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ARTICLE INFO ABSTRACT

Keywords: Serverless computing, underpinned by an event-driven approach with transient stateless containers, signifi-
Serverless computing cantly enhances resource efficiency and simplifies function development. To maintain an acceptable Quality
Edi; computing of Service (QoS) agreed in the Service Level Agreement (SLA), service providers need to improve the response
Coldstart

latency while considering resource efficiency. However, cold-start delays in container initialization often lead
to considerable latency in these applications. Existing mitigation strategies, such as pre-warming and function
caching, are inadequate due to workload skewness and oscillation across edge nodes. These limitations are
particularly critical in resource-constrained edge environments. We must jointly consider multiple factors, such
as node status, function resource requirement and function popularity.

To overcome these limitations, this paper presents FaasOrc, a bi-level function orchestration framework
to mitigate workload skewness and oscillation across edge nodes. FaasOrc uses a cluster-level scheduler to
schedule requests and a node-level manager to detect popular functions. Our comprehensive evaluation,
consisting of two parts: simulations and a real-system prototype over Knative, benchmarks the proposed
solution against existing scheduling and caching strategies. The findings highlight our method’s capability
to reduce the response latency by 31.4%.

Container caching

1. Introduction measurement and many others (Yu et al., 2023; Xu et al., 2023; Lee
et al., 2025; Yang et al., 2025).

Edge computing employs distributed edge nodes with limited hard- A key challenge in serverless edge computing is the cold-start delay
ware resources and allows the computation of tasks close to where they incurred by the initialization of the container (Roy et al., 2022; Pan
are generated (e.g., sensing/actuation). Serverless functions are usually et al.,, 2022; Karamzadeh and Shameli-Sendi, 2024; Choi and Park,
single-purpose and stateless containers, created only when responding 2022; Hasan et al., 2025). This startup process takes a considerable

to event-driven tasks (Lin et al., 2024; Suyi Li et al., 2023; Moakhar amount of time which adds to the overall latency observed by the
and Abrishami, 2024; Emami Khansari and Sharifian, 2025; Shujairi,

2025). As a result, the users benefit from the low latency and flexible
cost model in the serverless paradigm (Sakirin and Asif, 2023) which is
impacted by the cold-start issue. Given its high potential for efficient re-
source management and effortless scalability, the serverless paradigm is
promising for accelerating the growth of edge computing (Tiitiinciioglu
et al., 2024; Ziyi Wang et al., 2023; Yue et al.,, 2024; Yuepeng Li
et al., 2023). Serverless services are provided by all major computing
platforms such as Amazon (Lambda, 2023), Google Functions (Google
Cloud, 2023a) and Microsoft Azure (Azure Functions, 2023) which work (Cheng et al., 2024; Cadden et al., 2020) resort to layer sharing
offer API services, web services, image recognition, crowd density to shorten the latency of the cold-start process. However, layer sharing

user. The cold-start issue impairs a main advantage of edge computing,
namely the reduction of latency and thus real-time responsiveness (Qi
et al.,, 2022; Shen et al., 2021). In the case of interactive services,
the end-to-end latency usually must meet a Service-Level Object (SLO)
target in the order of a few tens of milliseconds (Google Cloud, 2023b).

Existing solutions for tackling cold-start include layer sharing (Gu
et al., 2021; Akkus et al., 2018), function pre-warming and function
caching (Roy et al.,, 2022; Pan et al.,, 2022). Layer sharing: Some

* Corresponding author.
E-mail addresses: cc2181@cam.ac.uk (C. Chen), l.nagel@lboro.ac.uk (L. Nagel), tcuilin@jnu.edu.cn (L. Cui), jiawj@uic.edu.cn (W. Jia), p.tso@lboro.ac.uk
(F.P. Tso).

https://doi.org/10.1016/j.jnca.2026.104490

Received 8 August 2025; Received in revised form 21 January 2026; Accepted 14 April 2026

Available online 25 April 2026

1084-8045/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/jnca
https://www.elsevier.com/locate/jnca
https://orcid.org/0000-0001-5178-1191
https://orcid.org/0000-0001-9366-8285
mailto:cc2181@cam.ac.uk
mailto:l.nagel@lboro.ac.uk
mailto:tcuilin@jnu.edu.cn
mailto:jiawj@uic.edu.cn
mailto:p.tso@lboro.ac.uk
https://doi.org/10.1016/j.jnca.2026.104490
https://doi.org/10.1016/j.jnca.2026.104490
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jnca.2026.104490&domain=pdf
http://creativecommons.org/licenses/by/4.0/

C. Chen et al.

[Request (8 =% By [ﬂ]
] © Server

) Idle function
Cluster-level request scheduling Active function

request \ \wem

request

,T Function ‘
i/management/ node 1.

.
=

game VR

Edge“ / Funcon | Edge’,
management/ node 2;

+~Function Edge
management node 3.

\

Al game VR

' ' '
' ' '
' ' '
' ' '
' ' '
' ' '
' i '
' ' '
' ' '
] ' '

Fig. 1. An example of function scheduling in serverless edge computing,
illustrating request scheduling and function lifetime management.

reduces the initialization time but only partially mitigates cold-starts
as it decreases startup time without preventing cold-start occurrences.
Function pre-warming: Function pre-warming refers to creating a new
container before a request arrives and hence avoiding the occurrence
of cold starts. Several works (Mahgoub et al., 2022; Zhou et al., 2022;
Yang et al., 2022) propose different machine learning models to predict
the arrival patterns of serverless invocations. These methods are highly
dependent on prediction accuracy, necessitating system knowledge and
substantial modeling effort. Function caching: Large cloud providers
(e.g., AWS and Azure) adopt a fixed caching policy that retains server-
less functions for 10 or 20 min after executing a job (Shahrad et al.,
2020). Consequently, future invocations can be served by cached con-
tainers and hence cold-starts are avoided. Many research efforts (Yang
et al., 2024; Yu et al., 2024; Fuerst and Sharma, 2021) have pro-
posed different techniques to detect hotspot functions and manage
the functions’ lifetime. However, function caching needs to be care-
fully designed to avoid over-provisioning, which wastes scarce system
resources. Although Deep Reinforcement Learning (Agarwal et al.,
2024; Algaraghuli and Karan, 2024) is another promising approach, we
selected lightweight heuristics to achieve real-world deployability.

However, existing works mainly focus on function management at
the node level and ignore the interplay between request scheduling
and function management. Request scheduling refers to assigning a
request to a specific function at an edge node (also known as load
balancing), while function management refers to the lifetime man-
agement of functions on each edge node. Ideally, traffic needs to be
distributed to the nearest edge node, reducing the distance data travels
and the latency. As illustrated in Fig. 1, the cluster-level scheduling
dynamically alters the workload on each edge node. Consequently,
local function management decisions are closely interconnected with
cluster-level request scheduling decisions. The decision-making process
must consider both the cluster-level request scheduling and node-level
container management.

At first glance, these challenges might seem addressable by load-
balancing future requests to resource-redundant edge nodes or caching
popular functions locally. The former fails to reuse idle functions for the
future while the latter has only a local view of functions, both leading
to suboptimal decisions.

Existing research overlooks the complex coupling relationship be-
tween request scheduling and function management decisions while
only focusing on the single decision optimization. Thus, optimizing
response latency by a single decision cannot achieve the effect of joint
decision optimization. For example, workload skewness (Yang et al.,
2024) becomes a common phenomenon across different edge nodes
because edge computing leans toward deploying services close to the
users. Hence, function management at the node level is massively
correlated to request scheduling at the cluster level. Coordinating them
requires considering the node workload, function resource requirement
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and popularity. Moreover, the request patterns can oscillate over time
and incur resource contention between functions, further complicating
the cluster management.

In this work, we capture the different levels of the system behavior
and architecturally correlate the cluster-level request scheduling and
node-level function management. We design FaasOrc, a bi-level or-
chestration framework for latency-sensitive services in serverless edge
computing. The goal is to better use global information to help each
node handle workload skewness and oscillation. FaasOrc achieves this
by (1) load-balancing based on communication delay and node work-
load. (2) popular function detection at the node level through global
information such as the invocation counts of a function over a period of
time. In this way, request scheduling and function lifetime management
complement each other by exchanging information periodically (Lafta
and Al-fiskhaltom, 2023).

In the cluster, FaasOrc runs a centralized scheduler called Comman-
der. Commander observes the incoming requests and dispatches them
to different edge nodes based on the communication delay and node
status, using a lightweight online heuristic algorithm with performance
guarantee (Section 5.1). Commander performs fast and fine-grained
request scheduling using global information and the assistance from
local function managers. At each edge node, FaasOrc locally runs a
lightweight function manager called Beacon. Beacon fetches global
invocation information from Commander, uploads node status to Com-
mander and manages the lifetime of local functions based on a number
of invocation characteristics (Section 5.2).

Our main contributions are summarized as follows.

» We identify the correlation between request scheduling and func-
tion management, highlighting that achieving their complemen-
tarity is non-trivial.

We devise FaasOrc to co-optimize the cluster-level request
scheduling and node-level function caching in a unified architec-
ture for serverless edge computing.

FaasOrec is a bi-level orchestration framework designed to account
for distinct levels of system behavior in serverless edge comput-
ing. It contributes to the state of the art by (i) separately designing
mechanisms for cluster-level request scheduling and node-level
function management, while incorporating a popularity-based
policy to identify frequently used functions; and (ii)) combin-
ing global and local information to effectively handle workload
skewness and oscillations in the cluster.

We implement FaasOrc in an open-source FaaS platform Kna-
tive (Knative, 2023) as well as in ns-3 (nsnam, 2025) and eval-
uate FaasOrc using production FaaS traces from Microsoft Azure
Functions (Azure, 2023). Results show that FaasOrc outperforms
the state-of-the-art frameworks by 31.4% in terms of response
latency.

The remainder of this paper is organized as follows. We first provide
an overview of the related work (Section 2) for serverless edge comput-
ing, including request scheduling, function pre-warming and caching.
We summarized the existing solutions and identified the limitations of
the state-of-the-art. After that, we present the system model (Section 3)
and the problem (Section 4). Subsequently, we present the proposed
framework (Section 5), consisting of request scheduling and function
management. Finally, we justify the superiority of the proposed frame-
work in the experiments (Section 6) and draw the conclusion (Sec-
tion 7).

2. Related work

In recent years, serverless computing has attracted significant at-
tention. In particular, much research focuses on request scheduling,
function pre-warming and function caching.
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2.1. Request scheduling in serverless edge computing

A number of studies have investigated request scheduling in edge
computing. Shang et al. (2023) investigate the function placement and
data routing problem, fully incorporating the heterogeneity of edge
networks and the overheads of serverless computing. Poularakis et al.
(2019) propose a service placement and flow routing algorithm based
on randomized rounding to maximize the number of requests handled
by base stations in mobile edge computing. Farhadi et al. (2021)
propose a two-time-scale algorithm to jointly optimize the service
placement and request scheduling. Gu et al. (2022) present a layer-
aware container placement and request scheduling algorithm, aiming to
maximize the number of placed containers and the overall throughput.
Cheng et al. (2024) use layer-wise memory sharing and directed acyclic
graphs to reduce cluster memory footprint for serverless workflows.
Pan et al. (2022) map the function caching problem to the ski-rental
problem to optimize the deployment cost. SMore (Liu et al., 2025)
optimizes GPU resource usage for Deep Learning clusters by co-locating
functions. Many other works (He et al., 2018; Pasteris et al., 2019;
Gao et al., 2019) have also extensively examined the service placement
problem in edge computing. Flame (Yang et al., 2024) uses round-robin
as the load-balancing policy, but it falls short of understanding work-
load skewness and communication delays between edge nodes. Flame
also uses a centralized cache system with an exponentially decaying
algorithm to learn invocation characteristics. Agarwal et al. (2024)
combines long-short term memory with proximal policy optimization
to capture environment parameters and efficiently scale serverless func-
tions. Joosen et al. (2025) introduce a pod utility ratio to measure the
pod’s execution time relative to its cold start. AFaaS (Chai et al., 2025)
identify three sources of overlooked latency, including control path
latency, resource contention latency and initialization latency. AFaaS
uses resource pooling and lightweight runtime to accelerate the cold-
start process. Golgi (Suyi Li et al., 2023) uses nine low-level metrics
for runtime performance to predict function performance and thus
optimizes the function scheduling in cloud computing. QUART (Lin
et al., 2024) optimizes the key stages in pipeline parallelism and caches
parameters for large language models. Demeter (Yue et al., 2024) uses
multi-agent reinforcement learning to co-optimize function placement
and resource allocation in serverless edge computing. Rangarajan and
Al-Quraishi (2023) highlights the need for multi-layered orchestration
in IoT system.

However, these works largely overlook the interplay between re-
quest scheduling and function management, making them insufficient
to optimize response latency in serverless computing. For instance,
requests can be assigned to an edge node with idle functions to avoid
the cold start process.

2.2. Function pre-warming

Function pre-warming is to create a new container before a request
arrives and hence avoid the occurrence of cold starts. This method
usually uses a prediction model to decide when to pre-warm a function.
Thus, the performance of “pre-warming” is largely decided by the
prediction accuracy. ORION (Mahgoub et al., 2022) employs a latency
model to estimate the request arrivals. Similarly, AQUATOPE (Zhou
et al., 2022) and INFless (Yang et al., 2022) resort to Bayesian Neural
Network and Long-Short Term Histogram to predict the arrival pattern,
respectively. Shahrad et al. (2020) use an Arima model (Pmdarima,
2025) to predict the invocation pattern and combine a TTL (time-
to-live) based caching policy to reduce the occurrence of cold starts.
Chen et al. (2025) use Q-learning and Proximal Policy Optimization to
schedule serverless containers in edge computing.

However, prediction models face significant challenges under spiky
workloads. Thanks to the lightweight popularity score, FaasOrc adap-
tively increases and decreases the number of cached containers and
therefore reduces the wastage of resource allocation.
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2.3. Function caching

FaasCache (Fuerst and Sharma, 2021) uses a priority-based greedy
caching policy, also considering the characteristics of functions. How-
ever, key differences exist: (1) FaasCache only considers a single-server
setting without considering request scheduling algorithms (We pro-
posed Commander in Section 5). (2) FaasCache has no termination
policy if a container with high priority is idle for a period of time,
falls short of efficient resource utilization. (3) A cumulative frequency
is used which exhibits limitations for time varying workloads (Function
popularity can vary over time). RainbowCake (Yu et al., 2024) proposes
to use a layer-wise container pre-warming and caching approach, aim-
ing to optimize cold-starts. RainbowCake classifies the startup process
of containers into three stages and manages different stages individu-
ally. Roy et al. (2022) use low-cost nodes to cache containers which
keeps a larger number of containers warm under the same cost budget.
Function caching requires extra memory and hence it must to be
carefully designed to avoid wasting resources.

In contrast to these existing solutions, FaasOrc uses a bi-level struc-
ture which co-optimizes the cluster-level request scheduling and the
node-level function management. We use lightweight heuristics to con-
trol the online decisions and include four important characteristics
of serverless computing, i.e., the recency, invocation count, cold-start
delay and memory allocation. FaasOrc focuses on workload skewness
and hotspot functions, trade-off between communication delays and
cold-start delays.

2.4. Edge cloud continuum

Prior work on serverless edge computing has explored platforms
and scheduling mechanisms that extend Function-as-a-Service (FaaS)
from centralized clouds to geographically distributed edge nodes. In
multi-operator environments, where edge resources are owned by in-
dependent administrative domains, individual compute clusters incur
private expenses for CPU cycles, memory reserved for warm instances,
storage for function images and data, and energy consumption. Existing
efforts (Filinis et al., 2024; Pandey et al., 2025; Russo Russo et al.,
2024) typically assume cooperative operators or centralized control,
overlooking the strategic behavior of rational nodes. As a result, with-
out explicit incentive mechanisms, operators may free-ride by avoiding
costly actions such as pre-warming functions, caching low-popularity
images, or admitting latency-sensitive workloads, thereby degrading
system-wide responsiveness. To solve the problem in the multi-operator
environment, auction-based approaches (Fei Wang et al., 2023; Zhang
et al., 2025) are efficient mechanisms to coordinate multiple stake-
holders in the edge environment. Another work (Zhang and Jacobsen,
2025) uses a distributed hash table to record geographical and operator
context for local resource scheduling.

FaasOrc is orthogonal to these frameworks and can be integrated
with these frameworks to support FaasOrc function caching policy in
each administrative domain.

3. System model

We first present the system model used for problem formulation.
Then, we describe the system design of the proposed framework.

3.1. Overview of system model

We consider an edge network consisting of multiple edge nodes
at different geographical locations which we refer to as a cluster.
These edge nodes have computational resources and serve service re-
quests. Requests are generated by end users, and requests are processed
by functions hosted by edge nodes. The serverless system forwards
requests to edge nodes of the cluster based on its placement policy.
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Table 1
Symbols and variables.
Symbols Description
=V, &) Physical network graph

v Edge nodes in the network

& Physical links in the network

C, Memory capacity at node v € V

crem Remaining memory capacity at node v € ¥V

c, Amount of memory required by function of type n € N

N Set of serverless functions

ay, Number of type n cached containers at node v in the
beginning of time interval ¢

by, Number of active type n containers at node v in time
interval ¢

Ly Communication delay between node v and v/

" The processing delay of function n

d" The cold-start delay of function n

A, Number of type n requests generated at node v in time
interval ¢

Ky, Number of type n requests remaining to be deployed at time
interval ¢

a Parameter to reduce the number of invocations in dataset

B The Zipf skewness parameter

I} The time of n has not been invoked.

n

Decision variables

my, Number of type n requests distributed to node v at ¢
m_ . Number of type n requests distributed from v to v’ at ¢
Vi Number of type n containers to be terminated after time
interval ¢
Let G = (¥, &) be a graph representing the physical network which

consists of a set V of edge nodes and a set € of links. Each edge node
v € V is equipped with an amount of hardware resources (e.g., CPU and
memory) denoted by C,. R denotes the set of requests. Edge nodes in
the system process incoming requests by invoking serverless containers.
The set of container types is denoted by M. The total execution time T
is divided into time intervals t € 7 = {1, T}. The lifecycle of each
container can span multiple time intervals.

In the system, containers that are alive but not executing tasks are
referred to as cached containers hereafter. Similarly, containers that are
alive and executing tasks are referred to as active containers.

4. Problem description

We consider three types of delays that are essential to the system
performance: communication delay, processing delay and cold-start
delay. All symbols and variables are listed in Table 1. If a request is
generated at edge node v and is distributed to edge node v/, we use
¢, to denote the expected communication delay between v and v/
which is proportional to the geographical distance between v and v'. Let
mZ—m' denote the number of type n requests generated at node v and
dlstrlbuted to node v’ in time interval 7. Then the total communication
delay D! in time interval ¢ is:

2 Z KU’”/mZ—»U’J' (@D)]

v,V €V neN
The processing delay of a function is incurred by its processing time
at a type n container which is proportional to the amount of traffic
in a request. Let p" denote the expected processing time of a request
with the type n function. Let m!, denote the number of type » requests
distributed to node v in time interval 7. Then the total processing delay
DP in time interval ¢ is:

= Z Z an:’),t' (2)

veY neN
The cold-start delay is incurred by the container initialization. By
d" we denote the expected cold-start delay for instantiating a single
container of type n. Let yﬁ,x—| denote the number of containers that were
destroyed on edge node v at the end of time interval # — 1 and aj, the
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number of cached type n containers on edge node v at the beginning of
time interval . Then aﬁ or1? U, = y The total cold-start
latency D€ of all requests in time interval ¢ is:

z z d"max{ m aH,O} 3)

veEY neN
The total latency D, of the system is the sum of all delays:

= max{a"

D,=2DF + D + DF. C))
4.1. Problem formulation
The objective is to minimize the end-to-end latency taken over all

time intervals. This problem can be formulated as an integer linear
programming problem:

Problem 1.
T
Y. D, )
t=1
st Y e (max{al, ml )+ b ) <C, V0,V (6)
neN
vy, € [0,max{al ,my }], Vo,¥n, V1, 7
Doml = A, Vo,V ©)
vey
Mooty yry €0 L2 Ay ) ©

The first constraint ensures that the hardware resources requested
from v do not exceed the resource limit C, (where ¢, denotes the
amount of resource required by a type n container). The hardware
resources can be heterogeneous and therefore increase the complexity
of the problem. We also considered this in our experiment as well
to show the feasibility of our algorithms in real-world prototype. a,
represents the number of cached containers at node v. b}, denotes the
number of active containers that are executing tasks in tlme slot ¢. The
second constraint guarantees that the number of destroyed containers is
not greater than the number of cached containers. The third constraint
ensures that each request is distributed to only one edge node; 47, is the
number of type n requests generated from edge node v in time interval
t. The last constraint ensures the decision variables are integer.

5. The FaasOrc framework

In this section, we propose FaasOrc, a practical request scheduling
and function management framework for minimizing response latency
in serverless computing. FaasOrc leverages lightweight heuristics to
make decisions and collect information efficiently and thereby provide
good scalability as shown in the experiment section.

FaasOrc consists of two key components: Commander and Beacon as
illustrated in Fig. 2. Commander is a cluster-level scheduler, and Beacon
is a per-node function manager.

Fig. 3 shows the overall workflow of FaasOrc. FaasOrc first decides
which edge node to host a request. After that we decide whether to
reuse a cached container or create a new one. Finally, in the end of
each time interval, we decide the termination of containers. Meanwhile,
Beacon periodically exchanges information with Commander.

5.1. FaasOrc Commander

At the cluster level, we run a Commander instance, which pe-
riodically receives node status from the Beacon to make decisions.
Commander implements the following three functionalities. (1) It com-
municates with Beacon, exchanging the information of node workload,
function status, and total invocation count of each function. (2) It
schedules requests to different edge nodes when requests arrive. (3)
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Invocation counter

Requests

A Y 4

Gateway

Fig. 2. FaasOrc uses a bi-level scheduling framework. The cluster-level con-
troller (Commander), monitoring workloads and schedule requests to edge
nodes; the node-level manager Beacon, observing node status and managing
container lifetime. Commander and Beacon exchanges information periodically
such as node workload, function status, and invocation counter.

New request

Commander decides which edge node
to host the request

Beacon updates v
the_statu§ of Commander decides whether to reuse
containers in the |« a cached container or create a new
node container

A
A

Y

Commander decides whether to
terminate a container

Beacon updates the
popularity score €

Placement
decision

Fig. 3. The workflow of FaasOrc.

It decides which function will serve a specific request. By combin-
ing global and local information, Commander can efficiently handle
workload skewness and reuse cached functions.

We now introduce the pseudocode of Commander as illustrated in
Algorithm 1, Commander first sorts the edge nodes in a list V' based
on the communication delay to the current node and calculates the
popularity score for each type of container (Lines 2-3). This step is
to make sure that requests are executed in functions close to them,
avoiding long communication delay.

If ay, — A, 20, which means cached containers suffice to serve
all requests, the algorithm assigns all incoming requests 4, to cached
containers. Correspondingly, the number of left requests k), is set to 0
(Line 4-6). The else part indicates that cached containers in edge node
v are not sufficient to accommodate all requests; the philosophy is to
use cached containers as possible and assign the rest to neighbor nodes
by iterating V' (Line 8). This will help to decide which edge node to
use according to the communication delay between the current edge
node and its neighbor nodes.

Because the current edge node v lacks sufficient cached containers,
we assign the remaining requests, that cannot be processed by caching
containers on the current edge node v, to neighbor nodes where the
communication delay between the current node and the neighbor node
is less than the cold-start delay of the container, namely 27, ,, < d"
(Line 11). In this case, offloading requests to neighbor nodes v' € V’
is more beneficial than creating new containers in the current node.
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Algorithm 1: Request schedule()

Input : 17,
Output: m',j',, ’”Luu

1 foreach n € N' do

2 Sort all nodes v’ by #,,, in ascending order and store them in the
sorted list V';
3 Update the popularity score H(t) for type n containers acc. to
Eq. (10);
4 ifay, - 47, >0 then
5 Assign /1:‘,', requests to cached containers, ng «— /1;71;
6 k;‘w «~ 05
7 else
8 Assign part of requests to cached containers, m], < aj ;
o ke Ao —as
10 foreach v’ € V' do
11 if 2¢,,,, < d" then
12 if ay, >k, then
13 Distribute all remaining requests to neighbor
node v';
14 m:“—vl;’,l < kz,l;
15 kf[,‘, « 0;
16 break;
17 else
18 Distribute aj, , remaining requests to neighbor
node v';
19 mz—>v’,1 < a::/,l;
20 kﬁ,r - k::.r - aﬁ',t;
21 end
22 end
23 end
24 if ki, #0 then
25 Call Algorithm 2 to instantiate k},, new containers at
current node v;
26 end
27 Call Beacon to update the popularity for type n function acc.
to Eq. (10);
28 end
29 end

If ay,, = ky,, it implies that there are sufficient cached containers on
neighbor node v’ to serve the remaining requests. Hence, the algorithm
assigns the remaining request to node v’ by My, < kg, Otherwise,
if aZ/,r <k} ,, the algorithm assigns part of the requests to node v and
iterates over next neighbor node (Line 18-20).

If, after iterating over neighbor nodes, there still are unprocessed
requests kg,; # 0, new containers are created at the current node which
will experience cold-start. If the current node cannot create new con-
tainers due to resource constraints, low-score containers are terminated
using the proposed policy to free resources for new containers (Line
24-25).

Data locality: Data locality in edge computing refers to keep data
close to where it is generated or used, rather than sending it to a distant
edge node for processing. FaasOrc considers data locality in Algorithm
1 Line 2 where all nodes are sorted based on the distance to the request
and we prioritize to process the data at the close edge node.

5.2. FaasOrc Beacon

At the node level, each edge node runs a Beacon instance, which
periodically receives global information (i.e., invocation counts) from
Commander. Beacon manages the lifetime of local functions and de-
cides which one to evict based on the global information to reclaim
hardware resources in the node. The cached functions have a config-
urable lifetime limitation 7,,,.,,s (e.g., 5 min) and will be evicted
by resource contentions (i.e., creating new function instances). By this
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means, Beacon can avoid function “lock-in” which means keeping some
popular functions alive for a long time. Meanwhile, Beacon periodically
fetches information from Commander, such as the number of invo-
cations for each function. This enables Beacon to avoid only caching
locally popular functions and better handle the time-varying workloads.
After finishing the execution, Beacon manages the life cycle of the
function and decides whether to terminate it after execution.

Calculate function popularity score: Caching functions can miti-
gate the cold-start issue and avoid frequent creation and termination
of containers. We use a lightweight and dynamic popularity score
mechanism to identify hotspot functions (Eq. (10)).

The popularity score is derived from a web caching (Cherkasova,
1998) policy, which helps Beacon learn the characteristics of functions
(i.e., historical invocation count, cold-start time and resource foot-
prints). The function n popularity score at node v is represented by
H():

7, X d"
H!t) =11+ 22—

10$)
n

1" refers to a “logical clock” to reflect the recency of local invoca-
tions. The clock is updated after every time interval (i.e., 1 min). When
a container is used in edge node v, we assign the clock to the container
and update the popularity score. Thus, containers that are used recently
will have larger clock values and, hence higher scores. Also, #/; is node-
specific and hence we can learn the local invocation characteristic at
the node level.

7, is a global counter of a particular function invoked in a period
of time (i.e., 30 min). After this period of time, we reset this counter
to avoid “function lock-in”, because hotspot function’s counter can
accumulate to a large value. y, helps to learn the global workload char-
acteristics from the cluster level. The popularity score is proportional
to the counter, and hence, more frequently invoked containers are kept
alive for longer.

d" refers to the cold start delay of a type n function. This pa-
rameter captures the benefit of caching a container. The popularity is
proportional to the cold-start time of a container.

¢, refers to the memory allocation of a container in MB because
cached containers are kept alive in memory. As the popularity score
is inversely proportional to c,, it is more expensive to keep larger
containers alive instead of smaller containers.

Beacon combines global information (y,) and local information (/)
to better handle workload skewness and oscillation. Beacon only com-
prises lightweight algorithms and hence it does not need any training
before deployment.

Configure containers with a lifetime limitation: Beacon assigns
each container a lifetime /, which is configurable. After a function
instance finishes execution, it will be automatically released after the
lifetime. The rationale is that serverless invocations can oscillate over
time. If the workload in an edge node drops significantly, it is important
to terminate containers that have been not invoked for a period of time.
Otherwise, high popular score functions will reside in the memory and
waste resources.

Key algorithm in Beacon: Next, we introduce the key algorithm
implemented in Beacon as shown in Algorithm 2.

Algorithm 2 shows the algorithm of creating new type n containers.
If the residual resource capacity at node v is insufficient to create a new
type n container, the algorithm terminates containers with the lowest
popularity score in the cache until there are sufficient resources for
creating a new type n container. If a container has been idle for more
than a period of time #,,,,,,4 (€.8., 5 min), it will also be destroyed
to reclaim memory resources in the node, where /, is the remaining
lifetime of a function n. The reason is to avoid resource waste in light
workloads, otherwise, some popular functions will exist in the memory
for a long period of time.
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Algorithm 2: Function management()

1 while ky, >0 do

2 if ¢, > C7°" then
3 ‘ Destroy the container with the lowest popularity score;
4 else if 1, > 1, 05n01a then
5 ‘ Destroy n.
6 else
7 Create a new type n container;
8 Update popularity score for the type n containers;
o | | k=
10 end
11 end

5.3. Complexity analysis

The following theorem states that t};e performance of algorithm 1
is always bounded by max{1 + Z—:, 1+ 2;—’:/ ).

Theorem 1. The worst—ccflse latency for handling a type n request is
bounded by max {1+ %, 1+2-2>}, where v denotes the edge node generating

n

the request, and v’ represents the edge node hosting the request.

o

Proof. The offline optimal solution to process a type n request is
distributing the request to the generated node with an available cached
type n container. In this case, the link latency is zero as the request
is placed on the node that generated the request, and the cold-start
latency is also zero as the request uses a cached container. Hence, we
obtain the lower bound for the latency of a single request as:

OPT(n) > p". an

After that, we consider the maximum latency produced by the
proposed algorithm. In the worst case, the current node has no cached
or pre-warmed type n containers. The algorithm will offload a request
to a neighbor node or create a new container at the current edge node.
If a neighbor node meets the requirement that the link latency is less
than the cold-start latency, the neighbor node processes the request by
using a cached container. Otherwise, the current node creates a new
type n container for the request at the cost of cold-start latency. We
can define the end-to-end latency of the worst case as:

P+ d"
Pn + zquvl

if 26,y >d",
if 20, <d".
We define f(n) = WORST(n)/OPT (n) which represents the ratio of

the worst case and best case. Hence, the maximal value of f(n) denotes
the worst-case competitive ratio. f(n) can be represented as follows:

WORST(n) = { 12)

1+i—;’ if 20, >d"
fn)= 13)

[
1+2;;’ if 20,, <d",

n 14

Hence, the maximum f(n) is given by max{1 + ‘;—, 1+2

n

.o O

ool
n
4

Theorem 2. The time complexity of FaasOrc in every time step t is
OV - [N - log(IV]).

Proof. Firstly, Algorithm 1 runs Line 1 |A'| times which leads to a time
complexity of O(|N]).

Then, Algorithm 1 sorts all nodes, which has a time complexity
of O(|V] - log(|V])). When offloading requests to neighbor nodes (Line
10), the algorithm iterates over the list of neighbor nodes with a time
complexity of O(|V|). For the assignments, Algorithm 2 may create
containers and destroy others to make space for a small number of times
and hence has a time complexity of O(1). Hence, handing N types of
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requests over a network with ¥ edge nodes has a time complexity of

o(V|- N -log(IV]). O
6. Performance evaluation

In this section, we conducted two sets of experiments with Network
Simulator 3 (NS3) and a real-system prototype using Knative over
Kubernetes, respectively.

6.1. Simulation setup

We first evaluate the performance of FaasOrc in a trace-driven
simulation on a server with 105 GB RAM and an Intel(R) Xeon(R)
E5645 processor with 24 cores. We use NS3 version 3.29, totaling
around 2000 lines of code in C++. We have the following setups.

Topology: We use the widely used EUA dataset (Lai et al., 2018)
which contains the information on edge servers in the Melbourne CBD
area. The number of invocations ranges from hundreds of thousands
of requests to a dozen. The topology consists of 125 edge nodes as
shown in Fig. 4. The link latency is measured by the geographical
distance between two edge nodes using their coordinates. The dataset
exhibits a hybrid pattern, which is essential for modeling serverless
workloads (A.Hasan et al., 2024).

Requests: As we cannot find any public serverless datasets for
edge computing from major service providers, we leverage the Zipf-p
popularity law to generate the request arrival pattern, which is widely
used n edge computing (Pan et al., 2022; Shukla et al., 2018).

The Azure dataset (Azure, 2023) is used to create the request arrival
pattern with the Zipf-g# law. This dataset contains the invocations of
functions on Microsoft Azure for 14 days. Each day is divided into
1440 time intervals and hence each time interval is 1 min. In each time
interval, the requests can arrive and leave in arbitrary seconds.

We select 10 functions from the Azure dataset and the workload
is generated using the Zipf distribution with the exponent p ranging
from 0.5 to 1.5. A lower exponent f# leads to greater disparity in the
number of requests among edge nodes, increasing workload imbalance.
The Zipf distribution is widely adopted to generate workloads in edge
computing (Pan et al., 2022; Shukla et al., 2018; Shukla and Abouzeid,
2017).

Performance Benchmarks:

+ FaasOrc adopts a cluster-level policy for request scheduling and
a node-level policy for function management. At the cluster-
level, we use Commander for load-balancing among multiple
edge nodes. At the node-level, we use Beacon to handle function
management.

Flame (Yang et al.,, 2024) uses Round Robin for cluster-level
request scheduling and an exponentially decaying algorithm to
detect popular functions. More details can be found in Sec-
tion 2.1.
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- FaasCache (Fuerst and Sharma, 2021) also considers the het-
erogeneity of functions by using accumulative frequencies and
cold-start overheads. It uses a local cache controller and has no
lifetime limitations for functions. It also uses Round Robin for
request scheduling. More details can be in found in Section 2.3.
Hist is a function caching algorithm proposed by Shahrad et al.
(2020). Hist combines the Arimal model prediction and termi-
nates the container after each function execution but pre-warms
the container before a potential next invocation. As Hist does
not discuss request scheduling, we implement Commander as its
request scheduling policy.

Fixed Caching (FC) is widely used in AWS (Lambda, 2023). It
keeps a container alive for a fixed period of time. In the exper-
iments, the caching period is set to 10 min. Similarly, we also
implement Commander as its request scheduling policy.

6.2. Performance in simulation

Performance Summary:

Fig. 5 presents the results of the study across different workloads
distributions in NS3 simulation. The response latency is the time be-
tween when users send a request and receive a response. The middle
line represents the median value. The bottom and top of each “box”
denote the 25th and 75th percentile, respectively. The top and bot-
tom whiskers represent the 5th and 95 percentile. We observe that
FaasOrc reduces the 75th percentile response latency by to 33.7%,
31.4%, 64% and 64.4% compared with Flame, FaasCache, Hist and
FC. The reduction in latency to different workload stems from the
use of orchestration (Commander schedules requests among different
edge nodes and Beacon uses cluster information to manage container
lifetime in each node). This design is vital as it is aware of cluster-
level workload skewness and node-level oscillation simultaneously. For
the 95th percentile of latency, FaasOrc receives 1.17 to 2.73 s while
that of other benchmarks ranges from 1.84 to 3.78 s. The tail latency
is dominated by the worst case where some functions experience cold
starts and high communication latency.

Fig. 6(a) shows the average response latency of all methods over
different zipf-p values. We observe that FaasOrc receives the best
performance, followed by Flame and FaasCache. The average response
latency of FaasOrc ranges from 0.75 to 1.05 s, while that of Flame
and FaasCache fluctuates between 1.08 and 1.49 s. This is because
the combination of round-robin and function caching is insufficient for
serverless edge computing. In other words, the workload among edge
nodes and the popularity of functions must be considered simultane-
ously. TTL-based frameworks such as Hist and FC perform even worse
as they adopt static caching policies.

Fig. 6(b) shows the cold-start frequency of different approaches. The
cold-start frequency is the ratio of cold-start invocations and total in-
vocations, which implies the occurrence of cold-start issues. The result
demonstrates that the FaasOrc keeps the cold-start frequency between
0.04 and 0.14, while that of Flame and FaasCache fluctuates between
0.03 and 0.24. This is due to their local cache management causing
hot function contention and imbalance between nodes. As a result, the
overall performance in these methods fluctuates significantly.

FaasOrc performs the best in response latency under different work-
loads because it adopts a bi-level scheduling framework to learn distinct
levels of system behavior in serverless edge computing. FaasOrc is
designed to be workload agnostic, making it perform better under
different workload distributions. Flame and FaasCache use round-robin
load-balancing that spreads requests over different edge nodes even
when the invocations are unevenly distributed.

Impact of Parameter f:

p is the skewness parameter in the Zipf distribution that changes
the distribution of workloads among different edge nodes. We use this
parameter to examine the performance of this study under different
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computing.

workload distributions. When # increases, high-rank nodes will gener-
ate fewer requests and hence the distribution of requests is less skewed.
As illustrated in Fig. 5, when f increases, the response of FaasOrc de-
creases due to its efficient request scheduling design. However, latency
of round-robin-based approaches (Flame and FaasCache) increases be-
cause they do not aggregate functions in underutilized nodes. For
TTL-based approaches (Hist and FC), their latencies also drop because
Commander efficiently aggregates functions to edge nodes close to
users under light workload (i.e., zipf-g = 1.5).

We observe a similar trend in Fig. 6(b) for cold-start frequency.
When g increases from 0.5 to 1.5, FaasOrc achieves a lower cold-start
frequency. This stems from Commander’s policy to aggregate functions
under light workloads. The cold-start frequency of Flame and Faas-
Cache increases significantly. This is because round-robin distributes
functions evenly and hence cached functions are insufficient to handle
new requests under light workloads. Although Flame and FaasCache
reduce cold-starts in heavy workloads, their average latency is still
higher than that of FaasOrc. The rationale is that these methods may
reuse cached containers in remote nodes first and hence suffer from
high communication latency.

Average Latency with Different Workloads:

Fig. 6(a) shows the average latency over different factors of Zipf-p.
FaasOrc receives the best performance of latency at 1.05 s, 1.03 s and
0.75 s, respectively. While not exciting, Flame and FaasCache yield
average response latency ranging from 1.08 to 1.49 s. Hist achieves
an average latency at 2.20 s, 2.03 and 0.94 s, respectively. FC receives

an average latency of 1.99 s, 1.92 s and 0.95 s. When g = 1.5, Flame
and FaasCache are beaten by TTL-based approaches. This improvement
results from Commander’s efficient request-scheduling design.

Cold-start Frequency with Different Workloads:

The cold-start frequency is the ratio of cold-start invocations and
total invocations. This metric implies the occurrence of cold-start issues
which have a significant impact on the response latency. As shown
in Fig. 6(b), the cold-start frequency ranges from 0.04 to 0.14 under
different workloads. In contrast, that of FaasCache and Flame ranges
from 0.03 to 0.24 when Zipf-p is 0.5, 1.0 and 1.5, respectively. Flame
and FaasCache perform better when # equals 0.5 and 1.0. This is not
surprising because they may use remote edge nodes with less workloads
first which ignores the trade-off between communication delay and
cold-start delay. While not surprising, HIST and FC are outperformed
by FaasOrc with cold-start frequencies ranging from 0.15 to 0.81.

FaasOrc efficiently reduces the occurrence of cold starts because
it adaptively caches popular containers that are more likely to be
invoked in the near future. Also, in the cluster level, FaasOrc sched-
ules requests adaptively based on the incoming workloads. By this
means, FaasOrc can effectively reduce the response latency by balanc-
ing request scheduling and function caching under different workload
distributions.

6.3. Prototype in Knative

To demonstrate that our framework can be readily deployed in real
systems, we use the Knative implementation (Knative, 2023) which is
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Table 2
Container instances.

Application name Cold-start time Memory size

Web Server 531s 55 MB
File Processing 5.33s 158 MB
Supermarket Checkout 5.34 s 332 MB
Image Recognition 4.89 s 92 MB
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Fig. 7. The average latency in Knative. FaasOrc performs the best because it
reduces both cold starts and network latency.

an enterprise-level solution for serverless applications. Knative is also
used by Google Run Functions to provide modern serverless services.

Implementation Setup in Knative:

Our setup includes 1 controller node and 10 worker nodes. The
controller node and worker nodes are servers equipped with 8 CPU
cores and RAM in [16, 32] GB. The edge nodes span across different
regions in Google Cloud, including europe-west2 (London), europe-west1
(Belgium) and europe-west4 (Netherlands). We have used Knative version
1.14.1 over Kubernetes 1.28, totaling 2200 lines of code in Go. Also, we
reduced the number of invocations by 10000x to adapt to the system
capacity. We first reduced the total number of requests in each time
slot and then used the Zipf-g distribution to create workloads for the
10 worker nodes. We select four applications that are most frequently
invoked and map them to four containers as shown in Table 2.

Containers:

In Knative, we build four types of containers derived from AWS
Lambda functions as shown in Table 2. According to our measurement,
the average cold-start time d" lasts between 4.89 and 5.34 s, and
the memory sizes are between 55 and 332 MB. The cold-start time is
measured 10 times for each type of containers.

Performance Summary in Knative:

In Fig. 7, we observe that the FaasOrc reduces the average response
latency by 49.7%, 31.1%, 59.0% and 68.7% compared to Flame, Faas-
Cache, Hist and FC, respectively. The results of local cache policies
(Flame and FaasCache) are far from achieving low latency due to
skewed invocations across edge nodes.

The results in Knative justify that FaasOrc significantly improves the
response latency due to (1) Scheduling requests from a global view of
the cluster. (2) incorporating several critical characteristics of serverless
invocations for caching.

Although the simulation and testbed implementation exhibit similar
trends, the difference in the results is because the number of edge nodes
and requests differs significantly between simulation and testbed.

Latency in Knative:

As illustrated in Fig. 7, we observe that FaasOrc achieves the best
performance in terms of average response latency, ranging from 1.04
to 1.33 s. Flame achieves 2.07 to 4.13 s in terms of average latency.
Similarly, that of FaasCache ranges from 1.51 to 3.92 s. This is be-
cause Flame and FaasCache make suboptimal caching decisions without
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Fig. 8. The cold-start frequency in Knative. FaasOrc efficiently reduce cold
starts due to the lightweight scheduling algorithm.

jointly considering load balancing and function caching. The average
latency of Hist ranges from 2.54 to 3.7 s. This is because Hist heavily
relies on the distribution of histograms that exhibit a clear invocation
pattern, where the pre-warm windows are ideally long and keep-alive
windows are short. The average latency of FC is 3.32, 3.79 and 4.5 s,
respectively. FC’s performance is worse because it caches containers for
a fixed period of time. FC does not consider function characteristics and
cannot adapt to the frequently varying request pattern. Compared with
the best-perform benchmarks, FaasOrc reduces the average latency by
31.1%.

Cold-start Frequency in Knative:

Fig. 8 presents the cold-start frequency over different workloads.
The cold-start frequency of FaasOrc is 0.14, 0.17 and 0.11, respectively.
In contrast, the cold-start frequency of Flame and FaasCache ranges
from 0.06 to 0.08 while that of Hist fluctuates between 0.314 and
0.401. Finally, FC is outperformed by other benchmarks due to its static
policy where the cold-start frequency ranges from 0.436 to 0.651.

Flame and FaasCache slightly outperform FaasOrc because these
methods may use remote edge nodes with lower workloads first, re-
ducing cold-start occurrences but increasing communication delays.

The Distributions of Latency in Knative:

In Fig. 9, we evaluate the performance of FaasOrc for different
Zipf-p values. We use box plots to demonstrate the distributions of the
response latency. The box plots show the 95th percentile, median and
5th percentile of the results. In Fig. 9(a), the median latency of FaasOrc
is 0.097 s. The median latency is relatively low compared to average
latency due to the fact that functions with cold starts in a remote
node may experience high latency and hence significantly increase
the average latency. In contrast, the median latency of Flame, Faas-
Cache, Hist and FC are 1.13, 1.03, 0.94 and 1.95 s, respectively. This
result demonstrates that the proposed algorithm dynamically adapts
to skewed and time-varying workloads and thereby achieves better
performance. Also, the 95th percentile of latency of FaasOrc is 4.87 s
while that of Flame, FaasCache, Hist and FC are 6.52, 5.10, 6.97 and
7.58 s, respectively. This result indicates that FaasOrc also reduces the
tail latency.

Fig. 9(b) presents the distributions of the latency for Zipf-p = 1.
FaasOrc achieves the 75th percentile of latency at 1.77 s while that
of Flame, FaasCache, Hist and FC are 3.11, 4.89, 6.67 and 6.81 s,
respectively.

Fig. 9(c) shows the distributions of the latency for Zipf-g = 1.5. We
observe that FaasOrc outperforms Flame, FaasCache, Hist and FC by up
to 36.1%, 30.4%, 38.3% and 37.9% in terms of maximum latency.

When § increases from 0.5 to 1.5, FaasOrc shows a stable per-
formance because Commander and Beacon complement each other,
resulting in superior outcomes.



C. Chen et al.

Journal of Network and Computer Applications 251 (2026) 104490

8 7 8 7 —_ — 8 7
@ @ @ T 1
> > l >
006 006 - 006 -
[y C C
2 2 2
) ) o
04 o4 o4 ]
» 0 n
5 5 | 5
S 2 8 2 Q2+ 1
3 3 @
x o —— x L]
0 - 0+ 0+
o0 i@ x® & <O o0 i @ w& <O o0 i@ _x® w& <O
o0 N o o0 N o AN
?3’6 < <o ‘360 e < o 050 ?03 < <o 050

(a) Zipf-p = 0.5

(b) Zipf-p =1

(¢) Zipf-p = 1.5

Fig. 9. The box plots of latency in Knative. FaasOrc achieves the best performance due to the reduction in network latency and cold starts.

100
*® 80 77.3
£
(0]
& 60
=
g
£ 401
[}
=
20
(<] .
\:aaso‘C Flamne \:aasCaO“ Hist ¥C

Fig. 10. Average memory usage of different benchmarks. FaasOrc receives
moderate performance.

Fig. 10 shows the average memory usage of different benchmarks.
FC receives the best performance as it is static and therefore does not
adapt to the varying workloads. This can also be observed in latency
where FC performs the worst. FaasOrc receives moderate performance
due to the fact that FaasOrc dynamically adapts the number of cached
containers so it uses more memory than static approaches like FC but
significantly reduces cold starts. Compared to other dynamic methods
like Flame and FaasCache, FaasOrc uses less memory and receives lower
latency, further justifying its efficiency.

7. Conclusion and future work

In this paper, we studied the request scheduling and function man-
agement problem for serverless edge computing. We prove that the
problem is NP-hard. Due to the computational complexity, we proposed
a bi-level framework FaasOrc to reduce the response latency with a
performance guarantee. FaasOrc schedules requests at the cluster level
and manages functions based on a lightweight heuristic algorithm at
the node level. The proposed FaasOrc algorithm is evaluated using
real-world workload traces in simulation and a real-system prototype
over Knative. FaasOrc efficiently takes advantage of global and lo-
cal information, adapting to the dynamic and concurrent nature of
serverless workloads. Our results show that the proposed algorithm re-
duces the response latency by 31.4% compared to the best-performing

10

benchmark. The promising results imply that FaasOrc can be used for
requests with service-level objects or QoS guarantee. However, limita-
tions remain. Incorporating function caching may add extra overheads
to the system and therefore the framework must be carefully designed.
Also, it is worth including more edge nodes and function types in the
testbed to justify the scalability. Moreover, network bandwidth and
network topology can be critical performance bottlenecks due to the
geographically distributed execution environments. Unlike centralized
cloud infrastructures, edge platforms operate under limited and hetero-
geneous bandwidth constraints, while simultaneously serving latency-
sensitive and bursty function invocations generated by end devices.
The stateless and fine-grained nature of serverless functions further
exacerbates bandwidth pressure by increasing control-plane traffic and
data movement frequency. Consequently, effective congestion-aware
scheduling, bandwidth-adaptive function placement, and lightweight
communication protocols are essential to prevent performance degrada-
tion, ensure predictable latency, and maintain scalability in serverless
edge systems.

This paper also raises a number of open questions that are inter-
esting to investigate in the future. Future research directions include
investigating the efficiency of FaasOrc in edge-cloud continuum. Due
to the rapid growth of mobile edge computing, it is important to
jointly consider the heterogeneity of cloud and edge clusters. Second,
it would also be interesting to explore the resilience of serverless
computing where functions and nodes can fail due to different reasons.
For example, we can assume edge nodes may fail with a probability and
investigate how to migrate services from one edge node to another.
Finally, cross-region workload scheduling is another future direction.
Due to the heterogeneity and network condition between different data
centers, less congested regions can offer cheaper and stable options for
executing jobs. It is therefore important for the research community to
investigate the load balancing across data centers.
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Appendix. NP-hardness

Now we show that the Generalized Assignment Problem (GAP) (Chu
and Beasley, 1997), which is known to be NP-hard, can be reduced
to our problem in polynomial time. The GAP problem is assigning a
number of K jobs to a set of J agents with minimum cost. Let w}‘ denote
the amount of resource required by an agent j to perform job k. Also,
dj’.‘ represents the cost of assigning job k to agent j. Let W, denote the
resource capacity of agent j and binary variable x* represent whether
job k is distributed to agent j. GAP can be formalized as follows.

Problem 2.
. k k

min Z Z djx;, (A1)
Jj€J kek

st Y xk=1,vk (A.2)
j€T

K
kk .

Zw]xj < W, Vi, (A.3)

k=1

xf € [0,11,V),Vk. (A.4)

Now we show the equivalence of GAP and a simplified version
of the proposed problem. If a type n request is only generated once
in a node (Y, mZY’ = 1), the communication delay is 0 as we can
distribute the request to the generated node. Also, we destroy the con-
tainer immediately after serving a request. The proposed optimization
problem becomes to minimize the latency ¥ oy X, 0'my, + d"m)),
while meeting the resource constraints 3, \r ¢,m}, < C,. We formulate
the simplified version of the latency optimization problem as follows:

Problem 3.

min Z Z "+ d")m:'m, (A5)
veY neN

s.t. Z mgt =1,Vn, (A.6)
veY ’

Z cnm:’ht <C,, Vv, (A.7)

neN

mZJ € [0,1],Vn,Vo. (A.8)

If we map agents, jobs, job assignment cost dj’.‘, the amount of re-
quired resources wj.‘ and the resource capacity W; in GAP to edge nodes,
service requests, end-to-end latency, container resource demand ¢, and
resource capacity C,, the equivalence of the Problem 1 and Problem
3 is achieved. Hence, the mapping can be done in a polynomial time.

Data availability

Data will be made available on request.
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