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Abstract. Edge computing established itself as a key paradigm to com-
plement Cloud infrastructures by decentralising the processing closer to
where data originates, reducing energy consumption and the amount of
data sent to the Cloud, with further benefits in improving privacy and
latency. This paper proposes dynamic task allocation algorithms for mo-
bile IoT users to offload workloads in mixed Edge/Cloud resources while
optimising quality of service (QoS), cost, and guaranteeing timing con-
straints. Our approach uses CPU reservations, such as those provided by
the SCHED DEADLINE policy, to guarantee real-time constraints and
isolation between mutually untrusted applications potentially belonging
to different tenants. The evaluation reports the impact of various sys-
tem configurations, including node selection, reallocation strategies, and
partitioning heuristics, demonstrating the effectiveness of our approach
in ensuring real-time performance while reducing costs.

1 Introduction

With the growing demand for low-latency and intensive computing for mobile
IoT devices, Edge computing has emerged as a crucial paradigm to complement
traditional Cloud infrastructures. Although Cloud computing provides scalable
resources, it often suffers from high network delays, making it unsuitable for
real-time applications. Edge computing addresses this challenge by leveraging
geographically distributed data centres that are closer to data origin than cen-
tralised Cloud servers, with several typical benefits such as reduced latency and
energy consumption and improved privacy by sending less data to the Cloud [36].

Mixed Edge-Cloud computing can be used by mobile IoT devices [16, 61],
which are often called to offload compute-intensive workloads through the net-
work due to their resource constraints. In this context, designing allocation and
offloading strategies to guarantee timing performance, maximize quality of ser-
vice, and minimize cost is of key importance [46].

Edge and Cloud servers naturally co-locate mutually untrusted applications
from different tenants, potentially exposing each other to potentially harmful



timing interferences that can considerably delay their completion if not properly
handled: in extreme cases, e.g., in case of a cyber-attack or a severe software bug,
malicious applications can monopolize the processing bandwidth, causing a de-
nial of service to co-located applications. The SCHED DEADLINE scheduling
class of Linux [32] provides an effective solution to this issue: it implements the
Constant Bandwidth Server [2], a reservation algorithm that both allows to have
a fine-grained partitioning of the overall CPU bandwidth, while also enforcing
to not exceed the resource assignment.

This setup can be useful for Function-as-a-Service (FaaS) [28] and server-
less functions, where computational workloads are encapsulated in lightweight
and dynamically scalable execution environments, and it is especially useful for
applications requiring real-time processing, such as video analytics, autonomous
vehicle decision-making, and IoT-based events.

Allocation of offloaded applications in Edge-Cloud systems presents several

challenges. On one hand, resource availability at the Edge is inherently limited
compared to the Cloud. The cost of the resources in the Cloud can be higher
than in the Edge, and it introduces a longer network delay, often making the
Edge a better fit. On the other hand, Edge nodes, which are part of smaller-scale
data centres, have limited processing capacity. This creates non-trivial trade-offs
in allocation and offloading process, highlighting the need to optimise resource
allocation.
This paper. Here, we propose new service allocation and offloading algorithms
for real-time applications in Edge-Cloud systems, addressing the noted chal-
lenges. We consider SCHED DEADLINE reservations and partitioned schedul-
ing to provide real-time guarantees and resource isolation in multi-tenant multi-
core edge and cloud nodes. Additionally, partitioned scheduling avoids potential
issues with dynamic voltage and frequency scaling (DVFS) that arise with global
scheduling, as each core voltage and frequency can be scaled independently. Our
key contributions are as follows.

— A comprehensive model of a modern distributed system composed of mobile
IoT nodes that offload computation to both the Edge and Cloud, based on
a task-level model.

— QoS- and cost-aware algorithms for the allocation of dynamic real-time work-
loads offloaded by mobile IoT devices, providing hard schedulability guaran-
tees and dynamic resource scaling to optimise QoS and cost.

— Reallocation techniques for refining existing allocations using fast heuristics
to improve task placement with a low overhead.

— An interval-based allocation method, where requests are buffered and pro-
cessed in batches, reducing decision-making overhead and fragmentation.

— A thorough evaluation of the algorithms and techniques through extensive

experiments

2 Related work

Regardless of the offloading technology (e.g., hypervisors or OS-level virtual-
isation), a key challenge is allocating node resources to virtual environments



Table 1: Comparison of related works with this paper

Related Distributed Real-Time ‘Workload Dynamic
‘Works Guarantees Model resource Scaling
[9,19,24,25,31, No Hard Task No
40,43, 44, 51]
[12,13] No Hard Task No
[7,50] Yes Hard Task No
[48,49, 65] Edge Hard Task No
[14] Edge Hard Task Yes
[39] Edge Soft Task Yes
[8,54] Edge/Fog Soft Task No
[52] Cloud Soft Job Yes
[3,16,27,29, 30, Edge(or Soft Job No
35,38,41,53,61, Fog)-Cloud
66|
[4,6,11,18,21, Edge-Cloud None Job -

26,33,36,42, 46,
55,56, 60, 64, 67]

[5,20,23, 58] Edge-Cloud Soft Job Yes
[57] Edge-Cloud Soft Task No
[17,34,37,59] Edge-Cloud Soft Task (VNF) Yes
[45] Edge-Cloud Soft Task (container) No
[15] Edge-Cloud Hard Job No
This work Edge-Cloud Hard Task Yes

hosting the offloaded applications. This requires good trade-offs to avoid both
resource over- and under-provisioning. The problem of optimising resource allo-
cation to maximise the utility of real-time applications has been studied in prior
work. Q-RAM (QoS-Aware Resource Allocation Model) [43] models multiple
real-time applications on a single node. It was later extended to more complex
cases [44], including discrete CPU allocations [31] and multi-core systems [24,25].
However, it does not address distributed systems or Edge/Cloud environments
with offloaded applications from mobile IoT nodes. Timing guarantees for real-
time applications on single nodes are often based on Compositional Scheduling
Frameworks (CSF) [9, 19, 40, 51], which may lead to resource over-allocation.
Other works consider local load balancing with real-time guarantees on multi-
core embedded systems [12,13], but do not address distributed or Edge-Cloud
environments.

In Edge-Cloud related studies, some works address real-time constraints, aim-
ing to meet deadlines [3,5,15-17,20,23,27,29,30,35,38,41,53,58,61,66]. However,
these approaches typically model tasks as jobs that are executed and completed
upon offloading. In contrast, our work considers a task-level model, where tasks
are deployed to Edge or Cloud nodes and continuously process multiple incoming
jobs over time. Some adopt similar task models [45,57], but with soft guarantees.



Other works provide soft or hard real-time guarantees but do not fully inte-
grate with the Edge-Cloud environment. Some are limited to Fog or Edge-only
systems [8, 14, 39, 48, 49, 54, 65|, others target distributed real-time embedded
systems [7,50], or focus on Cloud [52] only. While relevant in localised settings,
these approaches do not address broader resource allocation challenges across
the Edge-Cloud continuum. Specialising in resource allocation for specific appli-
cation classes can improve performance at the cost of generality. For example,
Network Function Virtualisation (NFV) has been explored [17,34,37,59]. These
approaches focus on optimising network-related operations such as routing and
load balancing. Accordingly, they model tasks as NFVs and do not address CPU-
level allocation under real-time constraints.

Buffering and processing tasks in intervals naturally aligns with strategies
like Deferred Acceptance (DA), a classic stable matching algorithm. In DA, tasks
and Edge servers iteratively propose and respond based on preferences until a
stable assignment is reached [42,55]. However, DA aims for stability, not optimal
allocation or offloading based on QoS or schedulability. It proceeds in multiple
rounds, making it less suitable in real-time systems with frequent task arrivals.
Several works in the literature have tackled task scheduling and offloading in
Edge or Edge-Cloud systems with the goal of minimising latency, but without
enforcing real-time guarantees [4,6,11,18,21,26, 33,36, 46, 56,60, 64,67|.

To our knowledge, this is the first work that supports hard real-time guar-
antees for task-level models, mobile, multi-tenant workloads in Edge-Cloud sys-
tems, with QoS- and cost-aware allocation, and dynamic scaling (see Table 1).

3 System model and problem definition

We consider a smart mobility system where connected mobile IoT nodes (e.g.
vehicles) dynamically request services, such as data aggregation or analytics,
to nearby Edge domains. These IoT nodes move through different geographic
locations, such as urban road segments or highway sections, where Edge domain
nodes are deployed to provide low-latency computation.

We consider a reactive scenario where mobile IoT nodes enter a new ge-
ographic area and request some services for computation-intensive tasks. For
example, for vehicles, the example applications include traffic density estimation
or road condition monitoring. The service orchestrator must decide where and
how to allocate the services. Once selected, the requested service is deployed as a
containerised microservice or a Function-as-a-Service (FaaS) function, allowing
for rapid instantiation. The mobile node then establishes a connection to the
offloaded service, ensuring continuous processing as it moves in the network.

System definition. The system is composed of a dynamic set C of Cloud nodes
and a dynamic set £ of Edge nodes. A Cloud node is, in general, a virtual ma-
chine, while an Edge node can either be a whole computing (physical) platform
or a virtual machine running on a shared cluster of Edge nodes (e.g., accessed un-
der a rental /leasing scheme). Edge nodes are partitioned into multiple domains,
where &, denotes the Edge nodes within the k-th domain, denoted by Dj. The
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Fig. 1: Offloading example from mobile nodes to Edge/Cloud.

Edge nodes within the same domain share the same capabilities in terms of radio
connectivity (e.g., they are connected to the same radio station), meaning that
they can all communicate with the same set of IoT nodes. As IoT nodes move
within the environment covered by the system, they can change the domain to
which they connect. Furthermore, the fact that the set of Cloud nodes and the
set of Edge nodes are dynamic means that Cloud nodes and Edge nodes can
be powered on or off depending on the current service requests by IoT nodes.
For each domain, an orchestrator node is considered to determine a suitable
allocation for each service requested by IoT nodes. An overview of the system
architecture is shown in Figure 1.

Resource model. Each node N, in & or C includes M, processor cores (either
virtual or physical) and implements partitioned Earliest Deadline First (EDF)
scheduling [10]. The x-th core of N, is denoted with ¢, , € C,, where C, de-
notes the set of cores in N,. Both Cloud and Edge nodes run a dynamic set
of applications composed of multiple tasks, each encapsulated within a reser-
vation server (e.g., implemented by the SCHED DEADLINE [32] scheduler in
Linux). While mainline SCHED DEADLINE maps one reservation per task,
hierarchical SCHED DEADLINE [1] allows encapsulating multiple tasks. Each
node N, € £UC is characterised by a corresponding set of allocated reservation
servers R4. Similarly, we denote the set of reservations allocated to core ¢g 4 of
node N, in domain Dy, by Ry ..

Workload model. Each application 7; is modelled as a triplet (Q;, P;, m;) and
is served by m; reservation servers r;, each allocated on a different core of the
node, with the same budget @); and period P;. This follows the parallel task
execution model (see [19] for more details on how to configure these parameters
in order to guarantee timing requirements). The set of applications running on a
node Ny is denoted by I'(N,). The set of applications on each node is dynamic
because applications can be activated or deactivated depending on the current
services requested by IoT nodes.

We consider a predefined set of applications available for ofloading. When a
user requests one of these applications, a dedicated instance is deployed to serve
that request. Once instantiated, this instance is referred to as a service. The
service remains persistently deployed, processing requests from the user until a
deallocation is triggered.



Dynamic scaling. [oT nodes dynamically issue service activation and de-
activation requests to the domain to which they are connected. We assume that
each service S; is provided by the system in two quality-of-service (QoS) modes:

— Standard: The service S; is entirely provided by an application 7; running on
an Edge node. This mode allows the service to be offered with the highest
QoS, and not using the Cloud nodes prevents any additional latency.

— Reduced: The service S; is cooperatively provided by both an Edge and a
Cloud node, through two corresponding applications 7% and 7. The Edge-
side component 7 handles communication with the requesting IoT node,
while the compute-intensive logic is offloaded to the Cloud-side component
7. This mode introduces additional latency due to Cloud communication
and therefore results in reduced QoS. While the service remains functional in
reduced mode, not only is part of the application offloaded to the Cloud and
it may suffer from lower responsiveness, but the application itself may also
adapt its internal behaviour to operate under constrained conditions. For
example, a video analytics service may reduce its frame rate or processing
resolution, or a sensing application may lower its sampling frequency.

Satisfying a service activation request requires finding first an Edge node to
which a new application 7; can be allocated, passing an admission test. If the
allocation is successful, the service is provided with standard QoS. Otherwise,
three options are available:

1. Offer the service with Standard QoS by powering on a new Edge node in the
requested domain (if available), allowing allocating 7; to execute the service;

2. Offer the service with Reduced QoS by finding an Edge node and a Cloud
node to allocate 77 and Tic , passing two corresponding admission tests with-
out powering on a new node;

3. Offer the service with Reduced QoS by both finding an Edge node to allocate
7F and powering on a new Cloud node to allocate 7.

Conversely, satisfying service deactivation requests implies deallocating the cor-
responding application(s). These events may trigger a reallocation of applications
to reduce the number of active nodes or improve the QoS of some service(s).

Admission test. When a service request .S; is received, the domain-specific
orchestrator node is responsible for finding a suitable allocation for the corre-
sponding application that satisfies the resource requirements, assessed by sub-
mitting it to an admission test to evaluate the schedulability conditions. Par-
titioned SCHED DEADLINE reservations, based on the EDF schedulability
theory [10,32], are capable of providing a guaranteed processor bandwidth and
a worst-case service latency to the workloads they serve by guaranteeing a bud-
get of (); time units of service every period P;, provided that the sum of the
requested bandwidths of all the reservations served on each core is less than
or equal to one. Please refer to [19] for more details on schedulability analy-
sis (MPR analysis), and determining the budget and period that guarantee the
application-specified deadlines.



Standard Mode. Since each application is composed of a triplet (Q;, P;,m;),
mapped to m; reservations with bandwidth «; = Q;/P;, the application 7; cor-
responding to the incoming service request S; can be feasibly allocated in a given
domain Dy, if and only if

IN,epTorce,|Chl = mi AVe, eor Y oy +a; <1, (1)
T’jEquz

with Cy being an arbitrary subset of C; of size m;. Note that a feasible allocation
cannot be obtained if the node was overloaded before issuing the request.

Reduced Mode. When an Edge-Cloud split solution is applied, S; is applied at a
reduced QoS mode, which is characterised by two applications 7 (Edge) and
¢ (Cloud) with two sets of SCHED_DEADLINE parameters: (QF, PP mF) and
(QY, P, m¢). The first set of parameters refers to the part of the application
running on the Edge 7 with the purpose of coordinating the work that occurs
in the Cloud. Clearly, the parameters (QF, PE mZF) are characterised by a much
lower budget and possibly a lower number of required cores than for the case of
an Edge allocation, as the actual computation occurs on more powerful platforms
in the Cloud. This allows favouring the allocation at the Edge: indeed, if Eq. (1)
is not satisfied for a given domain Dy, it could be satisfied with the reduced QoS
mode. Thus, the admission of the service in the reduced QoS mode, composed
of two applications 7 and Tic , must pass two admission tests: (i) the admission
test for 7 at the Edge, reported in Eq. (1), applied using o = Q¥ /PF instead
of ay; (ii) a similar admission test for 7C in the Cloud, reported in Eq. (2):

/ c c c
InecToyce, |Chl = mi AVe, Lec, Z aj +a;i <1, (2)
Ti€Rq,x

where af = QY /PF. The admission test in Eq. (2) may fail if the computing
resources are not enough to accept the new application. To handle admission con-
trol, it is convenient to keep the cores ordered according to standard bin-packing
heuristics: best-fit (BF'), considering cores ordered by decreasing utilisation; or
worst-fit (WF'), considering cores ordered by increasing utilisation.

Service migration. Whenever an IoT node leaves the area covered by a domain
D, and enters the one covered by a domain Dy, it disconnects from D, to connect
to Dy. As a result, all services activated by the IoT node on D, need to be
migrated to Dy. Migration consists in (i) issuing a service deactivation request
to D, and (ii) issuing a service activation request to Dy. Note that the migration
process can lead to improving or reducing the QoS of a service.

System cost and overall QoS. Powering on a new Cloud or Edge node has
a monetary cost, e.g., charged by the Cloud/Edge providers. We consider the
instantaneous cost of the nodes that are powered on at any time by means of two
parameters: 7% (m), denoting the cost for each Cloud node with m cores, and
~vE(m), denoting the cost for each Edge node with m cores. The overall system
cost is hence given by

Y= AE (M) + Y A (My). (3)

N,e€ NeC



Cost is related to the overall QoS of the services activated by IoT nodes. Each
service S; is weighted by an importance factor 5; € [0,1] and assigned a QoS
value WS if running with Standard QoS, or WRed  if running with Reduced
QoS. It represents the reduction in QoS when service S; switches to reduced
mode. Given a set S of services that are active at a certain time, the overall QoS
at that time is defined as

‘/Vmt = Z 52 X Wi, (4)

S;eS

where W; is either equal to WS or WEed depending on QoS of the service S;.

Problem definition. The objective of this work is to design algorithms to
handle dynamic scaling and service migration that aim to maximise the QoS per
cost ratio Wt /ytot,

4 Service orchestration algorithms

In this section, we introduce the service orchestrator, which is responsible for
the allocation of incoming services to maximise QoS while minimising cost. It
also manages service deallocation and continuously monitors and controls the
QoS and cost efficiency of the system.

4.1 Arrival of a new service request

Our proposed algorithm processes incoming service requests immediately upon
arrival, aiming to allocate resources efficiently while prioritising Edge computing
(due to its low latency). When a request is received in an Edge domain Dy, the
algorithm first attempts to allocate the service to Dy in standard mode. If the
allocation fails, the algorithm considers alternative strategies to accommodate
the request, which are: (a) using the reduced QoS mode for the incoming service
request, allocating two interacting applications 7% and 7€, one at the Edge and
one in the Cloud, respectively, or (b) reallocating another, previously allocated,
service S, possibly involving reducing its QoS mode, to make room for 7;. If
neither strategy succeeds, the algorithm proceeds to (c) scale up resources by
powering on additional Edge or Cloud nodes, thereby increasing the system cost.
When no more Edge nodes are available, a Cloud node will be powered on. The
following subsections provide details of each strategy. In the final subsection, we
detail the algorithm and how these strategies are employed.

Allocation on the Edge The allocation produces the first attempts to allocate
the application in standard mode counsidering the triplet 7; = (Q;, P;,m;). To
this end, the algorithm uses the residual per-core reservation bandwidth as a
metric, which, for a core ¢4 5, is defined as U, , = 1 — ereRq,z a. First, the
algorithm filters out all nodes N, € Dy, that do not satisfy Eq. (1), that is, those
that are characterised by U, , < a; for more than M, —m; cores. The remaining



nodes are said to be eligible and denoted by D) C Dy. If D;. # (), the application
can be allocated in the standard mode in at least one of the nodes in the current
edge domain. However, there may be multiple choices for allocating 7;, both in
terms of nodes and cores within the nodes. Different choices lead to a different
system configuration, which may be more or less prone to host the allocation of
future workloads.

Node selection strategies for Edge allocation. We first consider the order
of nodes in Dj by which to perform the selection of nodes. These strategies
select nodes from D), and require Cy, the subset of cores in Eq. (1) that satisfies
the admission control. The subset Cj is identified by means of a partitioning
heuristic, either worst-fit or best-fit: as such, variants of the strategies reported

next can be obtained by combining them with different partitioning schemes.

— Max-Max Residual Bandwidth (MMRB). maxy, e p;, MaXe, ,ec; Ugo:
Considers the maximum residual bandwidth among all cores C’(’I in all eligible
nodes. The node is selected with a rationale of privileging nodes with lightly
loaded cores.

— Min-Min Residual Bandwidth (mmRB). miny, ep; mine, ,ec; Uga:
Considers the minimum residual bandwidth among all cores CL’] in all eligible
nodes. The node is selected with a rationale of filling the cores in a node.

Edge-cloud split allocation with available nodes It is possible that appli-
cation 7; in the standard mode cannot be allocated for a given service request.
Strategies for allocating applications in reduced mode are hence also required.
In this case, the split application 7F and 7¢ (Edge and Cloud parts, respec-
tively) must pass the corresponding admission tests. The QoS per cost ratio of
the system after allocating service S; using split allocation is given by

Wtot + Bz X WRed
,ytot

; ()

where the total QoS of the system is increased by the QoS of S; admitted in
reduced mode, i.e., 8; x WHe? while the total cost remains the same, as no new
nodes are powered on.

Service reallocation This approach allows to achieve higher values of the QoS-
per-cost ratio Wt /~tt hy reallocating an existing service to a better location,
thus facilitating the allocation of a new service, or moving an existing service
with a lower importance factor to a reduced QoS mode.

We propose two reallocation methods: (i) intra-node reallocation, and (ii)
edge-cloud split reallocation. Intra-node reallocation does not involve a reduction
in QoS of S; but is characterised by an increasing reallocation delay.

(1) Intra-node reallocation is defined as follows. When a new service S; needs
to be admitted, another service S; is selected to be reallocated. The algorithm
first checks if there exists another set of cores within the same node that allows



both S; and S; to pass the admission test. This is done by first trying to allocate
S; and then S; using the algorithms discussed previously.

(ii) Edge-cloud split reallocation is a second variant. Instead of reducing the
QoS of S;, it checks if it is possible to allocate both TJE and ch in such a way
that both pass the admission test. Reallocating a service S; in reduced mode, to
allow the new service S; to be served at the Edge, leads to the following tentative
value of the objective function:

Wtot 4 Bz X WStd o Bj X (WStd o WRed) (6)
,ytot ’

where the contribution from the new service S; in standard mode is added (3; x
WSt) while the QoS of the pre-admitted service S; is adjusted by subtracting
the difference between its standard and reduced modes. The cost remains the
same, as no nodes are powered on or off.

Next, we present several strategies to select the service S; to be reallocated,
among those in a given node N, € Dj,.

— Lowest Bandwidth service (LB). This strategy reallocates the service
characterised by the lowest per-core o, meaning the reallocated service has
low bandwidth. It is helpful to perform the reallocation as smaller tasks can
lead to fragmentation if not placed efficiently.

— Lowest Importance service (LI). This strategy considers the importance
factor, i.e., 8;. This strategy is used for split reallocation only and reduces
the W** reduction.

Powering on edge or cloud nodes Powering on a new Edge or Cloud node
comes with a monetary cost and, therefore, a negative effect on the objective
function Wt /4t However, allocating a new service increases the value of
the objective function. Therefore, whether it is more convenient to perform a
reallocation, power on a new Edge node, or power on a new Cloud node is based
on the variation in the objective function. If a new Edge node with M, cores is
powered on (i.e., rented) for serving S;, then the objective function is:

Wtot + 61 x WStd (7>
Yt + P (M)
where the system cost increases by the cost of the newly rented domain node
vE(M,), while the total QoS increases by 3; x WSt from allocating the new
service S; in standard mode.

If a new Cloud node with M, cores is powered on to admit .S; with Edge-
Cloud splitting, the objective function becomes:

Wtot + ﬂl X WRed
,ytot + ,YC(Mq) ’
where the system cost increases by the cost of the newly rented Cloud node

7% (M,), while the total QoS increases by 3; x WEed from allocating the new
service S; in reduced mode.

(8)
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Algorithm 1 Pseudo-code of the service allocation algorithm.

1: function ALLOCATE(S_i, D_k, realloc)

2: if (Allocate_Edge(S;, Di)) then

3: return ALLOCATED

4: if (realloc) then

5: for each N, € D;, do

6: if (Intra-node_reallocation(S;, Ny)) then
T return ALLOCATED

8: if (Eq. (6)> Eq. (7) and Eq. (6)>Eq. (5)) then
9: for each Ny € D, do

10: if (Edge-Cloud_split_realloc(S;, Dy)) then
11: return ALLOCATED

12: if (Eq. (5) > Eq. (7) ) then

13: if (Allocate_edge_cloud_split(S;, Di)) then
14: return ALLOCATED

15: else if (Eq. (7) > Eq. (8) ) then

16: if (Scale_edge(S;, Di)) then

17: return ALLOCATED

18: else if (Admission_test(S;,Dy)) then

19: if (Scale_cloud(S;, D)) then

20: return ALLOCATED

21: return REJECTED

Service allocation algorithm The overall allocation procedure can be de-
fined by combining all the strategies introduced above and is summarised in
Algorithm 1. The algorithm starts with the standard mode allocation at Line 2
by finding a node that satisfies the admission test of Eq. (1). If this fails and
realloc is true, i.e., reallocation is enabled, it proceeds with reallocation from
Line 5. Otherwise, the algorithm proceeds with Line 12. For each node, an ex-
isting service S; from the node is selected for intra-node reallocation according
to the reallocation strategies in Section 4.1. If intra-node reallocation fails for
one node, reallocation will be re-attempted with the next node. If intra-node
reallocation is unsuccessful for all the nodes, the algorithm must decide between
Edge-Cloud split reallocation, Edge-Cloud split allocation, or powering on a new
Edge or Cloud node. To prioritise these options, the cost function is computed
for each method (Equations (5)-(8)) and used to make a decision.

The algorithm attempts an Edge-Cloud split reallocation (Line 10), if the
split reallocation objective function meets the condition (Line 8), i.e., split real-
location provides a higher QoS per cost ratio than split allocation and powering
on new nodes. If it fails, the algorithm attempts an Edge-Cloud split allocation
(Line 13) if its cost function meets the condition (Line 12). If Edge-Cloud split
allocation fails, whether the admission test on the Edge or the Cloud has failed,
the algorithm attempts to scale up the Edge domain by powering on a node
(Line 16), provided that it guarantees a higher QoS per cost ratio than split
allocation (Line 15). If it is successful, the service will be allocated in standard
mode. If scaling up the Edge nodes fails, i.e., there are no domain nodes available

11



(or the condition at Line 15 is not satisfied), if the admission test of the task
(i.e., 7F) is already passed on the Edge, and the cost function has a value higher
than Edge-Cloud split reallocation (Line 18), a Cloud node will be powered on.
However, if the admission test of 7 fails on the Edge, the service is rejected
(Line 21), remains on the device, and continues local execution. The device may

request allocation again later.

4.2 Exit of a service

When a service S; exits an Edge domain Dy, the corresponding reservations are
deallocated. Furthermore, an exit event allows for improving QoS by reallocating
a service that was allocated in reduced mode to standard mode. We call this ac-
tion service upgrade. To this end, we consider the Highest QoS improvement
(HQ) strategy, which selects the service S; with the highest QoS improvement
(subject to the importance), i.e., with the highest 8; x (WStd — pyRed),

Services are considered only if allocated in reduced QoS mode. The selected
service S; is then tried to be allocated to the Edge with the algorithms of Sec-
tion 4.1. Furthermore, once an Edge or Cloud node becomes empty due to a
service exit, the corresponding physical machine can be turned off, reducing the
overall cost y%¥°t.

4.3 Interval-based service orchestration

An advanced approach is proposed to enhance allocation capabilities. Dealloca-
tion events are processed immediately, while allocation events are buffered and
processed at the end of a fixed time interval of length A. At the end of each
interval, the algorithm sorts the buffered allocation requests based on Highest
Importance Lowest Bandwidth-Core (HILBC), prioritising services with
higher importance per required utilisation ratio. The sorted requests are then
processed sequentially, each as described in Algorithm 1.

This approach improves efficiency by ensuring that resources are immediately
freed when a service exits, making them available for new requests. Buffering
allocation events allows the system to make more strategic placement decisions,
reducing suboptimal allocations caused by frequent and unpredictable arrivals.
This is particularly important in online settings as considered in this work, where
decisions must be made without knowledge of future workloads, where optimal
scheduling has been shown to be impossible in general [22].

Since allocation requests are delayed by up to some amount of time A, careful
selection of the interval is critical to maintain responsiveness. A small A ensures
near-immediate processing but limits batching benefits, leading to more frequent
allocation decisions. In contrast, a large A improves efficiency by allowing bet-
ter decisions, but introduces noticeable delays in service allocation. Thus, this
interval must be adjusted based on the latency constraints of the services.

To further prevent excessive queueing delays, buffering can be paused if the
number of pending allocation events reaches a pre-defined threshold. For this
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Algorithm 2 Psuedo-code for Interval-Based Task Allocation

1: function INTERVAL BASED ALLOCATE(A, ths)
2: T < current_time + A

3: while true do

4: while current_time < 7T or length(buffered_events) < ths do
5: if new event then

6: buffered_events.append (event)

7: for event in buffered_events do

8: Sort (buffered_events)

9: ALLOCATE (event.Domain, event.Service, realloc)
10: buffered_events.clear()

11: if length(buffered_events) == ths then

12: T <+ current_time +A

13: else

14: T+ T+ A

reason, the interval of length A is either periodically repeated or ends prema-
turely when the threshold is reached. The threshold is determined based on the
latency tolerance of the application, ensuring request backlogs do not grow too
large, leading to degraded performance.

Algorithm 2 illustrates the interval-based service allocation. The algorithm
buffers incoming requests until either a time 7" or threshold ths is reached before
scheduling them. It begins by initialising the buffering window by setting T =
current_time + A (Line 2) and then enters an infinite loop to continuously
handle incoming tasks (Line 3). The algorithm waits until one of the two stop
conditions is reached ths (Line 4). While waiting, if a new event arrives, it is
added to the buffer (Lines 5-6). Once exiting the waiting loop, buffered events
are sorted by HILBC. All buffered events are processed sequentially (Line 7)
by function ALLOCATE from Algorithm 1 (Line 9). Then, the buffer is cleared
(Line 10). Also, if the number of buffered events reached threshold ths, the
buffering window is reset to the current time plus A (Lines 11-12). Otherwise,
the buffering window repeats periodically to end at time T + A in the next
iteration (Line 14).

5 Evaluation

We conducted experiments to demonstrate and compare the effectiveness of the
proposed algorithms in managing resource scaling and allocation. To achieve
this, we base our experiments on a realistic use case following the system model
of Section 3. According to our use case, under normal conditions, vehicles enter
the system in a predictable manner, following planned routes and expected ac-
tivation patterns. The system efficiently handles offloading and migration, and
all algorithms may perform similarly. However, in dynamic conditions, such as
sudden congestion during rush hours or unpredictable user mobility, the work-
load can fluctuate significantly. To evaluate algorithm performance in real-world
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settings, we introduce abrupt changes in user behaviour, including random un-
predicted vehicles requesting services.

5.1 Experimental setup

To perform these experiments, we must generate services, users, system config-
urations, and events based on user behaviour. We begin by generating a set of
services that run on both Edge domain and Cloud nodes and are required by
the users. Next, we establish an initial estimation of user behaviour to gener-
ate the system’s initial configuration, ensuring sufficient resources based on the
estimated user behaviours. Finally, we generate a series of events that are con-
strained by the user’s behaviour, and within each series, we gradually introduce
unexpected user behaviour.

Service generation. We generate 100 services where the period P; of the ser-
vices is randomly selected in a range from 100 ms to 1000 ms, with a step of
100 ms, with uniform distribution. To adjust the budget, the bandwidth («;) of
each service is randomly and uniformly selected from 10 % to 80 %, and then
each budget is computed accordingly (Q; = «; X T;). The number of cores (m;)
for each service is randomly selected from 1 to 8, with uniform distribution.

The importance factor for each service is a unique number between 1 and 100,
which are randomly assigned to the services. Furthermore, we need to generate
the number of cores and bandwidth to allocate the service with Edge-Cloud
splitting in reduced mode. In this case, as the application running on the Edge
is mostly responsible for connectivity and offloading the request, for the Edge
part we consider m¥ = 1 and bandwidth af = «;/2. For the Cloud part, we
consider af = «;/2 and m¢ = max(m; — 1,1). For QoS parameters, we consider
WSt =1 and Whed = .5.

User generation. We consider a total of 300 types of users that can connect
to the domains in our system. Each type of user passes a random number of
domains, in a random order.

Multiple user instances, referred to in the remainder as just users, can be
generated for each user type. Users may join and leave the system over time and
remain connected to the system for a variable amount of time called active time.
The active time of the user type is chosen from a range of 20 to 60 minutes. We
assume that each user distributes their active time equally across the domains
they connect to. For example, if a user connects to five domains and their total
active time is 50 minutes, they will spend 10 minutes in each domain.

Each user type is characterised by a minimum and maximum inter-arrival
time between consecutive connections to the system. The minimum inter-arrival
time of each user is chosen randomly with a uniform distribution between 1.25
and 4 times its active time. The maximum inter-arrival time is randomly chosen
between 2 to 4 times its minimum inter-arrival time. Each user can request
between 15 and 20 randomly assigned services.

System parameter generation. We consider 10 Edge domains. We initialise
each domain with 1 node. We assume that all nodes within a domain are homo-
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Algorithm 3 Pseudo-code for Baseline Service Allocation

1: function BASELINE ALLOCATE(S;, Dy)

2: if (Allocate_edge(S;, Di)) then
return ALLOCATED

if (Allocate_edge_cloud_split(S;, Dy)) then
return ALLOCATED

return REJECTED

geneous, with 8 or 16 cores. We set the cost of a core in Edge and Cloud nodes
to 1 and 3, respectively, reflecting the relative cost difference between the two
types of nodes in a simplified manner.

Event generation according to early estimation of user characteristics.
Each event includes the user’s arrival time (constrained by the minimum and
maximum inter-arrival time), their total active time, the order in which they
traverse domains, time spent per domain, and the services they require. During
event generation, each user is assigned an arrival time and a randomly deter-
mined order for the domains they will traverse. Other parameters, such as total
active time and service requirements, are predefined user characteristics. A series
of events includes a total of 1000 events per user.

Event generation with unpredictable user behaviour. We generate addi-
tional random events, where we add some random unpredictable users requesting
for random services to observe algorithm performance when there are unexpected
workloads and events. To maintain control over the level of extra workload, we
use the first generated series of events from the previous step and gradually in-
crease the total user active time and utilisation in the system. We compute the
active time of each user times its requested utilisation and accumulate across all
users and we call it workload.

In the first series of events, we increase the workload by 20% by generating
more requests for random services in different domains. We call this additional
workload extra workload. Then, the workload of the second series of events is in-
creased again by 20% to generate the third set of events with 40% extra workload.
This procedure continues to create some series of events with extra workloads
ranging from 20% to 200% with a step of 20%.

Real-world mobility dataset To incorporate real-world workload characteris-
tics, we used the T-Drive Trajectory dataset [62,63], which contains GPS traces
from 10,357 taxis in Beijing, with approximately 15 million location points. Since
no dataset provides vehicle mobility along with domain assignments, service re-
quests, and resource usage, we synthesised the missing components. We randomly
selected 10 fixed locations as domain centres and generated a timeline of domain
connections for each taxi. Service requests were also generated synthetically for
each vehicle. To study the impact of workload density, we derived multiple ver-
sions of the dataset by randomly selecting subsets of users (e.g., 10%, 25%, 50%,
75%, and 100%) and repeated the experiments for each configuration.
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5.2 Evaluation criteria

We measure QoS, cost, and QoS per cost over time after each allocation or
deallocation event. The values of these metrics are computed by multiplying
the metric values by the time interval during which the system maintained that
value. The accumulated values across all intervals are then averaged over time,
providing a representative long-term measure of the system performance. For
each experimental configuration, we compute the average values of these metrics
for different levels of extra workload in the system. The results are then visualised
by plotting the average values per extra workload according to the configurations
of each experiment.

Baseline algorithm for comparison To evaluate the effectiveness of our algo-
rithm, we compare it with a baseline algorithm that follows a simpler allocation
strategy. The baseline is a reference point to measure QoS, cost, QoS per cost,
and runtime. The baseline service allocation in Algorithm 3 tries to allocate a ser-
vice S; to a domain Dy, by following a structured approach that prioritises Edge
nodes before the split allocation. The process starts by trying to allocate the
service on the Edge node using Allocate_edge (Line 2). If successful, it returns
ALLOCATED. If edge resources are insufficient, the algorithm considers partial task
allocation across Edge and Cloud resources using Allocate_edge_cloud_split
(Line 4). If none of these succeeds, the task is rejected (Line 6).

Additionally, we assume a different node selection strategy for the baseline,
which selects the first node, where the admission test is satisfied. Our experi-
ments demonstrate that best-fit and worst-fit perform similarly. Therefore, we
use best-fit for the baseline in our subsequent comparisons.

We assume that two cloud nodes are reserved for the baseline in all experi-
ments. In the following setups, we define a maximum scaling size, which repre-
sents the upper bound on the total number of cores available within a domain.
For the baseline, we assume that all these cores are pre-reserved and remain
fixed throughout execution.

5.3 Evaluation results

The mmRB and MMRB node selection methods, as well as the BF and WF
partitioning heuristics, showed similar performance. Thus, we report results only
for the BF and mmRB methods in the rest of the experiments.

Reallocation evaluation In this part, we evaluate the strategies used in the
algorithm to evaluate their impact on the allocation efficiency and runtime of
the algorithm compared to the baseline. Fig. 2 shows the performance for a node
size of 8, where we assume a maximum threshold of 32 cores in each domain. We
evaluated the impact of reallocation and dynamic scaling by comparing three
configurations: (1) the baseline, which uses fixed reserved resources (32 cores per
domain); (2) the enhanced baseline (e-baseline), which enables dynamic scaling
but disables reallocation; and (3) the full version of our algorithm, including
dynamic scaling and reallocation.

16



1601
1404

)
Q 120

o

1001

801

Fig. 2: Comparison among baseline, e-baseline, and our

160

140

% 12
S 0

100

80

- o- with reallocation

»——=x e-baseline

340
320+
o
3 300
(5]
2801

260 -

50 100 150
extra workload (%)

(a)

200

- - size=8

- - size=16

50 100 150
extra workload (%)

(b)

200

e-baseline _size=8

&%
¥

3001
2904
-
7]
O 280
[¥]
2704
2604

50 100 150 200

extra workload (%)

(a)

50 100 150 200

extra workload (%)

(b)

»—=x baseline

0.50
@ 0.45
go.
2 0.40
[
2035
S 0.30
go
0.25

0.20

0 50 100 150

extra workload (%)

(c)

200

algorithm with reallocation

»— baseline _size=16

0.50
@
o 0.45
o
@ 0.40
o
w0 0.35
o
030

0.25

50 100 150 200

extra workload (%)

()

Fig. 3: Comparison of our algorithm against e-baseline for node sizes 8 and 16.

E-baseline. Fig. 2b indicates a more than 20% cost improvement over the base-
line. That is, dynamic resource allocation prevents under-utilisation of the re-
sources and reduces the cost by releasing resources when not used. On the other
hand, Fig. 2a illustrates that the QoS of the system is similar to the baseline.
Fig. 2¢ shows that QoS per cost can be improved by nearly 5% on average, and
by 19% when there is no unpredicted workload in the system.

With reallocation. Fig. 2a illustrates that the QoS of the system improves
slightly with reallocation strategies. This is because, by reallocation, more ser-
vices can be allocated without powering on a new node. Fig. 2b indicates that
reallocation strategies have the same cost. Fig. 2c shows that QoS per cost can
be improved compared to the baseline by almost 41% at 0 extra workload, and
28% at 200% extra workload, i.e., 20% and 22% higher improvement compared
to e-baseline, when there are 0 and 200% extra workload, respectively. This is
due to improving QoS by admitting more services with high QoS.

Algorithm evaluation with immediate event handling The next experi-
ment evaluates the performance of the proposed algorithm where reallocation is
enabled. Each node has 8 cores, and events are processed once they arrive. The
scaling threshold varies. Here, we only compare with the baseline to quantify the
differences between different methods and evaluate their impact.
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Fig. 4: Comparison of our algorithm with reallocation against baseline

Impact of node size on performance. Fig. 3 depicts the performance of the
proposed algorithm compared to the e-baseline across different sizes of nodes.
The maximum scaling threshold is 32 cores. This impact is also evaluated com-
pared to the e-baseline. As shown in Fig. 3a, the QoS is reduced in e-baseline
when the node size increases from 8 to 16, while this reduction is negligible when
deploying reallocation in the algorithm. Fig. 3b depicts that with reallocation,
the achieved cost can be lower in node size of 8, while the e-baseline and real-
location based algorithm perform similarly in node size of 16. Finally, Fig. 3c
shows that with lower node sizes, we can achieve higher QoS per cost due to
both lower cost and higher QoS.

Impact of maximum scaling size on performance. Fig. 4 illustrates the
performance of the algorithm with different maximum scaling thresholds com-
pared to the baseline, where the number of available cores can be 16, 32, 64, and
128. As shown, QoS, cost, and QoS per cost increase by increasing the maximum
scaling size in domains or the workload but, our algorithm performs better in
all aspects.

Fig. 4a illustrates that the proposed algorithm achieves a higher QoS than
the baseline. When the maximum scaling size increases from 16 to 128, the QoS
improvement decreases from 10% to 0%,at 0 extra workload, and decreases from
33% to 8%, at 200% extra workload. This is because with higher core counts in
the system, the baseline has abundant resources to allocate the service, hence
the QoS increases. Fig. 4b shows that the algorithm reduces the cost. When the
maximum scaling size increases from 16 to 128, the cost reduction is increased
from 13% to 57%, at 0 extra workload, and increases from 9% to 35%, at 200%
extra workload. The higher costs in the baseline at larger scaling sizes are due
to the increase in reserved nodes from 2 to 16 per domain. In the proposed
algorithm, the smaller cost reduction under higher workload randomness is due
to the need for powering on more nodes, which raises overall cost. Finally, Fig. 4c
shows that, when the maximum scaling size increases from 16 to 128, the QoS
per cost improvement increases from 15% to 136% at 0, and increases from 10%
to 54%, at 200% extra workload.
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Fig. 6: Comparison of interval-based method against baseline and e-baseline with in-
terval length of 30 ms.

Runtime of the algorithm. The experiments were conducted on a machine
with an Intel Core i7-9750H processor (6 cores, 12 threads, 2.60 GHz) and 16
GB of DDR4 RAM. The algorithms are configured in different maximum scaling
sizes, where the number of available cores is 16, 32, 64, and 128. The worst ob-
served runtime of the e-baseline reaches 70 us, while the typical runtime remains
below 20 us. The worst observed runtime of the algorithm, including reallocation
reaches 120 us, while the typical runtime remains below 40 us, which is accept-
able for applications in our use case. Plots are omitted due to space limits.

The reallocation step has a time complexity of O(m - n), where n is the
number of nodes and m is the number of pre-allocated services per node. Each
strategy evaluates all pre-allocated services on a node to select a reallocation
candidate, resulting in O(m) complexity per node.

Impact of Cloud monetary cost and WSt /I Red | Ag the Cloud-to-domain
cost ratio increases, the cost rises for the baseline and our algorithm. As the
WSt /) Red patio increases, the QoS improvement of our algorithm increases,
while the cost remains the same. Plots are omitted due to space limits.
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Algorithm evaluation with interval-based event handling The goal of
this experiment is to evaluate the performance of our algorithm when realloca-
tion is disabled and event buffering is enabled. Each node has 8 cores. In these
experiments, we assume no threshold on the number of buffered events, as each
is typically handled in under 20us, making the buffering delay negligible.

Impact of interval length on performance. Fig. 5 illustrates the perfor-
mance of the algorithm in different interval lengths compared to the baseline,
where the maximum scaling size of the nodes is 16 and the interval length is
5, 10, 20, 30, and 40 ms. Fig. 5a illustrates that when the interval length is
increased from 5 ms to 40 ms, the achieved QoS improvement of the proposed
algorithm increases from 13% to 36% at 0 extra workload and from 22% to
33% at 200% extra workload. The increase in the QoS improvement with the
increasing interval length is because a longer interval allows more events to be
deallocated and more arrivals to be buffered, enabling better allocation deci-
sions. Similarly, Fig. 5b shows that the algorithm decreases the cost by 9% for
200% extra workload at any interval length. Finally, Fig. 5¢ shows that with
interval length increasing from 5 and 40 ms, the algorithm achieved QoS per
cost increases from 24% to 39%, at 0 extra workload and increases from 29% to
40% at 200% extra workload.

Impact of interval-based allocation. Fig. 6 illustrates the performance of
the algorithm with and without reallocation with an interval length of 30 ms
and a maximum scaling size of 16, compared to the baseline, e-baseline.

Fig. 6a illustrates the system QoS, where the interval-based algorithm achieves
27% and 30% higher QoS than the e-baseline at 0 and 200% extra workload, re-
spectively. This shows that as the extra workload increases, the interval-based
algorithm outperforms both the baseline and e-baseline. This improvement is
likely because more events arrive within each interval, allowing for more effec-
tive QoS-driven allocation decisions. Fig. 6b shows that the algorithm decreases
the cost slightly lower than the e-baseline, while maintaining QoS. Finally, Fig. 6¢
shows that the algorithm improves QoS per cost by 25% and 30% compared to
e-baseline at 0 and 200%, respectively.

Fig. 6a shows that interval-based algorithm with reallocation achieves 20%
and 15% higher QoS than the algorithm with reallocation at 0 and 200% extra
workload, respectively, i.e., 34% and 53% higher QoS than the baseline at 0 and
200% extra workload, respectively. As shown, while both the reallocation and
interval-based algorithms individually improve performance, their combined ef-
fect is not cumulative. This is likely because the interval-based algorithm may
introduce sub-optimal allocation decisions, which limit the effectiveness of sub-
sequent reallocation. Fig. 6b shows that the cost is similar to the algorithm
with reallocation. Finally, Fig. 6¢ shows that the algorithm improves QoS per
cost by 17% and 14% compared to the interval-based algorithm at 0 and 200%,
respectively, i.e., 60% and 50% compared to baseline at 0 and 200%, respectively.

Evaluation on the T-Drive Trajectory dataset Fig. 7 shows the perfor-
mance of the algorithm with and without reallocation with an interval length
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Fig. 7: Comparison of algorithms using traces of 5000 taxi from Trajectory dataset.

of 30 ms and a maximum scaling size of 16, compared to the baseline and e-
baseline, using the T-Drive Trajectory dataset. As shown, the interval-based
algorithm with reallocation achieves significantly better performance: It deliv-
ers up to 50% higher QoS when all users are present, requires approximately
10% lower cost, and consequently provides a 80% higher QoS per cost under the
same conditions, compared to the e-baseline. This improvement results from the
QoS gains achieved by the reallocation-only algorithm and the cost reductions
provided by the interval-based algorithm.

6 Conclusion and future work

This paper presents real-time resource allocation and offloading algorithms for
mobile IoT applications in Edge-Cloud environments. By integrating service
allocation and dynamic scaling strategies that leverage SCHED DEADLINE
reservations, our system achieves predictable task execution while adapting to
dynamic workloads. Our experimental evaluation shows that the proposed algo-
rithms outperform a baseline approach. In particular, reallocation and interval-
based allocation strategies show clear advantages in adapting to unpredictable
service demands. Additionally, the runtime analysis confirms the feasibility of
our methods to be used online, showing typical runtimes of a few tens of mi-
croseconds. In future work, we aim to implement our orchestrator on Kubernetes
to support container-based deployment (building upon [47]) and use mobility
patterns for proactive container warm-up, mitigating cold-start delays.
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