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Efficient Management of Composite Heterogeneous
Applications at the Network Edge

Madhura Adeppady, Member, IEEE, Yenchia Yu, Student Member, IEEE, Ali Rahmanian, Non-Member, IEEE,
Ahmed Ali-Eldin Hassan, Non-Member, IEEE Carla Fabiana Chiasserini, Fellow, IEEE

Abstract—Edge computing is a promising paradigm for deploy-
ing latency-sensitive applications (Apps) as it brings resources
closer to end users. Edge Apps often adopt a microservice
(MS) architecture, breaking monolithic Apps into lightweight,
containerized MSs that can be dynamically and independently
deployed. However, managing such Apps involves three key
challenges: (i) optimizing the placement of MSs to reduce both
response time and resource overhead, (ii) handling MS migration
or relocation as users move while minimizing App service disrup-
tion (App downtime), and (iii) enabling MS sharing across Apps
while ensuring performance guarantees. We formulate this as
an optimization problem, named Multi-microservice Application
Placement (MAP), prove its NP-hardness, and introduce STEP
(State and Topology-aware Edge-MS Placement), a polynomial-
time heuristic. STEP distinguishes itself from prior work by: (i)
jointly considering stateful and stateless MS characteristics in
deployment decisions, (ii) exploiting MS shareability to reduce
resource usage, (iii) balancing response latency, App downtime,
and resource utilization, and (iv) leveraging multiple versions
of the same MS to adapt quality of service to available edge
resources. Our results in a small-scale scenario show that STEP
achieves near-optimal performance with only 7% higher CPU
cost than the optimal solution. Large-scale real-time experiments
on a Kubernetes cluster demonstrate that STEP consistently
outperforms competing methods, achieving up to 50% lower
deployment costs while delivering 50% gain in app quality and
saving 15% in radio resources with over 90% request success
rates.

Index Terms—Mobile edge computing, Stateless and stateful
microservices, Application deployment and migration, Service
management

I. INTRODUCTION

Edge computing has emerged as an alternative to cloud
computing for deploying latency-sensitive applications (Apps)
by bringing computing resources closer to end users. In edge
computing, servers are deployed near base stations (BSs),
enabling computation offloading from mobile devices while
significantly reducing response latency and bandwidth con-
sumption. Increasingly, edge Apps adopt a microservice (MS)
architecture, where monolithic Apps are composed of multi-
ple lightweight, independently deployable containerized MSs,
making them well-suited for dynamic edge environments.

MSs at the edge can be categorized into stateful and stateless
based on their operational characteristics [1]. Stateful MSs
maintain user session and interaction data across requests,
preserving state over time. Conversely, stateless MSs process
each request independently without storing user-specific data.

This work was funded through the SNS JU 6G-INTENSE project (Grant
No. 101139266).

A key feature of MS architecture is shareability: MSs can be
shared across multiple Apps to improve resource efficiency.
However, while stateless MSs are shareable across Apps re-
quested by different users, stateful MSs are typically shareable
only among Apps requested by the same user. For different
users, stateful MS shareability depends on whether or not
their state includes user-specific information. For example, a
registry MS that stores registration data of an unmanned aerial
vehicle (UAV) can be shared across different UAVs and their
requested Apps, as it maintains generic user information. In
contrast, an autopilot MS that manages flight parameters for
individual UAVs cannot be shared, as the state information
is unique to each user’s mission. Additionally, to enhance
flexibility in resource-scarce environments (common in edge
servers), an MS can have multiple versions, each offering a
different Quality of Service (QoS) level (e.g., accuracy in a
classification task) as well as a different level of complexity
and amount of resources required for its execution.

Despite its benefits, an MS architecture at the edge intro-
duces relevant challenges in providing performance guarantees
with minimal resource consumption.

First, since Apps are composed of several MSs, it is
extremely difficult to manage resources at the individual MS
level so as to minimize the deployment cost while ensuring
tolerable response latency. The network orchestrator must
allocate appropriate computational speed to each MS, manage
Resource Blocks (RBs) on the communication link between
users and servers, and determine MS placement that minimizes
the communication overhead between MSs and between a user
and the entry MS of a requested App.

Second, as users move between BSs coverage areas and
connect to different servers, the deployment topology of MSs
must be updated to honor response latency requirements. This
triggers the migration of stateful MSs and the relocation of
stateless MSs, both causing service disruption (App down-
time). For stateful MSs, the entire container along with user
session data must be migrated to maintain state continuity,
while for stateless MSs, container relocation is enough since
they do not maintain any user state. Thus, the orchestrator
must additionally ensure that App downtime during migration
remains within acceptable limits.

Third, MS shareability further complicates the orchestra-
tor’s decisions since shared MSs impact the performance of
multiple Apps across different users. Notably, the allocation of
computational resources may need to be adjusted dynamically,
as new Apps start using an existing MS or Apps using a shared
MS terminate.



These challenges motivate the need for a holistic MS man-
agement framework that can optimize deployment topology
while balancing the trade-offs across response latency, App
downtime, and resource utilization.

Limitation of state-of-the-art approaches. A large body
of recent approaches address resource management to reduce
App response latency. Notably, [2], [3] focus on analyzing
individual MS contributions to response latency and apply
autoscaling, or determine MS-to-server allocation [4], [5] to
reduce costs while meeting target end-to-end response latency.
However, these approaches have limitations when applied to
edge environments. First, they do not consider the impact of
MS migration/relocation triggered by user mobility. Second,
they lack the flexibility of adapting MS versions based on
resource availability, which is crucial for efficiently managing
limited resources at the edge. Third, not all of them exploit MS
shareability as a way to reduce the consumption of computa-
tional, hence also energy, resources. Other prior approaches
targeting edge environments focus on MS pre-deployment
based on predicted user mobility [6], [7]. These works consider
Apps as composed of only stateful MSs and use abstract
migration models that do not capture the complexity of real
MS migrations. Moreover, these approaches simply skip MS
migration when destination servers lack sufficient resources.

Recent approaches have made further progress: SR-CL [8]
jointly optimizes migration and resource allocation but treats
Apps as monolithic single-MS services; CMMF [9] addresses
DAG-based migration but overlooks stateless MSs and share-
ability; E2MS [10] minimizes service disruption and com-
munication costs during migration but assumes non-shareable
MSs with a single fixed quality version; and Edge-Mi [11]
addresses task migration between edge and cloud based on
mobility patterns but does not consider MS shareability or
quality adaptation. Works such as [12] provide realistic mi-
gration models but focus only on migration rather than jointly
optimizing placement and resource allocation. Moreover, none
of these approaches simultaneously handle stateless and state-
ful MS coexistence, MS shareability across users, and dynamic
quality adaptation under edge resource constraints.

Key insights and contributions. We propose State and
Topology-aware Edge-MS Placement (STEP), an algorithm for
the orchestrator to make deployment and resource allocation
decisions that minimize deployment costs while ensuring that
response latency and App downtime remain within tolerable
limits. STEP first constructs a Dynamic Network Topology
Graph (DNTG) that represents the key system components
and their interactions. This graph captures possible deployment
choices for MSs of the Apps requested by users. Additionally,
it identifies dynamic conditions at the edge, such as App
deployment requests, user migrations, and App terminations.
Then, upon any of the above events, the orchestrator builds a
decision graph that encodes feasible deployment and resource
allocation choices to meet App requirements while minimizing
deployment costs. This graph is expanded to enforce additive
constraints and ensure decision feasibility. Finally, deployment
decisions are derived by identifying the minimum-cost path in
the decision graph.

We summarize our key contributions as follows:

e We develop a system model that captures all key aspects
of edge servers, users, Apps, and MSs composing these Apps,
and derive analytical expressions for the performance metrics
of interest. Further, we develop a testbed that allows us to
perform a solid experimental analysis motivating our work and
design choices, and then validate and thoroughly evaluate our
proposed solution.

e We formulate the Multi-microservice Application Place-
ment (MAP) problem, which aims to minimize deployment
cost while fulfilling all performance requirements. We prove
that MAP is NP-hard and propose the STEP algorithm, which
has polynomial time complexity. Importantly, STEP differenti-
ates from prior art in the following ways: (i) It considers Apps
composed of both stateful and stateless MSs, which determines
MS shareability and App downtime; (ii) It addresses multiple
performance metrics, such as response latency, App downtime,
and resource consumption, by leveraging an expanded graph
that ensures these objectives are met; (iii) Its low complexity
design makes it suitable to handle dynamic scenarios where
demand for Apps and user mobility vary over time; (iv) It
leverages MS shareability by reusing already deployed MS
instances for newly required Apps or during App migration;
(v) It increases deployment flexibility by considering different
versions of the same App with individual MSs that may offer
different QoS levels and, correspondingly, different complexity
and resource consumption.

e Finally, in a small-scale scenario, we show that STEP
closely matches the optimal solution. In a large-scale Ku-
bernetes cluster deployment, STEP significantly outperforms
existing methods with up to 50% cost reduction, superior
resource efficiency, and 50% increasement of the app quality
compared to baseline approaches.

We mention that a preliminary version of our work has
appeared in our conference paper [13] where we sketched
a first version of the STEP algorithm using a simplified
migration model and presented a limited, initial set of results.

Paper organization. Sec. III describes our target scenario
and testbed setup. Sec. IV gives experimental evidences on
why we need a holistic deployment algorithm for multi-MS
App placement, and Sec. V introduces our system model.
Sec. VI introduces the problem formulation and its complexity
analysis. Sec. VII-A presents the proposed low-complexity
orchestration algorithm STEP, while Sec. VIII highlights the
improvement of STEP against state-of-the-art approaches. Fi-
nally, Sec. II summarizes related work and highlights our key
contributions, while Sec. IX concludes the paper.

II. RELATED WORK

Our study pertains to three main areas: edge-centric MS
deployment, MS scaling, and MS migration.

Edge-centric MS deployment. Multi-component App
placement is addressed, e.g., in [4], which accounts for both
user mobility and network dynamics. It first determines MS
deployment by matching the physical (edge servers) and App
graphs using the Hungarian algorithm, ignoring communica-
tion costs; then a local search refines the solution by incorpo-
rating these costs. Similarly, [S] proposes a greedy algorithm



that first assigns an app to the server with the lowest resource-
based assignment cost, neglecting communication costs, and
then updates the assignment costs for the remaining apps
by incorporating communication costs with the one already
placed one. The learning-based approach in [6] proactively de-
ploys the app MSs on the nearest edge server, considering the
dependencies of the MS and user mobility. It also determines
how many successor MSs to predeploy and selects the edge
servers for their placement. This approach is extended in [7]
to support complex MS structures by considering branching,
parallel paths, and cycles in pre-deployment decisions. MS
migration is addressed in [10], which selects candidate App
MSs for migration by accounting for communication, image
pull, and MS downtime costs, to minimize service disruption.
In [14], a policy gradient-based reinforcement learning algo-
rithm is proposed to make migration decisions considering
initialization, computation, and migration delays.

SR-CL [8] addresses the joint problem of determining when
and where to migrate service instances and the optimal alloca-
tion of computational resources to these service instances. For
migration decisions, a deep reinforcement learning approach
is used, while convex optimization handles optimal resource
allocation. CMMF [9] proposes a framework for DAG-based
service migration in mobile edge computing. The framework
uses a two-stage approach: deep reinforcement learning with
LSTM networks for edge cloud selection, followed by network
flow algorithms with topological sorting for MS placement.
Adapt-SD [15] optimizes MS deployment by minimizing com-
putational, storage, and network costs while meeting service
access time constraints, but focuses solely on initial placement
decisions without considering dynamic migration scenarios.
The study in [16] proposes a reinforcement learning-based
approach to determine the optimal sequence of edge clouds
to serve mobile users’ microservice requests, formulating the
problem as a Markov decision process that balances service
delay and migration costs.

Edge-Mi [11] presents an MS-based task migration frame-
work that allows migration between edge servers and cloud
infrastructure based on mobility patterns and resource require-
ments. The approach decomposes Apps into MSs that can be
selectively migrated from edge servers to cloud resources (or
vice versa) when mobile devices move out of coverage areas
or when edge resources become insufficient. Nautilus [17]
provides a three-tier runtime system with communication-
aware mapping using graph algorithms, contention-aware re-
source management through deep reinforcement learning, and
load-aware migration that migrates MSs from overloaded to
underutilized nodes based on minimizing additional network
communication costs. A closed-loop particle swarm optimiza-
tion approach is introduced in [18] for service migration.
This approach considers QoS and application characteristics to
trigger service migration. The study in [19] presents a location-
aware intelligent scaling framework for composite Apps in
mobile edge computing environments. The approach considers
user mobility patterns and dynamically adjusts MS scaling
decisions based on location information to optimize resource
utilization and service performance.

Recent works have further explored learning-based and pre-

dictive approaches for task migration and resource allocation
at the edge. DDPG [20] proposes a deep deterministic policy
gradient algorithm enhanced with a dual experience pool,
to jointly optimize task migration and resource allocation
in cooperative edge computing environments. A proactive
service migration framework MAPSM [21] is proposed for
Internet of Vehicles (IV) that combines RNN and Markov
chain-based mobility prediction with coordinated container
pre-migration and communication handover to minimize end-
to-end delay and total migration time. MATM [22] integrates a
Mamba-based trajectory prediction module with a Soft Actor-
Critic DRL decision-making module to enable proactive task
migration and resource allocation in vehicular edge computing.
However, all of the three above approaches consider mono-
lithic tasks or single containerized services, and do not address
Apps composed of multiple MSs.

Unlike STEP, the above approaches do not account for
the coexistence of stateless and stateful MSs in the App.
Moreover, they overlook scenarios where migration is infea-
sible due to resource-constrained servers. These approaches
either optimize migration decisions or resource allocation
dynamically, but not both jointly, and fail to leverage MS
shareability across different users or applications to reduce re-
source consumption. In contrast, STEP offers the flexibility to
reduce the quality version of MSs when needed and provides
a holistic solution that simultaneously addresses deployment,
migration, and resource allocation decisions.

MS scaling. App response latency guarantees are provided
in Erms [2], where a shared MS environment is considered and
the latency target of each MS of the Apps is given by a piece-
wise linear function of its workload. Further, if an MS is shared
among multiple Apps, Erms gives higher priority to Apps with
more latency-sensitive MSs to optimize request execution.
PEMA [3] proposes an iterative feedback-based approach that
initially allocates abundant resources to all MSs to meet App
SLA requirements, and then it iteratively selects the best
resource configuration for each MS by exploiting monotonic
resource reduction opportunities. Although these approaches
work well for the cloud, they fail to address the limited
resource availability at the edge and the need for migration,
which introduces an additional performance metric for the App
downtime. DeepScaling [23] uses a three-component system
with spatio-temporal graph neural networks for workload fore-
casting, deep neural networks for CPU utilization estimation,
and an improved Deep Q-Network for adaptive autoscaling
policy generation to minimize resource costs while meeting
SLAs in large-scale production microservice environments.

All the above MS scaling schemes work well for resource
allocation in cloud environments but differ from STEP in three
key ways. First, they assume abundant resources and focus
on meeting SLA requirements through resource optimization,
while STEP operates under strict edge resource constraints and
adjusts MS quality versions accordingly. Second, they do not
handle MS migration, which introduces App downtime as a
critical performance metric that STEP addresses through joint
optimization of deployment, migration, and resource alloca-
tion decisions. Third, while some consider MS sharing only
for prioritizing latency-sensitive applications, STEP uses MS



TABLE I
COMPARISON OF STEP WITH PROMINENT RELATED APPROACHES

Approach Stateful + MS Multi-version User Joint Placement  Resource  Learning-
Stateless MS  Shareability QoS Mobility + Migration Allocation based
SR-CL [8] X X X v v v v
CMMF [9] X X X v v X v
E2MS [10] X X X v v X X
Edge-Mi [11] X X X v X X X
DDPG. [20] X X X X v v v
MAPSM [21] X X X v v X v
MATM [22] X X X v v v v
STEP (ours) v v v v v v X

shareability across users and applications as a core mechanism
to reduce resource consumption at the edge.

MS migration. In the area of container migration, existing
studies focus on either stateful migration [24], [25], [26], [27],
[12] or stateless relocation [28], [29], [30] of MSs. Although
relevant, these approaches are orthogonal to our work, as they
focus on how to migrate MS containers rather than where to
migrate them. We stress that any of these migration models
can be integrated into our approach.

Finally, in our conference paper [13], we proposed a prelim-
inary version of the STEP algorithm for managing composite
edge applications using a simplified migration model. Building
upon this foundation, in this work we propose an enhanced
orchestration framework that includes a more realistic parallel
migration model as well as an improved and lower-complexity
version of STEP, with enhanced decision graph construction
and pruning steps. Further, we significantly extended our
Kubernetes-based testbed and the related experimental anal-
ysis, and we provide a formal problem formulation with NP-
hardness proof, and an extensive experimental evaluation of
STEP against a richer set of state-of-the-art benchmarks in
both small-scale and large-scale scenarios.

Progress beyond state-of-the-art. As highlighted in Ta-
ble I, some of the above approaches either optimize mi-
gration decisions or resource allocation dynamically, but not
both jointly. Moreover, they treat applications as monolithic
services rather than chains of heterogeneous MSs, and thus
do not account for the coexistence of stateful and stateless
MSs in the App and their distinct migration behaviors. They
also overlook scenarios where migration is infeasible due to
resource-constrained servers, and fail to leverage MS share-
ability across different users or applications to reduce resource
consumption. Furthermore, learning-based approaches, despite
their ability to make adaptive decisions in dynamic environ-
ments, are limited to monolithic services and do not extend to
composite multi-MS applications. Finally, none of the above
approaches consider multiple versions of the same MS to adapt
application quality to the available edge resources, which is
crucial for efficiently managing limited resources at the edge.
In contrast, STEP addresses all these limitations by providing
a holistic solution that simultaneously handles deployment,
migration, and resource allocation decisions for composite
Apps composed of heterogeneous stateful and stateless MSs.

Fig. 1. Exemplary target scenario: Apps are deployed at the edge as chains
of stateful / stateless MSs. Mobile users (i.e., UAVs) access the Apps through
cellular BSs, with User; (Userz) requesting App,;—App, (App3—App,).

III. TARGET SCENARIO AND TESTBED

Our study focuses on managing MS-based applications in an
edge computing system for mobile users. In the following, first
we introduce the system we focus on. Then we describe the
testbed that we developed to conduct our quantitative analysis
of the trade-offs that exist in the system under study and serve
as empirical foundation of our work. We use the testbed also
to implement, test, and benchmark our solution.

Reference scenario. Fig. 1 depicts our reference scenario,
including an edge computing system with an orchestrator and
multiple edge servers. The latter are interconnected with each
other physically or logically (i.e., through virtual links each
composed of multiple physical links) and managed by the
orchestrator. Edge servers can host Apps, each composed of
(possibly) multiple containerized MSs, offered to mobile users.

Each server may be connected with one or more BSs, which
enable the mobile users to access the Apps deployed at the
edge. Each mobile user can issue requests for one or multiple
Apps. During runtime, mobile users may move and change
the BS with which they connect. For example, User, may
handover its connection from the BS connected with edge
server 2 to the BS connected with edge server 1. When the MS
deployment remains static, the requests from Usery to App,
and App, would need to be routed from server 1 to server
2, thus increasing latency and bandwidth consumption. The

IEEE_TNSM/R1/Figures/General/target_scenario.r
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Fig. 2. Open radio cell location (left) and edge server topology (right) in the
city of Turin, Italy.

orchestrator can thus make the MSs migrate/relocate to keep
the Apps latency sufficiently low. Similarly, when the load on
an App varies, the resources allocated to its MS instances may
be insufficient or excessive, and the orchestrator may need to
migrate/relocate MSs to optimize resource allocation.

Testbed. We have recreated the above system architecture
in our testbed for the development and testing of our solution.
Notably, we have used the approach in [31] to design edge
server topologies and the open radio cell information available
for the geographical area we consider (namely, an area in the
city of Turin, Italy) in OpenCel11iD (https://www.opencellid.
org/) (Fig. 2 (left)). We clustered the radio cells into 4 clusters
using the K-means algorithm and deployed one edge server
at the geographical center of each cluster (Fig. 2 (right)).
To limit the number of physical links, we consider 1 Gbps
optical links only between edge servers that are within a 3 km
distance. Also, to ensure enough bandwidth for multi-hop
communication between edge servers through logical links, we
slice the bandwidth of inter-server physical links so that 60%
is used for direct communication and the rest for multi-hop
communication. The radio cells within a cluster are viewed
as a virtual BS that is co-located with the edge server, and
the communication bandwidth between the mobile user and
the BS is estimated based on the 3GPP TS 38.306 standard
[32] with the channel quality indicator (CQI) being negatively
correlated with the user-BS distance.

We have implemented the emulation testbed of this edge
computing system using Kubernetes (https://kubernetes.io/),
as depicted in Fig. 3. We use Kind (https://kind.sigs.k8s.io/)
to create an edge cluster of 8 edge nodes on a host server,
with each node featuring 2 CPU cores at 2.8GHz and 4GB
of memory. The communication bandwidth between edge
nodes is set through the tc Linux tool (https://man7.org/
linux/man-pages/man8/tc.8.html). We use the host server as
the edge orchestrator node, and deploy four main components
of our testbed: (i) User simulator, which simulates the mobile
users movement and estimates the communication bandwidth
to the connected BS; (ii) System orchestrator, which runs the
real-time edge orchestration algorithm and updates the MS
deployments via native Kubernetes API; (iii) System perfor-
mance monitor, which monitors the resource consumption on
each edge nodes using Prometheus (https://prometheus.io/) and
visualize the measurements via Grafana (https://grafana.com/);
and (iv) Mongo DB, which is a database that stores the user
measurements and logs for analysis. On each edge node,
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Fig. 3. Edge system emulation testbed.

we deploy a request generator, which produces application
requests on behalf of users connected to the corresponding BS,
informed by the User Simulator. The measurements of each
request, including application quality and response latency, are
persisted in MongoDB. Finally, we leverage the customized
HydraGen tool [33] to generate emulated applications with
MS quality selectors, enabling comprehensive validation of
the dynamic edge orchestration strategies.

IV. EXPERIMENTAL ANALYSIS

We now use our testbed to empirically analyze the trade-
offs that exist in the system and that are affected by orches-
tration decisions on MS deployment. The considered trade-
offs address two main aspects: (i) the mobile user quality
of experience (QoE), represented as average App response
latency, App QoS, and user request success rate, and (ii) the
efficiency of the App deployment solution, i.e., edge server
resource consumption, edge server load balancing, and the
edge system capability to serve multiple users.

To ease the analysis, we consider here a base scenario!
with one mobile user, namely, a UAV, requesting an App
and moving at the constant speed of 10m/s along a 5km-
long straight trajectory. Along the trajectory, 3 BSs (and
corresponding edge servers) are placed at equal distance. The
SNR varies depending on the user distance from the BS to
which it is connected and varies in the [4, 24] dB range, which
corresponds to a CQI varying between [5, 15]. Also, the edge
server colocated with the first BS has 5 CPU cores available,
while the other two have just 2 CPU cores each. The communi-
cation bandwidth between edge servers is set to 1 Gbps, except
for the link between the edge server with 5 CPU cores and one
of the edge servers with 2 CPU cores, which is set to 100 Mbps
to account for a varying capacity over the network. When the

'We will use our testbed to represent more complex scenarios while
evaluating our solution in the later sections.

IEEE_TNSM/R1/Figures/General/mec_testbed.pdf



mobile user connects to a BS, by default the BS allocates
6 RBs for the communication with the user. The mobile user
issues 1 request/s for an App composed of 3 MSs. Each
request has the size of S MB, and the inter-MS communication
payload size is SMB. Every MS can be deployed in one
of three possible versions, with each version corresponding
to a different quality level, namely, low, medium, and high,
consuming 0.25, 0.5, and 0.75 10° CPU cycles (resp.), to
process one user request. Unless otherwise specified, we
allocate 1 CPU core for each MS when it is deployed on the
edge system. Finally, we set the target App response latency
to 1s. For simplicity, the migration/relocation time and the
amount of data to transfer for each MS migration/relocation
is considered to be constant across the different instances
of that MS, and multiple MSs can be migrated/relocated in
parallel, thus the overall App downtime equals the duration
of the slowest MS migration/relocation. For each considered
baseline, we run a system emulation lasting 30 minutes and
resulting in 12 handovers.

At every user handover, the orchestrator reassesses the
current Apps deployment and makes changes according to
the following three MS deployment schemes (hereinafter also
referred to as baselines), representative of the main strategies
that have been proposed in the existing literature [34]:

o App-level closest deployment (ALC). It deploys MSs
belonging to the same App on the same edge server, selecting
the closest server to the mobile user that requests the App.

o MS-level closest deployment (MLC). It deploys each MS of
an App on the edge server that is closest to the mobile user
among those with room to host the MS. For low computing
load, the deployment coincides with of the App-level closest
strategy.

o MS-level closest-least-loaded deployment (MCLL). Tt de-
ploys each MS of an App on the least loaded server; in the
case of ties, it selects the one closest to the mobile user.

Next, we use the three strategies above to investigate the
fundamental trade-offs that exist in the system under study
and establish the motivation of our work.

1. App response latency vs. RB usage. Fig. 4a presents
the average App response latency as a function of the number
of RBs allocated to the mobile user, with the violin plot
highlighting the distribution of the App latency measurements.
As expected, under all three deployment strategies, the average
response latency decreases significantly, up to 40%, as the RB
allocation to the UAV grows, i.e., the user’s data rate increases.
Among the three baseline strategies, MLC always performs
best. Specifically, the latency target (horizontal black line) for
ALC, MLC, and MCLL strategies are satisfied when allocating
at least 5 RBs, 4 RBs, and 7 RBs, respectively. However,
the latency distributions (violin plots) reveal considerable vari-
ability: even when the average latency meets the target, some
responses (ALC: 33%, MLC: 23%, MCLL: 45%) still exceed
it. This highlights the critical impact of variable bandwidth
due to the user mobility and channel conditions, which must
be managed carefully for latency-sensitive applications.

2. App response latency vs. CPU usage. Fig. 4b illustrates
the average App response latency and the corresponding dis-
tribution versus the per-MS CPU allocation. Similarly, Fig. 4c

depicts the average CPU usage in the edge system as a function
of the allocated per-MS CPU. As expected, increasing the per-
MS CPU allocation reduces by up to 40% the App response
latency under all strategies. Notice that such an increased CPU
allocation leads to 15-55% higher CPU usage, depending on
the deployment strategy. Also, due to the imbalanced edge
server capacity and the different MS placement strategies
of the baselines, the increase of the average CPU usage is
not always linear (Fig. 4c), and the per-MS CPU allocation
significantly influences a strategy performance (Fig. 4b). When
allocating fewer than 1.2 CPU cores for each MS, MLC
yields the lowest latency. From 1.2 to 1.6 CPU cores, instead,
ALC performs best. However, beyond 1.6 cores, the ALC
strategy becomes unable to yield a feasible deployment, as
no single edge server can accommodate all the MSs, and
MLC becomes the best strategy again. Furthermore, to ensure
that the average App response latency meets the target, at
least 0.8 CPU cores/MS are required when MLC or ALC
are adopted, and 1 CPU core/MS is required when MCLL
is used. The violin plot in Fig. 4b underscores that, as the
CPU allocation grows, the response latency rarely exceeds the
target, specifically, with probability 16% and 18% for MLC
and MCLL, respectively, when 2 cores per MS are allocated,
and with probability 16% for ALC in the case of 1.6 per-MS
core allocation. Importantly, this is because the faster the MS
processing, the larger the communication latency margin to
mitigate the effects of bandwidth variation due to the high
user mobility.

TABLE I
AVERAGE STANDARD DEVIATION OF EDGE SERVERS’ LOAD

Per-MS allocated

CPU cores ALC MLC MCLL
0.6 44.03% 4391%  14.60%

1 36.17%  46.33%  20.61%

1.4 46.04%  32.04% 24.23%

1.8 - 37.50%  31.13%

3. CPU usage vs. Load balancing. Next, we look at the
trade-off between average CPU usage and load balance across
edge servers. Table II presents the average standard deviation
of CPU usage, calculated as the average of the standard
deviation of the edge servers’ load at each measurement time
instance. Fig. 4c highlights that ALC and MCLL achieve,
respectively, the lowest and the highest average CPU usage.
Conversely, the results in Table II underline that MCLL
consistently gives the lowest average standard deviation, i.e.,
the most balanced load distribution across the edge servers.
This highlights that there is a clear trade-off between overall
CPU utilization and load balance.

4. MS quality vs. Request success rate. For critical
applications, it is crucial to ensure an App request success
rate, which is computed here as the percentage of requests that
can be served honoring the 1 s-target response latency over the
total number of requests. Fig. 5 shows the request success rate
(left y-axis) and per-MS per-request CPU cycle requirement
(right y-axis) as the MS quality varies. The different plots
depict the results for different combinations of BS-user RB
allocation and per-MS CPU allocation. In all scenarios, as a
higher MS quality level is selected, the per-MS per-request
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Fig. 4. Average App response latency for a varying number of allocated RBs (a); Average App response latency (b) and Average edge system CPU usage
(c) for a varying per-MS CPU core allocation. The performance is shown under the three baseline orchestration algorithms, namely, ALC, MLC, and MCLL.

CPU cycle demand grows, resulting in longer processing times
and, hence, decreasing success rate. Also, the comparison of
Fig. 5a with Fig. 5c highlights a 5%-10% improvement in
request success rate across all MS quality levels and baselines,
indicating a consistent benefit from increased RB allocation.
These results underscore the importance of being able to adapt
the MSs (hence, the App) quality level to the network and
computing resource availability . Also, the trade-off between
success rate and resource consumption depends substantially
in the deployment strategy. In more detail, looking at Fig. 5a
and Fig. 5b, one can observe up to 20% increase in the request
success rate, especially when medium or high quality MSs
are selected under the ALC and MCLL strategies. Further,
comparing Fig. 5a and Fig. 5d, we observe that the change of
CPU and RB allocations impact the performance significantly
in the case of medium and high quality MSs, but have a minor
impact for the low quality MSs.

5. MS sharing and quality levels vs. Users’ success rate.
Finally, we explore the trade-off between the level of MS
sharing, the level of MS quality, and the ability to successfully

serve users’ requests. For consistency, we consider the same
settings for all mobile users, except for their initial position as
they are uniformly distributed along the service area. Fig. 6a
and Fig. 6b show the average request success rate when
medium quality MSs are selected, and, respectively, none of
the MSs and all common MSs, are shared among the users.
Further, Fig. 6¢ and Fig. 6d present the average request success
rate when, respectively, low and high quality MSs are selected
and common MSs are shared among the users. In all the
considered settings, the results indicate that the MLC and
MCLL strategies can consistently support a higher number
of users compared to ALC. When comparing Fig. 6a and
Fig. 6b, one can notice that MS sharing substantially increases
the number of users the edge can accommodate — up to 3
additional users for ALC and up to 5 for MLC and MCLL.
However, for more than 3 users, the average request success
rate slightly decreases due to the increased queuing time of the
requests at the shared MS, which leads to increasingly larger
App response latency.

Importantly, there is an additional degree of freedom that
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Fig. 6. Average per-user request success rate when different quality of MSs are used and the same MSs are shared/not shared among the users. The performance

is shown under the three baseline algorithms.

can be combined with shareability. Looking at Fig. 6b and
Fig. 6¢c, we observe that selecting low-quality MSs further
expands the edge’s ability to accommodate users (up to 7)
under the MLC and MCLL strategies while still ensuring high
success rates. Instead, the comparison between Fig. 6b and
Fig. 6d underlines that selecting high-quality MSs significantly
reduces the request success rates, even with few UAVs. Thus,
sharing MSs along with a sensible selection of MS quality
(possibly favoring lower quality) substantially increases the
edge ability to successfully serve users’ requests.

Summary and major findings. Our experimental analysis
clearly shows that efficiently orchestrating MS deployment
or relocation at the edge is a complex, multi-faceted chal-
lenge—one that cannot be solved with simplistic or static
strategies. This complexity arises from the interplay of mul-
tiple factors, including computing resource allocation, MS
quality selection, bandwidth provisioning, MS sharing poli-
cies, and load balancing mechanisms. These factors jointly
determine the system’s ability to support mobile applications

both reliably and efficiently.

Notably, our results reveal that:

(i) Resource—QoE alignment is essential: bandwidth and
computing resources must be dynamically allocated in accor-
dance with user QoE requirements, particularly under fluctu-
ating channel conditions.

(ii) Distributed MS placement boosts scalability: deploying
the MSs that compose an application across different edge
servers can substantially increase the number of users served
without compromising QoE.

(iii) Adaptive sharing and quality adjustment enhance re-
silience: system performance can be further improved by
sharing common MSs across multiple applications and, when
resources are constrained, switching to lower-quality App
versions—provided that QoE remains acceptable.

(iv) No one-size-fits-all strategy exists: the optimal approach
depends on the prevailing system constraints, operational
conditions, and specific application requirements.

Furthermore, our findings underscore that performance is
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highly sensitive to the real-time state of the edge system,
making static management schemes inherently limited. It
is therefore crucial to adopt flexible, adaptive orchestration
solutions that can respond to system dynamics in real time,
managing the inherent trade-offs between application perfor-
mance and operational costs.

V. SYSTEM MODEL AND TIME PERFORMANCE METRICS

This section outlines the key assumptions made to build a
mathematically tractable, yet accurate, model. Then it gives
analytical expressions for the two performance metrics, i.e.,
App response latency and App downtime.

A. Assumptions

To build a model that captures all relevant system aspects
while retaining tractability without loss of generality, we make
the following assumptions:

e Edge server and base stations: Each BS is co-located with
an edge server, thus we refer to the user-edge server link as
the wireless link between the user and the corresponding BS.
o MS deployment: An App entry MS is placed on the edge
server co-located with the BS serving the requesting user.

o MS migration/relocation: The orchestrator may decide to
change the MS deployment topology upon a user’s handover,
App request arrival, or App termination; such deployment
remains unchanged until the next occurrence of these events.
e MS version: MS instances implementing different versions
of the MS (i.e., providing different levels of QoS) have the
same communication interfaces. Further, notice that, at the
beginning of a migration procedure, stateless MSs can switch
to different versions according to the available resources at
the destination server. Conversely, stateful MSs cannot change
version during migration, due to their need to retain user-
specific state information.

o MS shareability: Recall that stateless MSs can be shared
among Apps requested by different users. Conversely, stateful
MSs can always be shared among the Apps requested by the
same user but may or may not be shared between different
users, depending on whether their state contains user-specific
information.

e App termination: The App termination events are triggered
when an App completes all its assigned tasks, or when
operational conditions require termination. For example, when
a UAV completes its assigned tasks or returns to its base, it
triggers an App termination event at the orchestrator.

B. System Model and Time Performance Metrics

Consider an edge system consisting of a set S of servers
available to serve users. Every server is equipped with compu-
tational capacity (memory Mg, CPU () and co-located with
a BS that enables connectivity with mobile users. These edge
servers are interconnected through a multi-hop wired network
infrastructure.

Each mobile user u, u€lf, generates requests for Apps,
whose set is denoted by A", that need to be deployed on these
servers. As they move, users may connect with different BSs

TABLE III
LIST OF SYMBOLS REPRESENTING SYSTEM COMPONENTS AND THEIR
DESCRIPTIONS

Symbol  Description
Parameters for Servers
S Set of available servers
M Memory capacity of server s [bytes]
Cs Computation capacity of server s [CPU cycles/s]
Vs Max. no. of RBs available at co-located BS of server s
S0 Dummy server hosting virtually all possible MSs in-
stances that may need to be actually deployed
Parameters for Users
u Set of available users
By, s Allocated bandwidth between user uw and server s
[bytes/s]
A Set of Apps requested by user u
Parameters for Apps
A Set of available Apps
p%j No. of active requests from user u to App A;
l A Tolerable latency for App A; [s]
NA, Average size of packet entering App A; (bytes)
D A, Max. tolerable downtime for App A; [s]
Parameters for MSs
N Set of available MSs
On Set of possible versions of MS n
an Set to 1 if MS n is stateful
bn Set to 1 if MS n is shareable
n,q Required memory of MS n of version g [bytes]
Tn,q Required computation of MS n of version ¢ [CPU
cycles]
rd Norm. dirty page rate of MS n of version ¢
emn Avg. message size between MS m and MS n [bytes]
:f Set to 1 if instance 4 of MS n of version q is deployed
on server s, 0 else
zd Set to 1 if user u is served by instance i of MS n of
' version ¢, O else
Decision Variables
yd Binary, indicating whether instance i of MS n of
’ version g is deployed on server s
n,q

Binary, indicating whether user w is served by instance
i of MS n of version g

71 Continuous, denotes allocated CPU to instance 7 of
MS n of version g (CPU cycles/s)

Integer, denotes allocated RBs between user w and
server s

u,i

using an allocated bandwidth B,, 4, and each App request must
be served within a specified target delay, [ 4,, to ensure quality
of service. Apps are composed of chains of MSs, where each
MS performs a specific function in the application workflow.
Each MS can be deployed in different quality versions (¢€Q,,)
depending on resource availability and performance require-
ments. To serve a single request, each MS version demands
specific CPU cycles (7,,4) and memory (u,,q) resources.
When multiple users request the same application, multiple
instances of the same MS version may need to be deployed
across the system.

As users move throughout the coverage area and network
conditions change, the system dynamically migrates MSs
between servers to maintain optimal performance and meet
target delay requirements. During this migration process, the
total application downtime, which consists of the downtime of



its individual MSs, must be within an acceptable limit D A

The system model components and their notation, with
their associated parameters and variables, are summarized in
Table III. Notice that, for convenience, we define a dummy
server, sg, hosting virtually all possible MSs instances that
may need to be deployed to provide an App.

The App response latency experienced by user u requesting
for the App .A; consists of two contributions: (i) the processing
latency of individual MSs composing the App (dzrif‘j ), and (ii)
the communication latency between two successive MSs, and
between user u and the entry MS of the App A; (di"% ). The
processing latency accounts for the CPU demand of each MS
version weighted by the load from all users sharing the same
MS instance, normalized by the allocated CPU cycles/s. The
communication latency captures both the wireless transmission
delay between the user and its associated BS, and the inter-
server link delays incurred when consecutive MSs of the same
App are deployed on different servers. The formal expressions
for all mathematical equations are reported in Appendix A.

Next, we derive the expression of an App downtime due
to the migration or relocation of any of its composing MSs.
Since MSs are containerized, MS migration/relocation can be
generalized to container migration/relocation. According to
the statefulness and shareability of the MSs, three types of
procedures can be used:

o Stateless relocation: It includes three steps: (1) create a new
instance of the stateless MS container at the destination host,
(2) redirect the requests to the new container instance, and (3)
shut down the old instance at the source host.

o Stateful migration: It includes 6 steps: (1) checkpoint the
running container at the source host, thus collecting both the
MS state and the established connection state; (2) clear the
network namespace, thus preventing network configuration
conflicts in the following steps; (3) transfer the checkpoint
image from source to destination host; (4) re-create and
configure the network namespace at the destination to match
the original one; (5) update the network flow of the connection
by redirecting it towards the new network namespace; (6)
restore the container from the checkpoint image.

e User state migration: This may happen in two cases: (i)
when multiple users are using the MS container at the source
host, or (ii) when a container of the same MS type is already
running at the destination host. In these cases, only the user’s
state is transferred from the source to the destination host. It
includes three steps: (1) extract the user’s active state from
the container at the source host; (2) transfer this state to a
running container of the same MS type at the destination host;
(3) redirect the user’s request to the running container at the
destination host.

Since an App may consist of multiple stateful and stateless
MSs, we must guarantee that the App downtime Dg‘jﬁ‘;, includ-
ing the downtime for stateless relocations, stateful migrations,
and user state migrations of all its MSs, remains within the
App’s tolerance limit. For simplicity and without loss of gener-
ality, we consider that all MS relocations/migrations (stateless
relocations, stateful migrations, and user state migrations)
are performed in parallel across all MSs of the App. We
remark that the model can be easily modified to include other

strategies as well, such as sequential MS migrations or hybrid
approaches where some migrations are parallel while others
are sequential. To prevent inter—edge-server link saturation
during the parallel operation, we allocate enough bandwidth to
each MS relocation/migration ensuring 50 Mbps data transfers.

Given the above assumption, for stateless MS containers,
the introduced MS downtime is majorly at the container
initiation phase, which is related to the size of the target
container and the destination host characteristics. Thus, we
define the stateless downtime of a single MS n at quality q
being relocated to server s to be d2'9= fyateless (fn ¢, S), Where
fstateless () s the function to estimate the stateless MS initiation
time. Hence, the downtime of the stateless MSs within an App
A; requested by user u is given by the maximum of d}*¢ over
all MS instances (i.e., a,,=0) that have been newly deployed
on server s, serving user u, and belonging to App A;.

For stateful MS containers, the migration downtime and
state data volume can be modeled and estimated in real-time
using the Processing-Aware Migration (PAM) model in [24].
Note that, for those stateful MS instances which are migrated
from so (i.e., the dummy server hosting all possible MSs)
to s>0, the MS downtime d;’{ is considered to be equal
to the stateless migration downtime. This is because stateful
MS instances deployed on sy do not retain user or session-
specific data. We then define the downtime of the stateful
MS n at quality ¢, migrating from server s’ to s, to be
d?/:i = fslateful(un,q,rﬁ,s’,s,LS/S)v where faefur is the expression
estimating the stateful migration downtime in PAM. In this
case, the downtime of stateful MSs composing an App A; is
given by the maximum of d(;%, over all stateful MS instances
(i.e., ap=1) that are being migrated from server s’ to server
s, serving user u, and belonging to App A;.

In the case of user state migration of MS n of quality ¢
for user u, the MS downtime is defined as d"™9= fe(u). The
downtime due to such procedures for an App is given by the
maximum of d™? over all MS instances that are stateful and
(i.e., ap,=1 b,=1), where state of user u is migrated from an
existing instance ¢’ at source server s’ to a different instance
i at destination server s, and the MS belongs to App A;.

Finally, as all migration procedures (stateless, stateful, and
user state) for all MSs are executed in parallel, the overall
downtime for an App A; requested by user v is defined as the
maximum of stateless downtime, stateful migration downtime,
and user state migration downtime.

VI. THE MULTI-MICROSERVICE APPLICATION
PLACEMENT PROBLEM

This section presents the MAP problem that the orchestrator
has to solve whenever any of these three events occurs: (i) a
user v sends a new request for App A;; (ii) a user u stops
using App A;; (iii) user’s connection is handed over from one
BS to another. Accordingly, we present below the problem
formulation that optimizes the overall cost and QoS of the
used Apps while meeting the system and App constraints, and
then we characterize its time complexity.

For deploying the MSs composing an App, there will be
a deployment cost which consists of two parts: resource



allocation cost and communication cost. The former refers to
the cost of allocating computing resources to the MSs of the
requested Apps on the servers, while the latter captures the cost
of the communication between the user and the edge server
where the entry MSs of the requested Apps are deployed, and
between any two successive MSs of the requested Apps if
they are deployed on different servers. Denoting by MCS,, the
modulation and coding scheme used by user u, the deployment
cost is as follows:

Clsri)= ¥ 5 ST e{tna oy
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We define the QoS offered by the App .A; to user u as the
average normalized qualities of MS instances of the App A;
serving user u, i.e.,
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The average normalized QoS of all the Apps requested by user
u and across all the users is given by, respectively,
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The formulation of the MAP problem, including the ob-
jective function (with 8 € [0,1] balancing cost and quality
objectives) as well as the constraints, is reported in the below

colored box.

Multi-MS Application Placement (MAP) Problem

Juin (8- C(y,2,7.0) = (1= ) QC2)

s.t  Apps, MSs, system constraints are met.

(4a)

The three categories of constraints are described below, with
their mathematical formulation provided in Appendix B.

Apps constraints ensure that, for each user u requesting App
A;, both the end-to-end latency and the experienced downtime
remain within their respective maximum tolerable values.

MSs constraints define the placement and assignment of MS
instances across servers. Every instance of MS n of quality ¢
must be placed on exactly one server, while unused instances
are assigned to a dummy server. For shareable MSs, at most
one instance per server is allowed, since the orchestrator can
dynamically scale the CPU allocation of that instance to handle
traffic from multiple users, provided that the computing budget
at the server hosting the MS is not exceeded. For non-shareable
MSs, each deployed instance is exclusively assigned to a
single user, and if a user w is already being served by such
an instance, it continues to be served by the same instance
in the new deployment topology, ensuring service continuity.
Furthermore, a user can access only one instance of a specific
MS at any given time, and the entry MSs of all Apps requested
by the same user must be co-located on the same server.

System constraints ensure that the total memory, CPU, and
radio resources allocated across all MS instances and users do
not exceed the available capacity at each server.

To provide intuition on the formulation, consider a simple
scenario where a user requests an App .A; composed of
two MSs, n; and ng, deployed over two edge servers, s;
and so. Let ny be stateless and ny be stateful. The latency
constraint captures the end-to-end delay of A;. For instance,
if nq is placed on s; and ne on so, the total latency includes
user-to-s; communication (decided by v, s), processing at n;
(decided by CPU allocation to n1), inter-server communication
between s; and s, and processing at ny (decided by CPU
allocation to ns), which must satisfy the latency bound. When
the user moves (e.g., towards sg), migrating n; to so may
reduce communication delay, but introduces downtime. This
is captured through constraints limiting the allowable service
disruption. Consider a second user requesting another App that
also requires ni. Since n; is stateless, it can be shared across
the two users, avoiding redundant deployment. Instead, ng,
being stateful, may require a separate instance depending on
user-specific state. This reflects the shareability constraints in
the formulation. Finally, if multiple versions of an MS are
available, selecting a lower-quality version reduces resource
usage at the cost of higher processing, reflecting the trade-
off captured in the formulation. This example illustrates how
placement, resource allocation, and migration decisions are
jointly constrained in the model.

Problem Complexity. The following theorem holds:
Theorem 1. The MAP problem is NP-hard.

Proof. We prove NP-hardness of the MAP problem by show-
ing that the Multi Dimensional Bin Packing (MDBP) Prob-
lem [35], which is NP-hard, can be reduced to an instance
of our placement problem in polynomial time. Consider a
simplified version of our placement problem, where each
App consists of a single, non shareable stateful MS. This
simplified version is an instance of MDBP, which, given a set
of multi-dimensional items, aims to pack the items into bins
to minimize the number of used bins. Additionally, MDBP
aims to achieve the above objective in such a way that the
total size of the items in each dimension does not exceed the
bin capacity. The mapping between MDBP and an instance
of our placement problem can be performed in polynomial
time by considering: (i) items are Apps, each with multiple
dimensions, i.e., resource demand, experienced latency, and
tolerable downtime; (ii) bins are servers and the number of
used bins is the deployment cost; (iii) bin capacity along the
various dimensions is the amount of available resources at
the server, the App’s target delay, and the App’s maximum
tolerable downtime. Thus, the thesis is proven. O

VII. THE STEP ALGORITHM

In light of the complexity of the MAP problem, we in-
troduce the low-complexity STEP (State and Topology-aware
Edge-MS Placement), which, consistently with the MAP prob-
lem definition, runs at the orchestrator whenever a request
for a new App is received, an App is terminated, or a user



handover occurs. STEP includes three main steps. First, we
create a multi-layer DNTG based on the BSs to which users
are connected and the Apps they request (Sec. VII-A). Second,
starting from the above DNTG, we build a (smaller) decision
graph by retaining only those vertices that are relevant to
service deployment decisions, thus ultimately reducing the
decision-making complexity (Sec. VII-B). Third, to identify
the set of feasible decisions and select the one that minimizes
the deployment cost, we translate the decision graph into an
expanded graph by embedding the weights in the decision
graph into the vertices of the expanded graph (Sec. VII-C).

A. DNTG Construction

The DNTG comprises four hierarchical layers that represent
the key system components and their interactions, as depicted
in Fig. 7. The bottom-most layer is the user layer, consisting
of one vertex per user u€l{. The infrastructure layer (bottom)
consists of one vertex per server s€S. The service layer (top)
represents the complete space of possible MS instances. Since
each MS n€N can be implemented in ¢€Q,, different quality
versions with ¢ possible instances, this layer includes a total
of |N]-Q- vertices. Finally, the App layer (top-most) contains
vertices presenting the App set A.

The purpose of the DNTG is to model all possible de-
ployment choices of MSs for the Apps requested by the
users. We identify the contact events between users and
servers, indicating user connection handover events, as well
as between users and Apps, indicating App request arrival or
termination events. We refer to the time interval between any
two successive contact events in the network as frame. Within
a frame, neither the MSs deployment is changed nor links
are created or removed. Let F' denote the number of frames
present in the considered traces, and Aty is the duration of the
generic frame k (1<k<F'). All ongoing contact events during
frame k are said to be active in that frame.

At frame k, each user u in the network is represented by
a vertex v” in the user layer of the DNTG, while each edge
server s is mapped onto the vertex s* in the infrastructure
layer. The instance i of MS n of quality g, at frame k is
represented by a vertex (n*, %, i*) and App A; is mapped
onto the vertex .Ag?. Then let U*, S¥, D*, and A* be the set
of vertices representing, respectively, the users, edge servers,
MS instances, and Apps in the DNTG at time frame k.

Within each frame k, the DNTG can contain the following
directed edges connecting vertices corresponding to users,
servers, MSs, or Apps (i.e., uFel*, s*€Sk, (n*, ¢k, i*)eDF,
.A?EA’“):

o (uF, Af) exists if user u has requested App A;; the weight
w(u®, Aj*) of this edge is equal to (1.4,,0%,);

o (u”, s*) exists if user u is connected to server s; its weight
w(uk, s*) is set to V,MCS,;

. (A?7 (n¥, gk, %)) exists if MS n is the entry MS of App
A% its the weight w(AF, (n*, gf,i%)) is set to (na;, P4, );

o ((n* gk %), (m*, qF , %)) exists if both MS n and MS m
are part of the same App and n communicates with m; the
weight of this edge w((n®, g%, %), (mk, g%, j*)) is set to €,n;

IEEE_TNSM/R1/Figures/General/dntg_v3.pdf

Fig. 7. DNTG structure example with four hierarchical layers. From bottom to
top: User Layer (1 user), Infrastructure Layer (2 edge servers plus the dummy
server sg), Service Layer (2 MS instances with quality variants), and App
Layer (1 App) across two consecutive frames (k and k + 1). Virtual vertices
« (source) and w (destination) are added to enable path-based optimization.

o (s* 5" exists if there exists a wired network connection
between servers s; and 5; its weight is set to By ;.

Additionally, the following directed edges connect the ver-
tices representing the same node across consecutive frames:
o (5%, s¥*1) that connects server vertex s* at frame k to server
vertex s**! at frame k + 1. The weight here represents the
remaining resources (CPU, memory, and resource blocks) at
server s;

o ((nk, gk i%), (n*+1 gkt k1)) connecting MS instance
vertex at frame k to its corresponding vertex at frame &k + 1.
The weight represents the properties of the container hosting
that specific MS instance (e.g., dirty page rate);

. (A?,Af“) connecting an App vertex at frame k to its
corresponding vertex at frame k + 1. The weight of this edge
equals the deployment cost and QoS of the App A;.

Next, we use the above DNTG to formulate a min-cost
problem, which allows for a low-complexity solution of the
MAP problem. To this end, we add to the DNTG two virtual
vertices, o and w, representing, respectively, the source and
destination of a path over the graph. The graph is then
completed with 0 weight edges (a,u!) from « to any user
vertex u'€l’, and edges (A%, w) from any App vertex A¥ to
w, where 1<k<F.

B. The Decision Graph

For each frame of the DNTG, we construct a decision
graph G=(V, E) that captures possible deployment decisions
to meet the App’s requirements while reducing the deployment
cost. This graph is a simplified version of the corresponding
DNTG frame, containing only the vertices from each layer
that are relevant to the deployment decisions in that frame;



for simplicity, we drop from the notation the dependency on
the specific frame k.

As a preliminary step, we identify changes in the current
frame compared to the previous one, with vertices included in
G varying based on the event type. For new App requests,
G includes the requesting user u, the requested App A,,
its associated MSs, and servers with sufficient resources for
deployment. In contrast, for user migration or App termination
events, G also includes all Apps requested by wu, as the
migration of an App may require the migration of MSs
shared with other Apps, while termination necessitates CPU
reallocation. To simplify the decision graph further, we merge
the service and infrastructure layers of the DNTG frame
into a deployment layer, where each vertex is represented as
(n, qn, 1, s), indicating that the i-th instance of MS n of quality
qn is deployed on server s, as shown in Fig. 8.

Further, for each vertex in this layer, we create repli-
cas corresponding to predefined CPU allocations (e.g.,
{0.05G, 0.1G, 1.5G. ..} cycles/s) and RB allocations (e.g.,
{1,2,...}), and these replica nodes are of the form
(n, qn, 1, s, %,?L’q, vy,s). Thus, selecting a vertex in the deploy-
ment layer directly determines the MS instance, quality, server,
allocated resources, as well as the associated deployment cost
and service quality. To reduce the size of the decision graph,
we consider only one unused instance per (n, g,,) and include
only those already deployed instances that are eligible for
reuse. This significantly reduces search space while preserving
all feasible deployment decisions.

The above pruning steps directly determine how STEP
scales with the number of users, MS instances, and edge
servers. Since the decision graph is constructed locally for
the affected user’s Apps only, its size remains proportional to
the number of MS instances associated with the affected user
and their requested Apps, rather than the total number of users
or MS instances in the system. As the number of users grows,
the number of MS instances eligible for sharing increases,
causing a marginal expansion of the decision graph and a slight
increase in decision time. Also, servers that cannot satisfy the
App response latency constraint are excluded from the decision
graph entirely, ensuring that increasing the number of edge
servers does not significantly inflate the decision time.

Since certain deployment decisions in G may violate MS
shareability and entry MS placement constraints, we ensure
feasibility by pruning G as follows:

e For entry and non-entry MS vertices: Since entry MSs of
Apps requested by a user must be placed on the same server,
preferably the one to which user u is connected, we exclude
vertices where server differs from the user’s connected server.
Further, since entry MS vertices also represent RB allocations,
we ignore those with v, = 0. Conversely, only non-entry MS
vertices with v, = 0 are considered.

e Multiple MS instances on same server: If a server already
has another instance of the same MS and quality, and the MS
is shareable, we ignore additional instances of the same MS
configuration on the same server to allow MS reusability.

Every generic edge (v,v’) in F has the following properties:
e Response latency D(v,v’): This represents the response
latency contribution if the edge (v,v’) is included in the

Fig. 8. A sample decision graph for a single frame of DNTG in Fig. 7.

final deployment. By default, response latency is an additive
constraint, i.e., summing the response latency attributes of all
edges included in the final deployment yields the App response
latency. D(v,v") is calculated as follows: (i) If v is an App
vertex and v’ is a deployment layer vertex, then D (v, v’) is set
to the sum of communication latency from the user to the entry
MS of the App (based on RB allocation specified in v’) and
processing latency of v’ (based on CPU allocation specified
in v’). (ii) If both v and v’ are deployment layer vertices, then
D(v,v") is set to the sum of communication latency if servers
of v and v’ are different and the processing latency of v’. (iii)
If the edge (v,v’) is from user layer to App layer or from
the last MS of the App to w or from « to the user layer, the
response latency is set to O.

e Migration downtime M (v,v’): It represents the contribu-
tion of edge (v,v’) to the App’s migration downtime when
foreseen in the final deployment. Unlike response latency,
migration downtime is not directly an additive property,
since migrations of MSs can be executed simultaneously,
and the App’s total migration downtime is determined by
the maximum downtime among its MSs. We then convert
migration downtime as an additive constraint by adopting an
approach that flags violations rather than tracking cumulative
contributions. For each edge (v,v’), we define M (v,v")=K if
the downtime of the MS represented by v’ exceeds the max-
imum allowed downtime D4, for the App and M (v,v")=0
otherwise, where K > 1. This transformation ensures any
path containing at least one MS with downtime greater than
the maximum allowed downtime will have a total migration
downtime weight exceeding 1. Like before, if the edge (v, v’)
is from user layer to App layer or from the App last MS to
w, or from « to the user layer, migration downtime is set
to 0. Based on the above additive properties, for any generic
edge (v,v’) of G for user u requesting A, we assign a multi-
dimensional weight defined as:

w(v,v) = (M,M(v,v')> . (5)
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C. The Expanded Graph: Guaranteeing Additive Constraints
and Decision Feasibility

Given the decision graph for user v requesting App A;, we
outline the procedure to find the set of feasible deployment
decisions that meet the end-to-end performance constraints.
Note that this procedure needs to be repeated for each App re-
quested by user u in case of user migration or App termination
events. Since finding a path between a source and destination
vertex that satisfies two or more end-to-end constraints is NP-
hard [36], we adopt the approach from [36], [37] to construct
an expanded graph. We now describe the procedure to build
such an expanded graph for our problem, given a positive
integer resolution parameter -y:

e For each vertex in the deployment and App layers of the
decision graph, create (y + 1)? corresponding vertices, where
the exponent 2 reflects the number of additive constraints. We
denote these vertices, whose number will be equal to the num-
ber of additive constraints, as v%°, 001 ... 007, . 07,

e For every generic edge (v,v’) from App to deployment
layer or within the deployment layer, create directed edges
from each vertex v to vertex v'*t hwo(”’”/ﬂ’j+ﬁw1(”’”ﬂ,
if such a vertex exists. Here, wo(v,v’) and w; (v, v’) represent
response latency and migration downtime, respectively.

The weights present in the decision graph become embed-
ded into the vertices of the expanded graph. This construction
ensures that any path from « to w in the expanded graph hon-
ors the considered additive constraints. Then to find the path
that minimizes the deployment cost in addition to honoring the
additive constraints, we define edge weights in the expanded
graph as follows. For edges from App to the deployment layer
or within the deployment layer, we associate each edge (v, v’)
with the cost of deploying the MS associated with v’. All other
edges in the expanded graph have a weight of 0. To enable
MS sharing, if the MS associated with the vertex v’ is already
deployed, we assign an edge weight of 0 to (v,v’). Then we
apply Dijkstra’s algorithm to such an expanded graph and find
the minimum cost path.

As also noted in [37], a smaller value of ~ results in
fewer vertices and paths in the expanded graph, introducing a
quantization error that may lead to suboptimal solutions, since
fewer levels of KPI target consumption can be distinguished.
Conversely, a larger value of +y increases the number of vertices
and paths explored, improving solution quality at the cost of a
higher decision time. As 7 increases, STEP can get arbitrarily
close to the optimal solution within the decision graph, though
larger values of v would lead to increased decision times.

CPU recalibration. After finding the minimum cost path
for App A; requested by user v (or the minimum cost paths
for each App A;c€A" in case of migration or termination
events), we perform an additional CPU recalibration step.
Since we initially used a predefined set of CPU cycles/s
allocations, the resulting CPU allocations in the deployment
decision may not be optimal. In the recalibration phase, we
fix all deployment decisions from the minimum-cost path,
specifically the MS-to-server mappings, selected MS instances
and versions for the users, and RB allocations to optimize
only the CPU allocations. This transforms the problem into a

convex optimization where we minimize the total CPU cost
while ensuring that the response latency remains within the
App’s requirement. This transformation makes the problem
convex, hence solvable in polynomial time.

VIII. PERFORMANCE EVALUATION

We first compare STEP against the optimum, the baseline
algorithms described in Sec. IV, and state-of-the-art bench-
marks introduced in Sec. VIII-A, in a small-scale scenario,
which makes it feasible to compute the optimal. We then
evaluate STEP and its alternatives in a large-scale scenario
by implementing the solution provided by these schemes in
our testbed and experimentally assessing their performance.

A. Benchmarks

Among the benchmarks used in the small-scale scenario,

the Optimal solution is obtained by solving the formulated
MAP problem via the Gurobi solver, while the ALC, MLC,
and MCLL baselines operate as discussed earlier in Sec. IV.
In addition, we include the following two benchmarks:
e E2MS [10]: Minimizes a cost function consisting of service
disruption cost during migration, communication cost, and
image pull cost. It assumes non-shareable MSs, operates with a
single fixed quality version for each MS, and does not support
dynamic reuse or quality adaptation. Since E2MS can produce
multiple solutions with identical optimal cost but different
CPU allocations, we added upper bounds on CPU allocations.
This prevents computationally expensive searches for minimal
CPU usage and ensures a fair comparison with other methods.
e SR-CL [8]: A reinforcement learning-based approach that
selects migration actions to minimize a reward function de-
fined as the negative sum of migration delay, communication
delay, and processing delay, and follows a convex optimization
step for CPU allocation after placement decisions. Similar to
E2MS, it does not support MS sharing across Apps or users
and considers a single fixed quality version for each MS. Since
SR-CL treats Apps as monolithic one-MS services only, we
consider it only in the large-scale single-MS App deployment
scenario, and exclude it from the multi-MS scenarios.

B. Small-scale scenario

We focus on a scenario with four MSs: two stateless MSs,
one stateful shareable MS, and one stateful non-shareable MS.
These MSs are used to create four Apps, each composed
of two MSs: App; (MS1—+MS2), App, (MS1—+MS3), App,
(MS2—MS3), and App, (MS2—MS4). The system infras-
tructure includes four servers that can host the Apps MSs,
serving four users; App requests follow a Poisson process.
To evaluate our system’s performance under a high migration
rate and load, we set the App request rate to 2 per unit
time and the normalized load per App at 0.2, which yields
a total system normalized load of 0.8. The user migration
also follows a Poisson process with a rate of 4 migrations
per unit time, allowing us to analyze the system’s behavior
under a consistent user mobility pattern. For simplicity, we
set @, ={1} for each MS n (i.e., each MS can only have a
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Fig. 9. Small-scale scenario: Performance of optimal vs. STEP and benchmark
solutions. CPU cost (top left), memory cost (top right), response latency
(bottom left), migration downtime (bottom right).

single version), though multiple instances of the same MS can
be deployed. We set the target response latency of each App
to 1s, and the maximum tolerable App downtime to 1 s. Other
parameters, such as CPU cycle and memory requirements, and
the migration downtime of the MSs are configured based on
experimental values from our testbed. Notice that, since here
we consider the server load to be low, both ALC and MLC
result in the same deployment topology. Thus, we show only
the ALC and MCLL baselines in the comparison. Also, in
these baseline solutions, CPU and RB allocations are selected
from a few predefined possible levels, while ensuring that
the response latency of the deployed Apps does not exceed
their required maximum value. We also evaluate STEP-ns,
a variant of STEP with shareability disabled, to isolate the
contribution of STEP’s resource allocation strategy from the
system features it leverages, namely, MS shareability and
multi-version quality selection.

During each event in the system, we measured various
performance metrics and report the average over independent
runs, along with the corresponding 95% confidence intervals.
The percentage improvement or degradation is annotated rel-
ative to the Optimal solution. Fig. 9 (top left) shows the
normalized CPU cost incurred while deploying the MSs of
the requested Apps for the different approaches. Remarkably,
STEP exhibits only a 7% increase in CPU cost compared
to the Optimal, demonstrating efficient resource allocation.
All other approaches have higher CPU costs than STEP and
Optimal, since they do not optimize CPU allocations. STEP-
ns achieves lower CPU cost than STEP because dedicated
MS instances only need to satisfy the latency requirement of
a single App, whereas shared instances require higher CPU
allocation to satisfy multiple Apps simultaneously. Fig. 9 (top
right) presents the normalized memory costs for deploying the

TABLE IV
SENSITIVITY ANALYSIS OF y: CPU COST & DECISION LATENCY

¥ CPU Cost Decision Latency (ms)
3 0.0218 £ 0.0006 24£02
0.0218 =+ 0.0006 2.5+£0.2
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MSs of the requested Apps. Since ALC, MCLL, and E2MS
do not support sharing of MSs across different users or the
Apps requested by the same user, they deploy a higher number
of MSs, leading to a higher memory cost than Optimal and
STEP. Importantly, the memory cost of STEP closely matches
that of Optimal. STEP-ns incurs the same memory cost as the
baselines because it deploys the same number of MS instances
to serve user requests, without benefiting from shareability.
As illustrated in Fig. 9 (bottom left), ALC and MCLL,
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at the cost of higher CPU consumption without providing
a real advantage as all schemes can meet the Apps latency
requirement of 1s. Finally, Fig. 9 (bottom right) shows that
also all downtimes are within the maximum tolerable down-
time. E2MS achieves lower downtime because minimizing this
metric is one of its objectives, while other approaches incur
higher migration downtime compared to the optimal solution.
Interestingly, STEP-ns incurs higher migration downtime than
STEP because shareability reduces migration overhead: when
the destination server already hosts a shared MS instance,
stateless MSs require no migration, and stateful MSs only
require data migration rather than full container migration.

To characterize the trade-off between solution quality and
decision time, we evaluate STEP with v=3,9 in the small-
scale scenario where the optimal solution can be computed.
Table IV reports the deployment cost and decision latency
for different v’s. Remarkably, STEP achieves near-optimal
CPU cost already at y=3, yielding stable values of both
cost and decision latency across the tested values, with low
computational overhead.

C. Large-scale scenario

We now focus on a large-scale scenario with ten MSs: four
stateless MSs (MS1, MS5, MS6, MS7), three stateful shareable
MSs (MS2, MS3, MS4), and three stateful non-shareable MSs
(MS8, MS9, MS10). Further, each MS has two quality levels
(lower and higher, marked with level index 1 and 2). These
MSs are used to create 6 Apps: App;-Appg (the composition
of the Apps will be mentioned later for the different test cases).
Using our testbed (Sec.IIl), we also emulate up to 25 users
(UAVs) moving along pre-defined paths in the edge system
coverage area and request Apps with a rate of 1 request/s.
The App-user relationship is as follows:

Usery, Usery, Usery3, Useryg, Useras  — App;
Users, Userg, Usery4, Useryg — App,
Users, Userg, User;5, Usera; — Apps
Usery, Useryg, Useryg, Useras — Appy
Users, Useryq, Usery7, Userag — App;
Userg, Useryo, Useryg, Useray — Appg -

As a user moves, the MCS used on the radio link between
the user and the BS with which the user communicates varies,
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Fig. 10. Large-scale scenario with single-MS Apps: App response latency (a) of each user and CPU (b), Memory (c), and RB (d) usage of each edge server
when the MS deployment is orchestrated by STEP or its alternatives. Each marker represents the averaged measurement for each user/edge server during

emulation. The normalized standard deviation of each measurement in the case of 25 users is reported in Table V.

according to the user-BS distance. Also, a user always con-
nects with the BS (and the edge server co-located with it) that

offers the best connectivity quality. Upon a handover, STEP (or
the baseline algorithm used for comparison) is executed at the



IEEE_TNSM/R1/Figures/largeScaleMultiple/user_vary_legend_long.pdf

IEEE_TNSM/R1/Figures/|Iarge Sumbetu Vrtpl e Asyd BRERRete rRRd £ 1 gl od s pLEEEaHESIHARL [ F 1 gl ¢ méha ngadea

(a) App response latency (b) cPu (c) Memory (d) No. of RBs

Fig. 11. Large-scale scenario with multiple-MS Apps: App response latency (a) of each user, and CPU (b), Memory (c), and RB (d) usage of each edge
server when the MS deployment is orchestrated by STEP and its alternatives. Each marker represents the averaged measurement of each user/edge server
during emulation. The normalized standard deviation of each measurement in the case of 25 users is reported in Table V.

Kubernetes orchestrator for re-assessing the Apps deployment, tolerable downtime to 2 s. Other parameters such as CPU cycle

and the orchestrator starts MS migration/relocation as needed. and memory requirements, as well as downtime of the MSs

During an experiment, lasting 1,500s, the rate of events are configured based on the values measured in our testbed.

that may cause changes in the MSs deployment (i.e., user

arrival/handover/departure) is set to 3 events/min. For all Apps, We first evaluate the orchestration performance when each

we set the target response latency to 1s and the maximum App is composed of only one MS: App, (MS1), App, (MS2),
App; (MS3), App, (MS4), Apps; (MS5), and Appg (MS6),



TABLE V
STANDARD DEVIATION NORMALIZED TO THE AVERAGE OF EACH
MEASUREMENT FOR 25 USERS (SINGLE-MS ; MULTIPLE-MS)

Algo. | Latency [%] CPU [%] Memory [%] RB [%]
STEP | 22.46 ; 19.79 | 46.36 ; 33.34 | 30.88 ; 42.51 | 51.18 ; 51.03
ALC | 23.03;20.74 | 54.33 ; 64.67 | 51.33 ;52.60 | 29.05 ; 28.99
MCLL | 22.57 ; 20.33 | 50.04 ; 36.05 | 47.77 ; 49.42 | 27.84 ; 27.77
E2MS | 18.16 ; 32.29 | 49.03 ; 41.66 | 47.99 ; 104.81 | 51.11 ; 51.03
SR-CL | 1791 ; - 5348 ; - 4958 ; - 64.74 ; -

and only the low quality level MS (quality index 1) can be
used. In the test, we vary the number of users in the edge from
10 to 25 when STEP and the considered baseline algorithms
are adopted, and show the average App response latency of
each user in Fig. 10a. The average CPU, memory, and RB
usage at each edge server are instead illustrated in Figures 10b,
10c, and 10d, respectively. To further highlight performance
variability, Table V reports the normalized standard deviation
of each metric in the 25-user case.

From Fig. 10a, we observe that in such a simple scenario
all orchestration algorithms achieve a similar (low) value of
latency (about 500 ms), well below the 1s target maximum,
thereby ensuring nearly 100% request success rate. Notably,
ALC, MCLL, and SR-CL reduce latency by about 30ms
compared to STEP, but at the cost of 2.5% higher CPU usage
and 15% higher RB usage (see Figures 10b and 10d). This
highlights STEP’s advantage in balancing user experience with
edge resource consumption. In addition, compared to E2MS,
STEP achieves on average 25ms lower application latency
and lower CPU usage, while consuming the same amount of
RBs, demonstrating the superiority of STEP in MS placement.
As shown in Fig. 10c, STEP reduces edge memory usage
compared to the other schemes when the number of users
at the edge is high, reflecting the benefits of its MS sharing
capability. Finally, Table V provides additional insights into
performance stability by presenting the standard deviation of
the measured performance normalized to its average value.
Looking at the single-MS App case, once can notice that,
while SR-CL and E2MS achieve lower normalized standard
deviation in user latency, they exhibit significantly higher
variability in CPU, memory, and RB usage. This indicates
less stable and less balanced resource allocation. In contrast,
although STEP exhibits higher variability in radio resources
occupation, it shows consistently moderate variability in la-
tency, and significantly lower variability in CPU and memory
consumption than all its alternatives.

Then we evaluate the orchestration performance of
STEP when the composition of the Apps is complex:
App; (MS1—-MS2—MS7), App, (MS1—-MS3—MSS),
App; (MS4—-MS6—MS7), App, (MS5—+MS6), App;
(MS7—MS8), and Apps (MS9—MS10), and each MS has
two quality level options (indexed with 1 and 2). We remark
that, since SR-CL can only orchestrate monolithic services
composed of one MS only, it is excluded from this test.
Similar to the previous tests, we vary the number of users
served by the edge Apps from 10 to 25, and show the average
App response latency of each user in Fig. 1la, and the
average CPU, Memory, and RB usage of each edge server
in Figures 11b, 1lc, and 11d, respectively. Table V reports

the normalized standard deviation of each metric in the
25-user case. To further clarify the performance difference
of the considered schemes, Table VI presents the key
orchestration performance metrics including the deployment
cost C(y, z,7,v), average App quality Q(z), request success
rate, and latency and App quality fairness (based on Jain’s
fairness index).

TABLE VI
LARGE-SCALE SCENARIO: ORCHESTRATION PERFORMANCE (5:0.5)
STEP
Index | |U]| (=0.5) ALC MCLL E2MS
Avg. Dep. | 15 [1.84 £ 0.12[1.99 £ 0.25[2.05 + 0.12 [ 249 + 0.56
cost 20 2.33 &+ 0.15|2.39 £ 0.21 [ 2.51 + 0.11 | 3.19 & 0.70
C(y,2,7,v)| 25 [2.68 &+ 0.13 |3.15 £ 0.29 | 3.21 & 0.10 | 3.93 £ 0.88
Avg. App | 15 [1.52 £ 012 1 1 1
quality | 20 | 1.44 + 0.21 1 1 1
level Q(2) | 25 | 1.49 + 0.19 1 1 1
Avg. orch. | 15[ 166 £9.6 [ 13+£06 | 07 £05 | 13.1 £85
decision |20 | 23.9 £9.8 | 0.7 £ 0.5 | 08 £ 0.5 [156 + 103
latency [ms]| 25 | 434 + 85 | 0.6 = 0.2 | 0.8 £ 05 [232+ 305
Ave. orch. | 15 [0.37 £ 0.43 046 £ 0.29]0.47 £ 0.30 | 0.49 £ 0.34
operation | 20 | 0.38 &+ 0.42 | 0.46 & 0.28 | 0.46 =+ 0.30 | 0.49 + 0.33
latency [s] | 25 |0.34 4 0.41 | 0.49 & 0.50 | 0.57 + 0.29 | 0.52 & 0.32
Avg. App | 15 [0.52 £ 0.50 [0.69 £ 0.39 [ 0.67 + 0.39 [ 0.60 & 0.37
downtime | 20 | 0.52 & 0.50 | 0.68 £ 0.39 | 0.66 + 0.39 | 0.61 & 0.37
per-event [s]| 25 | 0.48 & 0.50 | 0.74 & 0.38 [ 0.71 + 0.37 | 0.63 & 0.34
Avg. num. | 15 [0.62 &+ 0.63 | 1.87 & 1.15] 1.76 + 1.15 [ 1.18 &+ 0.97
mig. MS | 20 | 0.61 + 0.63 | 1.86 & 1.14| 1.71 + 1.14 | 1.21 £ 0.99
per-event | 25 | 0,57 & 0.63 | 2.00 £ 1.09 | 1.74 & 1.10 | 1.20 + 0.92
Request | 15| 94.93% 93.87% 97.06% 99.74%
success | 20 | 98.55% 89.72% 93.37% 97.02%
rate 25| 9532% 85.23% 85.22% 97.78%
15 0.95 0.95 0.96 0.95
Ifﬁfl’;z 20 0.95 0.95 0.96 091
25 0.94 0.95 0.97 0.93
App 15 0.97 1 1 1
quality 20 0.98 1 1 1
fairness 25 0.96 1 1 1

Fig. 11a highlights that E2MS yields the lowest App re-
sponse latency at around 450 ms, but at the expense of the
highest CPU usage (Fig. 11b). STEP, ALC, and MCLL all
achieve around 700 ms latency, yet their trade-offs differ. On
the one hand, STEP consumes about 10% more CPU and
1.7% more memory than ALC and MCLL (Figures 11b-
11c), mainly because it prioritizes higher MS quality levels
(as confirmed by the values in Table VI). On the other
hand, STEP requires about 15% fewer RBs than ALC and
MCLL (Fig. 11d). According to Table V, STEP achieves the
lowest normalized standard deviation for user latency, and
substantially lower CPU and memory usage in the case of
25 users, which again demonstrates robustness and stability
of STEP in complex application scenario.

Overall, Table VI indicates that STEP consistently achieves
the lowest deployment cost and highest App quality across
all cases and exhibits the slowest cost increase as the number
of users grows. Although STEP incurs a higher orchestration
decision latency (on the order of tens of milliseconds), it
achieves the lowest migration operation latency, resulting in
an overall reduction of total orchestration time (decision +



operation) by up to 20% compared to its alternatives. These
results are consistent with the scalability properties of the de-
cision graph construction discussed in Sec. VII-B. Moreover,
STEP yields the smallest App downtime and the minimum
number of migrated microservices per event, demonstrating
its effectiveness in limiting service disruption and improving
system stability. While E2MS excels in request success rate
due to aggressive resource consumption, STEP achieves the
second-best success rate (never falling below 90%), together
with higher App quality. This comes at the cost of a slightly
lower latency compared to the benchmarks, but still below the
maximum tolerable value, and quality fairness that, however,
results from the higher-quality MSs it yields.

TABLE VII
LARGE-SCALE SCENARIO: ORCHESTRATION PERFORMANCE FOR 25
USERS AND VARYING 3

5 value 0.25 0.50 0.75 0.90
Ave. CPU 1) 1 03 1 8122350 + 831 8.69 &+ 9.82 | 6.07 & 9.47
usage [%]

Avg. Memory |, 13 4 50411985 + 7.49[14.08 + 8.96| 13.06 & 9.60
usage [%]

Ave. RB 15 0 4 834(25.50 + 9.55|25.58 + 8.64(25.99 + 9.65
usage [%]

Avg. Dep. cost| , 5o | 15 {268 + 013 | 1.93 £ 018 | 1.8 + 0.12
C(y,z,7,v)

AVE APP | 5o 4 (15 | 149 4 0.15 | 144 £ 0.16 | 1.34 + 0.10
quality Q(z)

Moreover, to validate STEP’s orchestration performance
in different application scenarios, we evaluate the impact of
varying [ values in the objective function (4a). We recall
that a larger 5 places more emphasis on minimizing system
resource usage, while a smaller § prioritizes user experience.
The results in Table VII highlight that the average deployment
cost C(y, z,7,v) decreases as 3 grows, with a reduction of
up to 35.48%. A similar trend can be observed for CPU and
memory usage, while RB usage remains nearly constant across
different 3 values. However, this improvement in resource
efficiency comes at the expense of user performance, in
which the average App quality decreases by up to 10%. This
confirms that, through the 3 weight in the objective, STEP
can strike the desired trade-off between system efficiency and
user experience.

In summary, STEP demonstrates robust orchestration effi-
ciency across a variety of scenarios. In the case of simpler
Apps compositions, it effectively balances latency with CPU,
RB, and memory usage, outperforming baselines in overall
resource efficiency. In the case of more complex Apps, STEP
achieves the lowest deployment cost and consistently delivers
high App quality with acceptable fairness, while maintaining
competitive latency and success rates. These results confirm
STEP’s ability to strike an excellent balance between user
experience and system resource utilization, validating its suit-
ability for large-scale multi-user edge environments.

IX. CONCLUSIONS

We addressed the efficient management of composite Apps
consisting of stateful and stateless MSs at the network edge.
We formulated the MAP problem to minimize deployment
costs while meeting performance constraints of the requested
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Apps and proved its NP-hardness. Our low complexity solu-
tion, STEP, exploits multi-layer DNTG to model deployment
choices, and effectively increases the system performance by
enabling MS shareability, CPU recalibration, and MS version
adaptation. Evaluation on a small-scale scenario demonstrated
STEP’s near-optimal performance with only 7% higher CPU
cost, reduced memory and CPU costs compared to the baseline
approaches. Large-scale Kubernetes cluster experiments fur-
ther validated STEP’s efficiency, achieving up to 50% lower
deployment costs than competing methods while delivering
50% higher the app quality and 15% lower radio resources.

An important real-world application of our framework is in
edge-Al scenarios, where Al models are deployed as MSs at
the edge and naturally exist in multiple versions, each offering
different levels of inference accuracy and resource demands.
The ability of STEP to dynamically select MS versions based
on available resources and QoS requirements makes it directly
applicable to such scenarios. Future research directions include
extending STEP to support proactive migration based on
predicted user mobility, anticipating handover events, and pre-
deploying MSs before they need to be used.
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APPENDIX A
RESPONSE LATENCY AND MIGRATION DOWNTIME
EXPRESSIONS

The processing latency and communication latency experi-
enced by user u requesting App .A; are given by:

proc n.q.q
u,Aj_E: E:E:E:ysz uz WE-AJ'.
neN qeQ, i s>0
n ,q w' 1
Zu’EZ/l ZA IGA u’ i ij/ ' TLEAJ'/ *Tn,q (6)
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where, d, s is the delay of the link between s and s, ie.,
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Here, B, o represents Network bandwidth between two
edge servers s, s’ in bytes/s.

The downtime expressions for stateless relocation, stateful
migration, and user state migration are respectively given by:

FION(E) = _max d-(1-a,)
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Finally overall App downtime is then:
down __ stateless  gstateful  cstate
DU,AJ‘ = maX[(;u“Aj ’5U,Aj ’5U,AJ’] . (12)

APPENDIX B
MATHEMATICAL FORMULATION OF MAP CONSTRAINTS

This appendix provides the full mathematical formulation of
the constraints of the MAP problem introduced in Section V,
organized into the three categories described therein.

App constraints: The constraints (13) and (14) ensure that
the total delay and downtime of 4; for v are within their
respective maximum tolerance level.

d"roc + dya, <la,, Yuel VA€ A"
Dg(’)mr: <DAJ- s VUEU, V.AjEA.

(13)
(14)



MSs constraints: Every instance of MS n of quality ¢ must
be placed, as guaranteed by Constraint (15), while unused
instances of the MSs must be on the dummy server, as ensured
by Constraint (16). If MS n is shareable among the Apps
requested by different users, at most one instance of n per
server is possible (Constraint (17)). If user u is served by
an instance of a stateful non-shareable MS, constraint (18)
ensures that it is served by the same MS instance in the
new deployment topology. Constraint (19) ensures that if an
instance of stateful, non shareable MS is deployed, it must
be used by a single user. Constraint (20) imposes that a user
can access only one instance of a specific MS at any given
time. Constraint (21) makes sure that the entry MSs of Apps
requested by the same user must be deployed on the same
Server.
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System constraints: Constraints (22) and (23) ensure
(resp.) that the total memory and CPU allocated to the MS
instances of the requested Apps do not exceed the server’s ca-
pability. Constraint (24) ensures that the sum of RBs allocated
to all users connected to server s does not exceed the number
of available RBs.
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