the diversity
of user-centric quality-of-experience (QoE) preferences. In the
service mode of SEC systems, individual users submit their re-
quests to edge servers and then pay for service fees incurred upon
service completion. Most of existing pricing models [10], [11],
[12], [13], [14], [15] are commonly inspired by AWS Lambda
and Lambda@Edge pricing schemes, where the total user cost
is jointly determined by: (i) the number of function invocations,
(ii) the overall memory size allocated for all functions, and (iii)
the execution duration of the function. However, such native
pricing models overlook the personalized perceptions of user
QoE preferences in service completion time and resultant service
fees. Due to the diverseness of serverless deployment purposes,
the QoE of individual users could vary significantly even when
provided with identical SEC resource configurations. Therefore,
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personalized pricing is urgently needed to accommodate indi-
vidual QoE preferences.

More importantly, the third characteristic that distinguishes
SEC from conventional cloud platforms is its vulnerability to
both communication and computation failures. Yet most of ex-
isting works [4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14],
[15] cannot guarantee dependable function accomplishment due
to a lack of fault-tolerant mechanisms. In practice, SEC systems
are suffering from two dominant error types [16], [17], [18]:
(i) bit errors during inter-function communication, and (ii) soft
errors during function execution on edge servers. Specifically, bit
errors are primarily induced by channel noise, electromagnetic
interference, or synchronization anomalies across communica-
tion links. Soft errors typically result from the transient faults due
to ever-increasing processor integration density and shrinking
transistor feature sizes in addition to harsh operating environ-
ments. Both bit errors and soft errors pose significant threats to
function reliability that is defined as the probability of successful
function completion. Unfortunately, few works have focused on
the design of fault-tolerant function embedding solutions for
SEC systems.

In summary, the majority of existing works have focused on
the energy optimization and serverless pricing for conventional
SEC systems with stable energy supply. However, the critical
challenges of personalized pricing and function fault-tolerance
remain largely unexplored, especially for energy-harvesting
SEC systems characterized by intermittent power supply. On
one hand, the interplay between user-centric QoE requirements
and the stochastic nature of renewable energy is likely to result
in a holistic user QoE degradation from a system perspective. On
the other hand, the absence of fault-tolerant mechanisms could
compromise the functional correctness of serverless applications
in practical SEC deployments. In this paper, we conduct the first
study of preference-aware fault-tolerant function embedding in
energy-harvesting SEC systems. Our major contributions are as
follows.
� We formulate the problem of serverless function em-

bedding for holistic user QoE maximization subject to
precedence, reliability, provider profitability, and energy
constraints in energy-harvesting SEC systems.

� We incorporate a personalized QoE preference predictor
into serverless pricing for accurately characterizing indi-
vidual user trade-offs between service completion time and
resultant service fees.

� We develop a hybrid function embedding approach com-
posed of offline learning and online adaptation phases. At
the offline phase, a reinforcement learning (RL) method
is devised to conduct static function embedding. At the
online phase, an energy-adaptive function replica freezing
method is designed to accommodate the energy-harvesting
intermittency.

� We perform extensive evaluations on a simulation platform
to validate our approach. Experimental results confirm that
our approach enhances the holistic user QoE by 32.2%
compared with benchmarking algorithms.

The organization of this paper is as follows. Section II re-
views related works. Section III describes system architecture
and models. Section IV formulates our problem and outlines
the proposed approach. Section V presents our personalized
QoE preference predictor. Section VI and Section VII detail
our function embedding policies. Finally, we exhibit evaluation
results in Section VIII and conclude the paper in Section IX. For

TABLE I
DEFINITION OF MAIN NOTATIONS USED IN PAPER

clarity, we summarize the main notations used in this paper in
Table I.

II. RELATED WORKS

A. Energy Efficiency Optimization for SEC

Numerous approaches have focused on improving the energy
efficiency of SEC systems. For example, Righetti et al. [4] lever-
ages the mixed-integer-linear-programming to decide energy-
efficient function embedding decisions. Shang et al. [5] design
an online container deployment and data-flow routing algorithm.
Golec et al. [6] exhibit energy-aware RL schemes for SEC re-
source management. Kim et al. [7] develop a stochastic game to
alleviate the container cold-start occurrences under energy con-
straints. However, these methods are tailored for SEC systems
with stable energy sources. As a result, the challenge of energy
intermittency in renewable-powered SEC remains insufficiently
addressed. To bridge this gap, Cao et al. [9] develop a stochastic
function scheduling strategy under renewable energy supply.
More recently, Aslanpour et al. [8] explore energy-minimized
function-to-server embedding for energy-harvesting SEC
systems.

B. Serverless Pricing in SEC

For serverless pricing, some works [10], [11], [12], [13], [14],
[15] have been devoted to improving the revenue of service
providers or reducing the monetary costs of terminal users. For
example, Tutuncuoglu et al. [10] formulate a Stackelberg game
for the co-optimization of serverless pricing and resource alloca-
tion. Hu et al. [11] study the problem of service request schedul-
ing and price-aware container retention. Other works employ
auction-based methods [12], Q-network variants [13], [14], and
restricted Boltzmann machines [15] for serverless pricing. How-
ever, these pricing models in [10], [11], [12], [13], [14], [15]
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are commonly inspired by AWS Lambda and Lambda@Edge
pricing schemes that emphasize traditional resource-based met-
rics such as function invocation counts, memory allocation,
and execution time. Thus, they cannot handle the personalized
perceptions of user QoE preferences in service completion time
and resultant service fees for different serverless deployment
purposes.

C. Fault-Tolerance in SEC

Unlike energy efficiency and serverless pricing studies, the
topic of designing fault-tolerant function embedding solutions
for SEC systems is still an open research area. A pioneer-
ing work [16] quantifies the latency, throughput, and resource
overheads of guaranteeing varied reliability goals. Sreekanti
et al. [17] design a retry-based fault-tolerance method to ensure
atomic function-updating visibility of serverless applications.
Lately, Cao et al. [18] propose a decomposition-based function
placement method to accomplish function-to-server mapping
under bit errors and soft errors. However, a comprehensive
solution that jointly considers user QoE preferences in serverless
pricing, energy-harvesting fluctuations, and function reliability
requirements has yet to be developed.

III. SYSTEM ARCHITECTURE AND MODELS

A. System Architecture

We describe the architecture of SEC systems as an undi-
rected connected graph G = (S,L). On one hand, S = {S1, S2,
· · · , SM} is a collection of heterogeneous edge servers that are
geographically distributed at the same locations of selected base
stations. In this regard, prior studies [19], [20] have comprehen-
sively investigated the latency-optimal mapping between edge
servers and base stations. On this basis, we assume that each
edge server Sm is pre-associated with its optimally chosen base
station. The heterogeneity among these edge servers is mainly
manifested in their distinct computation capacities. We denote
the m-th edge server in edge server set S by Sm (1 ≤ m ≤M)
and symbolize its computational capacity by Cm. On the other
hand, L = {lm,n|m,n ∈ [1,M ]} is a set of virtual communica-
tion links created to interconnect edge servers, where each link
lm,n offers bandwidth bm,n for data stream transfer between
edge servers Sm and Sn.

Further, we consider energy-harvesting SEC systems where
individual edge servers are powered by renewable generations.
As shown in Fig. 1, each edge server is constructed on three
fundamental units: an energy harvesting unit, an energy storage
unit, and an energy consumption unit. The energy harvesting
unit gathers ambient renewable sources such as solar or wind
energy. The energy storage unit, typically implemented with
capacity-limited supercapacitors or rechargeable batteries, is
used to mitigate the intermittency of harvested energy. That
is, if there exists idle harvesting energy during one harvesting
period, it will be automatically stored into the energy storage
unit. Conversely, when renewable energy is insufficient, the
energy storage module will discharge to maintain system op-
erations until its electric quantity is exhausted. Accordingly, the
energy consumption unit draws available power from either the
harvesting unit or the storage unit, or both, to support function
computation and communication.

Fig. 1. Architecture of an energy-harvesting edge server. Power flow: 1©
harvested power, 2© idle harvesting power, 3© consumed harvesting power,
4© consumed storage power.

B. Serverless Application Model

We assume that each user is uniquely bound with one server-
less application, and let A = {A1,A2, · · · ,AH} denote a
set of total H serverless applications or distinct users. Each
application or user Ah (1 ≤ h ≤ H) is described by a tuple
Ah = {Λh, T

h
desire, Dh, R

h
goal, ϑh,Gh}. Specifically,Λh ∈ [1, E]

takes an integral number that specifies the application deploy-
ment purpose [3], [21]. For example, ”1′′ for video surveil-
lance, ”2′′ for industrial data analysis, ”3′′ for machine learning,
”4′′ for smart healthcare, etc. In practice, the total number
of serverless applications may scale to several thousands. For
instance, Alibaba cluster traces contain 20365 DAG-structured
serverless applications [22]. Whereas, since structure-dissimilar
applications could have an identical deployment purpose, the
number of application deployment purposes E is generally
much less than H [3], [21]. Th

desire is the desirable finish time.
Dh is the completion deadline, Rh

goal is the reliability goal,
and ϑh is the scheduling priority. Gh = (Fh, Eh) is utilized
to represent the DAG structure of application Ah. In such
an organization, Fh = {fh,i|1 ≤ i ≤ Oh} denotes a vertex set
containing Oh dependent functions sorted in topological order.
Eh = {eh,i,j , dh,i,j |fh,i, fh,j ∈ Fh} represents a set of directed
edges capturing inter-function data-flow dependencies. If fh,j
consumes the output produced by fh,i, we call fh,i a direct
predecessor of fh,j , or call fh,j a direct successor of fh,i. At
this moment, a directed edge eh,i,j pointing from fh,i to fh,j
and the data stream size dh,i,j are both added to edge set Eh. For
fh,i, its features are summarized by a tuple fh,i : {μh,i,Wh,i}.
μh,i ∈ (0, 1] refers to the activity factor. Wh,i specifies the
number of instruction cycles.

C. Fault-Tolerance Model

To achieve fault-tolerance against bit and soft errors, replica-
tion technique is adopted in this paper. Let Γh,i = {f bh,i|1 ≤
b ≤ bh,ireplica} be a set containing total bh,ireplica replications of
function fh,i, and Φ(f bh,i) indicate the identifier of the edge
server allocated to replica f bh,i. To alleviate communication link
congestion, we restrict each function f bh,i to communicate only
with a single copy of each predecessor function throughout this
paper. Then, let Γh,i,b

parent = {fh,oi , fh,pi
, fh,qi , . . . , fh,zi} repre-

sent a collection of all the direct predecessor replications that
omit specific replication indexes for function f bh,i for clarity. As
investigated in [23], the probability that all direct predecessor

Authorized licensed use limited to: Jinan University. Downloaded on April 29,2026 at 17:04:01 UTC from IEEE Xplore.  Restrictions apply. 



CAO et al.: PREFERENCE-AWARE FAULT-TOLERANT FUNCTION EMBEDDING IN ENERGY-HARVESTING SERVERLESS EDGE COMPUTING 1467

successfully deliver their outputs to function f bh,i is inferred by

Rcom(Φ(Γ
h,i
parent),Φ(f

b
h,i))=

zi∏
κ=oi

exp

{
−λ
(
Φ(fh,κi

),Φ(f bh,i)
)

×γh,κi,i × dh,κi,i

bΦ(fh,κi
),Φ(fb

h,i)

}
, ∀Φ(fh,κi

) �= Φ(f bh,i), (1)

where λ(Φ(fh,oi) is the fault-arrival rate at link lΦ(fh,oi
),Φ(fb

h,i)

on average, and γh,oi,i measures the vulnerability of dh,oi,i to
bit errors. When Φ(fh,oi) = Φ(fh,i) holds, fh,oi and f bh,i are
dispatched to an identical edge server. In this special case, the
probability Rcom(Φ(fh,oi),Φ(f

b
h,i)) is deemed to be 1.

Besides, let λm denote the arrival rate of transient faults at
edge server Sm on average. Following the fault model in [24],
λm can be approximated by

λm = χm,1 × exp{χm,2 × Cm}, (2)

where χm,1 and χm,2 are constants. Since exponential distribu-
tion can model transient faults, the probability that function f bh,i
completes its execution on a designated server SΦ(fb

h,i)
without

experiencing a soft error is expressed as [24]

Rexe

(
Φ(f bh,i),Φ(Γ

h,i
parent)

)
=exp

{
−λΦ(fb

h,i)
× ζh,i ×Wh,i

CΦ(fb
h,i)

}

×Rexe(fh,oi ,Φ(fh,oi))×Rexe(fh,pi
,Φ(fh,pi

)|fh,oi)
×Rexe(fh,qi ,Φ(fh,qi)|fh,oi , fh,pi

)× · · · ×Rexe
(
fh,zi ,

Φ(fh,zi)|fh,oi , fh,pi
, fh,qi , . . . , fh,yi

)
. (3)

ζh,i quantifies the vulnerability of function fh,i to transient
faults. The term Rexe(fh,zi ,Φ(fh,zi)|fh,oi , fh,pi

, . . . , fh,yi
) in-

dicates the conditional probability of correct accomplishment of
function fh,zi provided that all other direct predecessors prior
to fh,zi have performed correctly.

Generally, the reliability of a function is defined as the
probability of successful finish subject to bit and soft errors.
Accordingly, the reliability of function fh,i is the probability
that at least one of its replicas finishes correctly in the presence
of both error sources. Thus, the reliability of function fh,i with
replication set Γh,i = {f bh,i|1 ≤ b ≤ bh,ireplica} is calculated as

R(Φ(Γh,i)) = 1−
∏bh,i

replica

b=1
(1−Rcom

(
Φ(Γh,i

parent),Φ
(
f bh,i
))×

Rexe

(
Φ
(
f bh,i
)
,Φ
(
Γh,i

parent

))
. (4)

D. Energy Harvesting Model

Let Pm
power(t) denote the renewable power generated by the

energy harvesting unit of edge server Sm at time t. Besides, let
Ψbuf,m

energy(t) represent the buffered energy in the storage unit at the
same time instant. Accordingly, the total available energy over
a given period [t, t+ T ] can be modeled as

Ψm
supply(t, T ) = Ψbuf,m

energy(t) +

∫ t+T

t

Pm
power(t)dt. (5)

In practice, an accurate estimation of the renewable power
Pm

power(t) is inherently difficult due to environmental variability.
In literatures, extensive attempts have been made to enhance
the prediction accuracy of renewable power and one commonly

used solar trace curve is given by [25]

Pm
power(t) =

∣∣∣∣ψm × Gau(t)× cos

(
t

219

)
× cos

(
t

314

)∣∣∣∣ (6)

where ψm ∈ (0, 1] is a scaling coefficient that captures the
variability in harvesting power output of individual edge servers.
Gau(t) is a Gaussian random process with mean zero and unit
variance. In this paper, the study of improving the prediction
accuracy of renewable power is not our focus, and we thus
follow [9], [26], [27] to select the solar trace curve in [25] as
our renewable power model. We should emphasize that our
proposed technique in Section IV-B is not restricted to any
specific renewable power model and can be readily replaced
with other empirical energy traces in practical scenarios.

From the energy demand side, both the energy required
for function computation and the energy consumed by inter-
function data delivery should be considered. On the side of
function execution on edge servers, the computation energy
demand of edge server Sm is expressed as [8], [9]

Ψexe,m
demand =

⎛
⎜⎝ H∑

h=1

Oh∑
i=1

bh,i
replica∑
b=1

ξm × μh,i × C2
m

×Wh,i ×ΔΦ(fb
h,i)=m

)
+ P con,m

power × T. (7)

ξm is the effective switching capacitance andP con,m
power is the static

power dissipation. ΔΦ(fb
h,i)=m is an indicator that equals 1 if

replica f bh,i is executed on edge server Sm, and 0 otherwise.
On the side of inter-function data delivery, the receiving energy
demand of edge server Sm is given by

Ψin,m
demand = P in,m

power ×
H∑

h=1

Oh∑
i=1

bh,i
replica∑
b=1

(
ΔΦ(fb

h,i)=m ×
zi∑

κ=oi

×
(

dh,κ,i
bΦ(fh,κ),Φ(fb

h,i)

×|ΔΦ(fh,κ)=m−ΔΦ(fb
h,i)=m|

))
,

(8)

where P in,m
power is the receiving power. Similarly, the delivering

energy demand incurred by inter-function communication on
edge server Sm is given by

Ψout,m
demand = P out,m

power ×
H∑

h=1

Oh∑
i=1

bh,i
replica∑
b=1

⎛
⎝ΔΦ(fb

h,i)=m ×
εi,b∑

�=�i,b

× dh,i,�
bΦ(fm

h,i),Φ(fh,�)
× |ΔΦ(fb

h,i)=m −ΔΦ(fh,�)=m|
)
,

(9)
where �i,b and εi,b are orderly the minimal and maximal suc-
cessor identifiers of f bh,i. P

out,m
power is the data delivering power. By

summing (7)–(9), the total energy demand for edge server Sm

over a time period [t, t+ T ] is thus derived by

Ψm
demand = Ψexe,m

demand +Ψin,m
demand +Ψout,m

demand. (10)

E. Pricing and QoE Model

Following the pay-per-use concept in serverless computing,
we borrow a flexible pricing policy from [28] to balance the

Authorized licensed use limited to: Jinan University. Downloaded on April 29,2026 at 17:04:01 UTC from IEEE Xplore.  Restrictions apply. 



1468 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 19, NO. 2, MARCH/APRIL 2026

completion time of serverless applications and their service fees.
Specifically, let Th

finish be the finish time of application Ah, and
Υh

price denote the resultant service price, then we have

Υh
price =

⎧⎨
⎩
Υmax,h

price , 0 ≤ Th
finish ≤ Th

desire,

Υmax,h
price − δh × Th

gap, Th
desire < Th

finish ≤ Dh,

0, Dh < Th
finish.

(11)
whereΥmax,h

price is the maximal service fee. Th
gap is calculated as the

difference between Th
finish and Th

desire, and δh is the price decaying
factor. To accommodate personalized user QoE preferences, we
first introduce a latent variable ζh as

ζh = ηh × Th
finish + (1− ηh)×Υh

price, (12)

where ηh ∈ [0, 1] is the preference factor. Leveraging this latent
variable, we then calculate the user QoE Qh as

Qh =
(
α+ β × (ηh × Th

finish + (1− ηh)×Υh
price

))
/ϑh,

(13)

where α and β are preference parameters. ϑh is the scheduling
priority that is determined in advance. Note that the preference
parameters ηh, α, and β are treated as variables rather than fixed
constants. We will lately detail the derivation of their values in
Section V.

IV. PROBLEM FORMULATION AND OUR APPROACH

A. Problem Description

In this paper, we focus on designing an optimal function em-
bedding solution that optimizes the holistic user QoE in energy-
harvesting SEC systems. Formally, given the target SEC system
G = (S,L) and application setA = {Ah|1 ≤ h ≤ H}, our goal
is to find the replica number bh,ireplica of function fh,i, start time
of function f bh,i, embedding location Φ(f bh,i) of function f bh,i
for h = 1, 2, . . ., H , i = 1, 2, . . ., Oh, and b = 1, 2, . . ., bh,ireplica
that maximize the holistic user QoE. Our function embedding
problem is formulated below.

max Q =
1

H

H∑
h=1

Qh (14)

s.t.
(
Th,κi,b

finish + Th,κi,b
transfer

)
≤ Th,i,b

begin (15)

H∑
h=1

Υh
price ≥ Υgoal (16)

R(Φ(Γh,i)) ≥ Rh
goal (17)

Ψm
demand(t, T ) ≤ Ψm

supply(t, T )

∀h, i,m, b, f bh,κi
∈ Γh,i,b

parent. (18)

Equation (15) ensures a proper function execution order accord-
ing to the data-flow dependencies within each application. Here,
f bh,κi

∈ Γh,i,b
parent is the κi-th direct predecessor of function f bh,i.

Th,κi,b
finish denotes the completion time of function f bh,κi

. Th,i,b
begin

represents the start time of function f bh,i. T
h,κi,b
transfer indicates the

communication delay between functions f bh,κi
and f bh,i. (16)

enforces that the total profit from user payments reaches a
target revenue threshold. (17) is the reliability constraint on
individual functions within each application. (18) restricts the

energy consumption of each edge server within its energy budget
during the scheduling horizon [t, t+ T ].

B. Our Approach

As shown in Fig. 2, we propose a hybrid approach consist-
ing of offline learning and online adaptation phases. At the
offline phase, user QoE preferences are inferred by establishing
QoE-preference mapping and preference-attribute mapping in
Section V. This user QoE predictor quantitatively captures the
personalized perceptions of service completion time and service
costs across various application deployment purposes. Then,
QoE preference profiles are leveraged by an RL-based function
embedding scheme to derive static embedding decisions (see
Section VI). At runtime, the intermittency of renewable energy
sources may incur significant fluctuations in the available energy
for SEC systems. To address this challenge, the online phase
develops a lightweight function replica freezing scheme (see
Section VII) that adaptively manages renewable energy varia-
tions. In our online scheme, we first conduct an energy-state
analysis and design a novel embedding energy metric to guide
dynamic function replica freezing. Accordingly, individual edge
servers are classified into a high-energy or low-energy state
based on their energy availability. For edge servers in the low-
energy state, their deployed functions are then selectively frozen
based on embedding energy metrics. For edge servers in the
high-energy state, they adhere to static decisions while ensur-
ing global data-flow consistency of serverless applications. By
integrating online adaptation, our scheme can accommodate the
renewable energy variations while incurring minimum system
performance degradation.

V. PERSONALIZED QOE PREFERENCE PREDICTOR

To address the diversity of user preferences, our QoE model in
Section III-E incorporates unknown preference coefficients α,
β, and ηh. This section presents a two-stage estimation scheme
for inferring these preference parameters. Fig. 3 presents our
personalized QoE preference predictor.

A. Establish QoE-Preference Mapping

1) Preference Estimation Across Application Deployment
Purposes: To capture user preference diversity across various
service scenarios, we customize a QoE questionnaire comprising
representative time-fee levels that present feasible combinations
of application finish time and resultant monetary costs. Each
time-fee level is crafted to reflect realistic trade-offs that all users
might encounter during function execution in SEC systems.
Suppose that a total of H ′ IoT applications covering all service
deployment purposes, i.e.,

Asurvey = {Ah′ |1 ≤ h′ ≤ H ′ ∧ | ∪H ′h′=1 Λh′ | = E}, (19)

is picked from the application pool A = {Ah|1 ≤ h ≤ H}.
Each selected application in Asurvey serves as a deputy instance
for its corresponding service deployment purpose and is used to
evaluate all constructed time-fee levels on a quantitative scale.
For applicationAh′ and level l (1 ≤ l ≤ lmax), the offered finish
time, the paid service fee, the latent utility, and the reported QoE
score are recorded by Th′,l

finish, Υh′,l
price, ζh′,l, andQh′,l, respectively.

Then, the latent utility is expressed as

ζh′,l = ηh′ × Th′,l
finish + (1− ηh′)×Υh′,l

price. (20)
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Fig. 2. Overview of our hybrid approach composed of offline learning and online adaptation phases.

Fig. 3. Our personalized QoE preference predictor.

Intuitively, preference parameters α, β, and [ηh′ |1 ≤ h′ ≤ H ′]
could be estimated by minimizing the total squared error be-
tween the predicted and the observed QoE scores [29], i.e.,

argmin
α,β,{ηh′ }

H ′∑
h′=1

lmax∑
l=1

(Qh′,l − α− β × ζh′,l)2 . (21)

2) Fast Parameter Search Via Latin-Hypercube Sampling:
In practice, directly solving (21) is computationally prohibitive
because the search space expands rapidly with H ′ and lmax.
To overcome this challenge, we devise a fast parameter search
scheme that leverages the powerful Latin-hypercube sampling
(LHS) technique [30]. The procedure is as follows.
� LHS Samples Generation: We use the LHS technique to

generate a candidate preference matrixPsample = {ηh′ |1 ≤
h′ ≤ H ′}. The LHS is exploited here since it could yield
a more representative set of preference weight samples
compared with random sampling strategies.

� Decomposition Fitting: Given a fixed Psample, the prefer-
ence coefficients α∗ and β∗ can be readily estimated by
minimizing the sum of squared errors between the observed
and predicted QoE scores, that is,

argmin
α,β

H ′∑
h′=1

lmax∑
l=1

(Qh′,l × ϑh′ − α− β × ζh′,l)2 . (22)

On the other hand, when holding α∗ and β∗, an inferred
preference weight matrix P∗infer is in return obtained by
solving another least-squares problem. In this step, we
minimize the deviation between the normalized observed
scores and the latent utility, as formulated by

argmin
η1,...,ηH′

H ′∑
h′=1

lmax∑
l=1

(
Qh′,l × ϑh′ − α∗

β∗
− ζh′,l

)2

. (23)

� Convergence Check: The convergence of our search pro-
cedure is evaluated by the difference between the sam-
pled preference matrix Psample and the inferred preference
matrix P∗infer. If their difference is less than a tolerance
threshold ρ, the estimated parameters α∗, β∗, and P∗infer at
this iteration are thus accepted as the desirable solution.
Otherwise, a new preference matrix Psample is regenerated
by invoking the LHS method again, and the iterative pro-
cess continues until convergence criteria are satisfied.

B. Establish Preference-Attribute Mapping

We now seek to quantitatively establish a relationship be-
tween application-level serverless attributes and user-specific
QoE preferences. In this regard, a prior study [31] identifies
a set of program-level attributes that can describe behavioral
distinctions across OpenCL applications. Building upon this
foundation and considering the unique features of serverless
workloads, we select nine attributes that are particularly suited
for capturing serverless application diversity in SEC systems.
Fig. 4 plots the relative importance of these nine attributes.

Specifically, we choose nine attributes comprise both general
and serverless-specific elements. General attributes contain #1)
the number of instruction cycles quantifying the total computa-
tion workload, #2) total volume of inter-function communication
data within the application, 3) the number of execution blocks
that indicates the function partitioning degree, #4) the number
of control operations that measures the degree of branching,
synchronization and conditional logic within an application,
and #5) the number of mathematical operations that captures
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Fig. 4. The relative importance of application attributes.

arithmetic intensity. On the other hand, four serverless-specific
attributes include #6) the depth of application DAG that deter-
mines the critical path length, #7) application deployment pur-
poses impacting domain-specific latency and cost expectations
for varied service scenarios, #8) ratio of DAG breadth to depth
that characterizes a potential for parallel speedup, and #9) over-
all function count that reflects the inter-function orchestration
complexity. For a single application, its nine attributes can be
extracted through compiler-based profiling tools, such as the
Clang suite [32].

Building on these insights, we develop a linear fitting ap-
proach to quantify the impact of serverless application attributes
on user QoE preferences. In this approach, we first construct
an application attribute matrix, denoted asMH ′×9, where each
row corresponds to a single application in Asurvey, and each
column represents a weighted program-level attribute. Then,
the relationship between application attributes and user QoE
preferences is modeled as

X∗9×1 = argminX9×1 ‖P∗infer −MH ′×9 ×X9×1‖2, (24)

where X9×1 is the mapping matrix. Because (24) is a standard
linear least-squares problem, it can be efficiently solved using
numerical optimization solvers. At this moment, preference
parameters for the remaining applications can be inferred ac-
cordingly. That is, given the comprehensive attribute matrix
MH×9 corresponding to all applications, the complete setP∗wight
with size H × 1 is derived by

P∗weight =MH×9 ×X∗9×1. (25)

Putting together the procedures of building QoE-preference
mapping in Section V-A and constructing preference-attribute
mapping in Section V-B, Algorithm 1 presents our implementa-
tion details for user QoE preference estimation.

VI. RL-EMPOWERED STATIC FUNCTION EMBEDDING

A. Build RL Interaction Elements

We now describe our static function embedding problem as a
Markov decision process (MDP). To this end, we first define the
following essential elements of RL interaction.

1) State: To enable fine-grained scheduling decisions, the
entire scheduling horizon [t, t+ T ] is discretized into a series
of consecutive time slots, denoted as T = {tu|1 ≤ u ≤ U}. At
each time slot tu, the system state is represented by

su =
(Au

ready,Ψ
u
available,Wu

load

)
. (26)

Specifically, Au
ready = {Aw|1 ≤ w ≤ Au} includes a set of

serverless applications ready for scheduling at the current time
slot tu. The vector Ψavailable = [Ψm,u

available|1 ≤ m ≤M ] captures

Algorithm 1: User-Centric QoE Preference Predictor.

the remaining energy of each edge server at the beginning of
time slot tu, i.e.,

Ψm,u
available = Ψm

supply(t, T )−
u−1∑
v=1

Ψm
demand(t, tv). (27)

Additionally, a workload vector Wu
load = [Wm,u

load |1 ≤ m ≤M ]
is introduced to capture the accumulated computation workload
on each edge server up to time slot tu. For a single edge server
Sm, its cumulative workload is inferred by

Wm,u
load =

u∑
v=1

Av∑
w=1

Ow∑
i=1

bw,i
replica∑
b=1

(
ΔΦ(fb

w,i)=m ×Ww,i

)
. (28)

2) Action: At each time slot tu, the RL agent determines a se-
quence of function embedding actions for pending applications
in the ready queue. Each function embedding action specifies the
destination edge server Φ(f bw,i) for the b-th replica of function

fw,i, the total number of replicas bw,i
replica, and the starting time

Tw,i,b
begin for each replica within tu. Accordingly, the full action set

at time slot tu is given by

au =
{(

Φ(f bw,i), b
w,i
replica, T

w,i,b
begin

)
| ∀w, i, b

}
(29)

where Aw ∈ Au
ready, i ∈ [1, Ow], and b ∈ [1, bw,i

replica]. The action
trajectory au thus encapsulates all embedding decisions for
the current set of ready applications at time slot tu. After an
action a(Φ(f bw,i), b

w,i
replica, T

w,i,b
begin ) is executed, the ready appli-

cation set Au
ready is thus modified by removing the scheduled

functions. Meanwhile, the energy vector Ψm,u
available for each edge

server Sm is decremented by the energy consumed for ex-
ecuting the assigned functions and data transfers during tu.
Similarly, the workload vector Wu

load is updated to include the
computational workload incurred by the scheduled function
replicas on the selected servers. As a result, at the onset of
the next time slot tu+1, the system state is updated to su+1 =
(Au+1

ready, Ψ
u+1
available, Wu+1

load ).
3) Reward: After executing all embedding actions at time slot

tu, the RL agent should receive an immediate reward ru. Our

Authorized licensed use limited to: Jinan University. Downloaded on April 29,2026 at 17:04:01 UTC from IEEE Xplore.  Restrictions apply. 



CAO et al.: PREFERENCE-AWARE FAULT-TOLERANT FUNCTION EMBEDDING IN ENERGY-HARVESTING SERVERLESS EDGE COMPUTING 1471

reward function is defined to jointly capture the user QoE and
operational constraints, i.e.,

ru =

Au∑
w=1

(
Qw −Δ[Υw

price<Υgoal/H] −
Ow∑
i=1

Δ[R(Φ(Γw,i))<Rw
goal)]

)

−
M∑

m=1

Δ[Ψm,u
available<0] −

M∑
m=1

|Wm,u
load /Cm

−
(

M∑
m=1

Wm,u
load

)
/

M∑
m=1

Cm|
)
. (30)

Here, Qw denotes the QoE for application Aw at time slot tu.
The three indicator functions impose penalties for violations
of the revenue, reliability, and energy constraints, respectively.
The final term penalizes the reward function in proportion to the
degree of workload imbalance among edge servers.

B. Design of RainbowDQN-Based Static Function Embedding

We leverage the Rainbow deep Q-Network (Rain-
bowDQN) [33] technique to solve our MDP problem.
RainbowDQN is employed here because it integrates several
advanced RL mechanisms. For example, the dueling architecture
could independently capture the state value and the advantage of
each action in a large discrete-continuous embedding decision
space. Besides, the adoption of multi-step return estimation
facilitates the promising propagation of delayed rewards, which
is particularly beneficial for capturing long-term QoE impacts.
In addition, prioritized replay is able to sample beneficial
transitions to improve the entire training efficiency.

1) Dueling Q-Network Architecture with Noisy Layers: Rain-
bowDQN adopts a double Q-learning framework that decouples
action selection and action evaluation by using an evaluation
network with parameters θ1 and a target network with param-
eters θ2. In the evaluation network, a value stream estimates
the state-value function V (su;θ1) for quantifying an expected
return of being in state su. An advantage stream derives the
superiority A(su,au;θ1) of each action in a given state. The
Q-value for a state-action pair is then aggregated as

Q(su,au;θ1) = V (su;θ1) +A(su,au;θ1)

− 1

|Au|
∑

au∈Au

A(su,au;θ1), (31)

where Au denotes all the possible actions at time slot tu and
|Au| is the size of this action set. Furthermore, RainbowDQN
enhances both value and advantage streams with learnable noisy
layers instead of using traditional greedy strategies. The noise
parameters will be co-optimized with the evaluation network
weights, thus resulting in state-dependent and more efficient
exploration throughout network training.

2) Double Q-Learning Update With Multi-Step Returns: At
each learning iteration for time slot tu, a mini-batch of historical
transitions is sampled from a prioritized experience replay buffer
DPERB. Transitions are drawn with probability proportional to
their temporal-difference error magnitude for revisiting infor-
mative experiences. Each sampled transition is indexed by c and
denoted as (sc,ac, rc, sc+1). Rather than using an immediate
reward in Q-value targets, our scheme aggregates the discounted
rewards overG successive steps for long-term embedding action
benefits. In this context, the target Q-value for transition c is

given by

Qc
target =

G−1∑
g=0

γg × rc+g + γG ×Q (sc+G,a
∗
c+G;θ2

)
, (32)

whereG is the multi-step return length and γ the discount factor.
The optimal action a∗c+G at state sc+G is identified from the
evaluation network as

a∗c+G = argmaxac+G∈Ac+G
Q (sc+G,ac+G;θ1) . (33)

Subsequently, a loss function for the evaluation network can be
defined as the weighted mean squared error (MSE) between the
target Q-values and the Q-values predicted by the evaluation
network over the sampled mini-batch

Z(θ1) = EDPERB

[
yc ×

(
Qc

target −Q (sc,ac;θ1)
)2]

, (34)

where yc is the importance-sampling weight. Generally, stochas-
tic gradient descent is employed to minimize Z(θ1) such that
the evaluation network parameters θ1 are renewed accordingly.
Meanwhile, the target network parameters θ2 are updated via
soft synchronization

θ2 ← τ × θ1 + (1− τ)× θ2, (35)

where τ ∈ (0, 1] is the soft-update rate.
3) Action Selection with Noisy Networks: As aforementioned,

RainbowDQN enhances the exploration process by inducing
noise stochasticity in the Q-network architecture. In particular,
the weights and biases of the noisy layers within the evaluation
network are adaptively perturbed as follows.

w = y1 + σ1 � ε1, b = y2 + σ2 � ε2. (36)

w and b denote the weight and bias vectors of the noisy linear
layers, respectively. y1 and y2 are the mean parameters. σ1 and
σ2 are the standard deviations. ε1 and ε2 are zero-mean noise
variables. The element-wise multiplication � allows indepen-
dent modulation of stochasticity for each parameter. During
action selection, the Q-value estimation becomes stochastic due
to these noisy parameters. The policy for selecting an action at
time slot tu is thus defined as

au = argmaxau∈Au
Q (su,au;θ1) . (37)

Algorithm 2 presents our static function embedding scheme.
Initially, Algorithm 1 is called to estimate user QoE preference
parameters (line 1). Then, lines 2-17 conduct the training process
of evaluation and target networks. After completing all training
episodes, the optimized static embedding decisions are derived
from the evaluation network outputs in line 18.

VII. ENERGY-ADAPTIVE FUNCTION REPLICA FREEZING

A. Energy-State Analysis for Dynamic Function Embedding

In practice, the intermittency of renewable energy sources
often incurs fluctuations in the SEC available energy at run-
time [34]. To facilitate fine-grained analyses, we categorize the
online operational state of each edge server with respect to
energy supply into two states. Specifically, an edge server is
considered to be in a high-energy state if its available energy at
the online stage is sufficient to accomplish all functions arranged
by the static function embedding decisions. Otherwise, it is
designated as being in a low-energy state.

1) Edge Servers in the High-Energy State: For edge servers in
the high-energy state, their available energy is sufficient to finish
all statically embedded functions within the scheduling horizon.
In this situation, these edge servers are likely to follow the static
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Algorithm 2: Static Function Embedding Scheme.

embedding decisions. Nevertheless, the data-flow consistency
within each application DAG across all distributed edge servers
must still be enforced. That is, if a function has been discarded
on an edge server due to local energy limitations, then all of
its downstream dependent functions must also be removed from
other edge servers.

2) Edge Servers in the Low-Energy State: For edge servers
in the low-energy state, their available energy is insufficient to
accomplish all embedded functions at runtime. To guide function
retention effectively, we below present an energy profile analysis
of dynamic function embedding on individual edge servers.
Specifically, according to (7)–(9), the energy consumption of
a single function f bh,i when embedded on edge server Sm is
readily derived by

Ψdemand(f
b
h,i, Sm) = P in,m

power ×
zi∑

κ=oi

(
dh,κ,i

bΦ(fh,κ),Φ(fb
h,i)

×|ΔΦ(fh,κ)=m−ΔΦ(fb
h,i)=m|

))
+ μh,i×C2

m×Wh,i+P
out,m
power

×
φi,b∑

�=�i,b

dh,i,� × |ΔΦ(fb
h,i)=m −ΔΦ(fh,�)=m|

bΦ(fm
h,i),Φ(fh,�)

. (38)

We then introduce an embedding energy metric defined as the
energy consumption per instruction cycle of a function, i.e.,

Ψembed(f
b
h,i, Sm) =

Ψdemand(f
b
h,i, Sm)

Wh,i
. (39)

Essentially, this embedding energy metric quantifies the energy
efficiency of executing each function on individual edge servers.
On this basis, we design a greedy function replica freezing
mechanism. Specifically, it gives top retain-priority to preserve
the critical functions that are located on the critical-path of each
application DAG or only have a single replica (i.e., the function
itself). After reserving energy for all critical functions, edge
servers will examine the remaining noncritical functions. These
noncritical functions are sorted in descending order according
to their embedding energy metric. The edge servers then discard

Algorithm 3: Energy-Adaptive Function Replica Freezing.

less energy-efficient functions in a step-by-step manner until the
reduced energy demand of retained functions matches the avail-
able energy budget. Similarly, when a function is discarded due
to energy limitations, all of its downstream dependent functions
within the application DAG, must also be eliminated regardless
of their embedding locations on individual edge servers.

We should emphasize that the dynamic function embedding
may require real-time energy supply measurements to sup-
port online adaptation. In practical SEC systems, each edge
server can be equipped with an energy monitoring module that
records energy-harvesting power by using built-in sensors or
microcontroller-based measurement circuits. These measure-
ments are typically sampled at some fixed intervals, such as
every few seconds or minutes. Following prior works [8],
[9], [34], we neglect the overhead of continuous energy-
harvesting power monitoring, as it is much smaller compared
to the costs of function execution and communication. As
part of future work, we will quantify the impact of different
measurement intervals and monitoring strategies on system
performance.

B. Error Check for Low-Energy and High-Energy States

As discussed earlier, our SEC system is subject to both bit er-
rors and soft errors. To detect such hybrid errors, an acceptance-
rejection test [24], [35] is conducted after the completion of
each function. Only those functions whose outputs satisfy the
acceptance criteria are allowed to commit their results. Other-
wise, any function failing the test is directly discarded, and all
its downstream dependent functions in the application DAG are
recursively removed to prohibit the cascading propagation of
erroneous outputs. Since the time cost of acceptance-rejection
test has been validated to be negligible compared with func-
tion execution time [24], [35], we hereby assume that such
error detection does not prolong the overall function execution
duration.
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Fig. 5. Spatial deployment distribution of a portion of the 3223 base stations in Shanghai Telecom [20]. Each red-colored marker in this map indicates an exact
deployment location (i.e., longitude and latitude) of a base station.

TABLE II
HARDWARE SPECIFICATIONS OF COMMERCIAL EDGE SERVERS IN OUR SEC PLATFORM

C. Algorithm of Dynamic Function Replica Freezing

Our dynamic function replica freezing procedure is pre-
sented in Algorithm 3. For easy presentation, let Γm =
{fm,1, fm,2, . . . , fm,u, . . . , fm,Um

} denote a collection of func-
tions statically embedded on edge server Sm, where the explicit
application and replica indices are omitted. The embedding
energy metric associated with function fm,u is denoted by
Ψm,u

embed. Initially, each edge server Sm is assessed by comparing
its energy demand with current energy supply (lines 1-2). If
the available energy of edge server Sm is sufficient, it remains
in the high-energy state, and all statically embedded functions
in Γm are temporarily retained (line 3). In contrast, a greedy
function freezing mechanism is activated (lines 4-14). The al-
gorithm first constructs a set of noncritical functions Γ∗m (line
5). Subsequently, the embedding energy metric Ψm,u

embed for each
noncritical function fm,u ∈ Γ∗m is inferred (lines 6-7). Next,
noncritical functions are sorted in descending order according
to their embedding energy metrics (line 8). Starting from the
function with the highest embedding energy metric, functions
are sequentially discarded until the energy demand matches
the available supply (lines 9-12). Notably, when a function is
discarded due to energy limitations, the algorithm recursively
discards all downstream dependent functions embedded on other
edge servers (line 13).

VIII. NUMERICAL RESULTS

A. SEC Platform

We build an SEC simulation platform upon the real-world
base station dataset from Shanghai Telecom [20]. Fig. 5 illus-
trates the spatial deployment distribution of a portion of the
total 3223 base stations. Besides, our SEC platform incorpo-
rates a variety of commercial edge servers, including HUAWEI
AtlasPro [36] and TaiShan [37], ASUS ESC NB8-E11, ESC
A8A-E12 U, RS720A-E13-RS24 U and RS720-E12-RS8G [38],
as well as Dell PowerEdge XR11 and XR7620 [39]. The

hardware specifications of these edge servers are summarized
in Table II. The inter-server communication bandwidth is ran-
domly assigned values within [20, 200]× 102 MB/s. Fault rates
of edge servers and communication links are sampled from
[2× 10−9, 8× 10−6] and [3× 10−8, 9× 10−5], respectively.

B. Serverless Applications

For serverless applications, we select 2000 DAG-structured
tasks from the Alibaba 8-day open cluster traces in realistic pro-
duction environments [22]. To ensure a broad coverage of practi-
cal scenarios, these applications are evenly distributed across 10
distinct deployment purposes. For individual functions within a
single application, the number of their instruction cycles and the
amount of their output data are scaled into [2× 108, 7× 1013]
and [10, 200]× 102 MB, respectively. Application deadlines are
assigned within [20, 500] seconds, while target completion time
is 0.5 to 0.8 of their corresponding deadlines. The maximal
service fees and price decaying factors of individual applications
are set to [5, 100] dollars and [1, 10], respectively. In addition,
every application receives a priority between 1 (lowest) and 10
(highest).

C. Comparative Algorithms

1) Basic Idea of Comparative Algorithms: In the comparative
investigations, we evaluate our hybrid approach against the
following state-of-the-art baseline algorithms.
� CoRE [10] is developed on the utility density of serverless

applications to enhance the revenue of service providers
and energy savings of wireless devices.

� AUCT [12] is an auction-based serverless pricing scheme
to balance the monetary costs of serverless users and the
profit of serverless providers in SEC systems.

� MOSEC [14] is a double deep Q-network (DDQN)-
based function offloading algorithm that aims at jointly
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optimizing the three objectives of application finish time,
energy consumption, and user monetary costs.

� ORel [18] is a decomposition-based function placement
method to accomplish function-to-server mapping under
bit errors and soft errors in SEC systems.

� faasHouse [8] is an energy-aware scheduling scheme that
leverages the house allocation theory to decide function
placements in energy-harvesting SEC systems.

� Retry [17] is an online function embedding scheme that
uses random function replica freezing method and retry-
based fault-tolerance mechanisms to ensure atomic visi-
bility of function updates.

2) Parameter Settings of Comparative Algorithms: For peer
methods [8], [10], [12], [14], [17], [18], we adopt their default
parameter configurations provided in original studies. For our
RainbowDQN method, the evaluation and target networks both
have three hidden layers, and each hidden layer has 512 units.
Referring to [14], [33], the target network is updated via soft
synchronization with a rate of 0.3. The length of multi-step
returns is 5, and the discount factor is 0.99. We employ the Adam
optimizer at a learning rate of 6.25× 10−5 and set a mini-batch
size of 64. All comparative algorithms are evaluated on a Dell
P5820x machine configured with an Intel i9 10900X processor
and two GeForce RTX3080 GPUs.

D. Evaluation on QoE Preference Prediction

In this set of experiments, a total of 1000 applications are
sampled from the application pool to train our QoE preference
predictor. Specifically, 900 applications are served as the training
set while the remaining 100 applications are divided between
validation and test cases. To capture user preferences, each
application is configured with five completion time options:
80%, 85%, 90%, 95%, and 100% of its baseline value. Mean-
while, the service fees charging for that application are set to
140%, 130%, 120%, 110%, and 100% of a baseline service
fee, respectively. By pairing these options, a total of 25 distinct
time-fee combinations are formed for every application. Then,
we evenly assign 1000 applications to 30 invited experts, so
that each expert is bounded with about 350 applications. The
30 participants include students, university faculty, software
developers, scientific researchers and financial analysts, and are
currently aged between 20 and 45 years. Their educational back-
grounds are distributed as 20% bachelor degrees, 40% master
degrees, and 40% doctoral degrees. All participants need to rate
their QoE for time-fee combinations on a scale from 1 (lowest)
to 10 (highest).

Fig. 6 shows the confusion matrix of prediction results. The
diagonal values represent successful estimations that range from
77.2% to 90.3%. Whereas the off-diagonal elements indicate
underestimation or overestimation results. These results confirm
that the superiority of our predictor in capturing user QoE
preferences across diverse application scenarios.

E. Evaluation on Static Algorithms

1) Hyperparameter Study on RainbowDQN: We first gener-
ate baseline configurations of application deadlines, reliability
goals, and revenue targets as specified in Section VIII-B. To
investigate the effect of key hyperparameters on RainbowDQN,
we conduct ablation experiments on the soft-update rate for
the target network and the length of multi-step returns. As

Fig. 6. Accuracy of QoE preference predictor.

Fig. 7. Comparison of average reward for different hyperparameters of our
RainbowDQN-based scheme.

Fig. 8. Holistic QoE under baseline configurations.

illustrated in Fig. 7, setting the soft-update rate to 0.3 achieves
consistently higher average rewards compared to other values.
Similarly, a multi-step return length of 5 leads to the best learning
performance among the tested options. Thus, we adopt these
values as default settings in all experiments.

2) Baseline Comparison Results: Under baseline configu-
rations, Fig. 8 demonstrates the corresponding holistic QoE
achieved by our RainbowDQN-based offline method and four
static peer schemes CoRE [10], AUCT [12], MOSEC [14] as
well as ORel [18]. As shown in Fig. 8, our method attains
the highest holistic QoE values among all competitors. The
holistic QoE improvements over the four representative peer
schemes are 27.3%, 13.8%, 23.9%, and 32.2%, respectively.
These striking gains are attributed to the joint use of personalized
QoE preference estimation and RainbowDQN-based function
embedding mechanisms.

Table III further lists the solution feasibility of five com-
parative algorithms. The metric RevGoal denotes the ratio of
an aggregated provider revenue collected from all users to the
predefined revenue target. TimeRatio measures the fraction of
applications meeting deadline constraints, and RelRatio captures
the fraction of applications satisfying reliability requirements.
A combined metric TimeRelRatio reveals the proportion of
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TABLE III
SOLUTION FEASIBILITY UNDER BASELINE CONFIGURATIONS

Fig. 9. Holistic QoE under varying application deadlines.

Fig. 10. Holistic QoE under varying provider revenue targets.

applications that simultaneously meet both deadline and relia-
bility constraints. Note that all algorithms enforce inter-function
precedence and energy constraints, so these metrics are omitted.
Overall, only our approach is capable of meeting both revenue
targets and reliability requirements.

3) Impact of Scaling Application Deadlines: We then inves-
tigate the impact of scaling application deadlines on holistic QoE
degradation. To this end, we introduce a set of deadline scaling
factors φtime ∈ {0.95, 0.90, 0.85, 0.80}, where the deadline for
each application is proportionally reduced to 0.95, 0.90, 0.85,
and 0.80 times the baseline value. Throughout this evaluation,
both reliability goals and revenue configurations are maintained
at default settings. We observe from Fig. 9 that all methods
present an expected QoE decrease as deadlines tighten due to
a reduced feasible space for function placement. However, our
method degrades more slowly as the deadline budget shrinks
and maintains consistent advantages across the entire range of
deadline scaling factors.

4) Impact of Scaling Revenue Targets: To evaluate the sen-
sitivity of holistic QoE to varying revenue targets, we introduce
a revenue scaling factor φrev ∈ {1.05, 1.10, 1.15, 1.20}, which
proportionally increases the provider revenue requirement to
1.05, 1.10, 1.15, and 1.20 times the baseline value. Fig. 10
shows that the holistic QoE decreases as provider revenue targets
become stricter for all comparative algorithms. This is because a
higher revenue target enforces the resultant function embedding
decisions to favor serverless applications that can tolerate higher
user payments. Accordingly, the fee-sensitive applications are
more likely to experience a degradation in QoE due to longer
completion time. On the other hand, we observe that our method
remains the best across all revenue scaling factors. For instance,
when φrev is set to 1.20, our method surpasses CoRE [10],

Fig. 11. Holistic QoE under varying reliability goals.

Fig. 12. Holistic QoE achieved by dynamic algorithms.

AUCT [12], MOSEC [14] and ORel [18] by 39.3%, 22.9%,
30.8%, and 50.2%, respectively.

5) Impact of Scaling Reliability Goals: To assess the sen-
sitivity of holistic QoE to reliability requirements, we se-
lect a group of reliability scaling factors φrel ∈ {1.05, 1.10,
1.15, 1.20}. Fig. 11 shows that a stricter reliability target results
in a sharper QoE decline than either tighter application deadlines
or higher provider revenue targets. Across all reliability scaling
factors, our method consistently achieves the highest QoE val-
ues and exhibits a smaller relative drop of 18.6%, compared
with 34.3% for CoRE [10], 27.8% for AUCT [12], 26.0% for
MOSEC [14], and 20.2% for ORel [18]. At the strictest reliabil-
ity scaling factor of 1.20, our method still exceeds CoRE [10],
AUCT [12], MOSEC [14] and ORel [18] by 72.6%, 68.7%,
63.8%, and 35.3%, respectively.

6) Solution Feasibility Under Scaled Conditions: Table IV
compares the feasibility of five algorithms. For each scaling
factor (i.e., φtime = 0.9), the four columns in this table orderly
record the RevGoal, TimeRatio, RelRatio, and TimeRelRatio
values. We see that our method is the only one that maintains
RevGoal = 100% and RelRatio = 100% for all scaling factors.
The infeasibility of CoRE [10], AUCT [12], and MOSEC [14]
mainly stems from their complete disregard of soft and bit errors
during function embedding. By contrast, ORel [18] attempts to
mitigate faults by preferentially mapping fault-sensitive appli-
cations to the edge servers with lower error arrival rates. How-
ever, the absence of function redundancy or other fault-masking
techniques prevents ORel [18] from satisfying stricter reliability
requirements.

F. Evaluation on Dynamic Algorithms

1) Holistic QoE Under Fluctuating Energy Supply: To sim-
ulate online fluctuating energy scenarios, we scale the available
energy on a subset of edge servers by an energy scaling factor
φenergy ∈ {0.9, 0.8} and vary the affected share of edge servers
by {10%, 20%, 30%}. Fig. 12 plots the holistic QoE achieved
by our dynamic scheme, faasHouse [8], and Retry [17]. We
observe that our dynamic scheme improves the holistic QoE
by 27.9% and 34.2% on average compared with faasHouse [8]
and Retry [17], respectively.
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TABLE IV
SOLUTION FEASIBILITY UNDER SCALED CONDITIONS OF APPLICATION DEADLINES, REVENUE TARGETS, AND RELIABILITY GOALS

Fig. 13. The ratio of applications that meet reliability goals.

Fig. 14. Measured time overheads of dynamic algorithms.

2) Ratio of Application Reliability Satisfaction: We evaluate
the ratio of applications that satisfy reliability requirements
under provider revenue constraints in two distinct energy supply
scenarios. As shown in Fig. 13, the RelRatio values of our
scheme lie between 92.1% and 97.7% when φenergy = 0.9. For
a harsher energy scenario of φenergy = 0.8, our scheme still
achieves the minimum RelRatio value of 90.1%. On the other
hand, faasHouse [8] and Retry [17] yield markedly lower Rel-
Ratio values across the two energy scenarios.

3) Measured Time Overheads: Fig. 14 illustrates the mea-
sured time required by dynamic methods to generate online
function embedding solutions. Our approach consumes 70.3
seconds at φenergy = 0.9 and 90.4 seconds at φenergy = 0.8. In
comparison, faasHouse [8] requires 104.5 and 170.8 seconds,
while Retry [17] records 50.5 and 77.4 seconds under the same
conditions. The results indicate that our scheme achieves sub-
stantially faster scheduling than faasHouse [8] and maintains a
comparable time overhead to Retry [17] across both scenarios.

IX. CONCLUSION

In this paper, we present a hybrid function embedding ap-
proach for SEC systems powered by renewable energy. Our pro-
posed approach jointly considers user QoE preferences, energy
supply fluctuations, provider revenue targets, and reliability con-
straints. Extensive experiments under both static and dynamic
conditions demonstrate that the proposed method outperforms
representative baselines.
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