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Abstract—The proliferation of Internet of Things (loT), Artificial Intelligence (Al), and real-time data processing applications has driven
the demand for distributed computing architectures that span cloud, fog, and edge layers in a computing continuum. These
architectures must address critical challenges in component placement and resource optimization to ensure low latency, cost efficiency,
and compliance with Quality of Service (QoS) constraints. This paper introduces a novel optimization framework for addressing the
joint problem of component placement and resource optimization in computing continua. The framework employs a Mixed Integer
Nonlinear Programming model, where application components are modeled as a Directed Acyclic Graph, and their performance is
predicted using analytical models. A Karush-Kuhn-Tucker (KKT)-based method is employed to compute the optimal number of virtual
machine instances for a given component placement. This optimization is embedded within a reinforcement learning (RL) loop that
iteratively refines placement decisions in response to workload fluctuations. This hybrid approach ensures cost-effectiveness while
adhering to QoS constraints. Extensive experimental evaluations demonstrate the superiority of our framework. It outperforms leading
approaches, including BARON solver, SPACE4AI-D, PPO_DLX, and a minimum k-cut baseline, achieving average cost reductions of
19%, 60%, 11%, and 6%, respectively, under dynamic workload conditions. These results highlight the efficiency, scalability, and
adaptability of our approach, making it a robust solution for the demands of modern distributed systems.

Index Terms—Edge, Cloud computing, Component placement, Resource optimization, Reinforcement Learning.

1 INTRODUCTION

The rapid expansion of the Internet of Things (IoT),
Artificial Intelligence (Al), and real-time data processing ap-
plications has necessitated the development of distributed
computing architectures. These architectures span a com-
puting continuum, which integrates centralized cloud re-
sources with decentralized fog and edge computing infras-
tructures to meet the demands of modern applications that
require low-latency, high bandwidth, and energy-efficient
processing across multiple layers of the network [1]. As
the number of IoT devices grows exponentially, expected
to exceed 128 billion by 2027 [2], and the variety of ap-
plications that depend on real-time processing proliferates,
efficient component placement and resource optimization
have become critical challenges that must be addressed to
fully exploit the potential of the computing continuum.
Specifically, determining how to place software components
across the cloud, fog, and edge layers and how to allocate
computational resources (e.g., CPU, memory, bandwidth)
dynamically and efficiently are central to minimizing the
system cost, particularly under Quality of Service (QoS)
response time constraints [3], [4]. Poor placement of ap-
plication components can lead to suboptimal performance,
increased latency, and inefficient resource utilization, while
inadequate resource allocation can cause system overloads
or resource underutilization. Traditionally, resource alloca-
tion and component placement problems have been solved
using heuristic approaches [5] or by relying on static opti-

e H. Sedghani and D. Ardagna are with Politecnico di Milano. Milan,
Italy. Email: {name.lastname}@polimi.it (Corresponding author: Hamta
Sedghani, Email: hamta.sedghani@polimi.it)

e M. Passacantando is with University of Milano-Bicocca, Milan, Italy,
Email: mauro.passacantando@unimib.it.

mization techniques [6], often as separate problems. While
these methods have produced some promising results, they
often struggle to adapt to the dynamic nature of the com-
puting continuum, when any change in the system status is
observed (e.g., a demand increase or unexpected workload
fluctuations) in real time [7].

To overcome these limitations, Al-driven orchestration
is emerging as a promising paradigm for managing the
complexity and dynamism of the computing continuum.
By leveraging predictive analytics, Reinforcement Learning
(RL), and online optimization, Al-based orchestrators can
make informed decisions in response to real-time changes in
workload and network conditions. These systems continu-
ously learn from operational data to anticipate demand fluc-
tuations and optimize deployments with minimal human
intervention, thereby improving service continuity, resource
efficiency, and compliance with QoS requirements [8].

In this paper, we formulate a joint component place-
ment and resource allocation problem as a Mixed Integer
Nonlinear Programming (MINLP) model, where applica-
tions are represented as Directed Acyclic Graphs (DAGs)
and their performance is evaluated through queuing-theory
models. However, solving this MINLP formulation becomes
computationally intractable for realistic system scales due
to the exponential growth of the placement space and the
non-convexity introduced by response time constraints. To
address this challenge, we propose a novel optimization
framework that partitions the problem into resource allo-
cation and component placement subproblems. Specifically,
initially, assuming a fixed placement for all components,
we analytically derive the optimal number of virtual ma-
chine (VM) instances for each layer of the continuum to
meet response time constraints using the Karush Kuhn
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Tucker (KKT) conditions, capitalizing on the structure of
the queueing-based model. Subsequently (and by relying
on the KKT solution), we solve the component placement
problem employing RL, which efficiently explores the ex-
tensive discrete action space and identifies effective place-
ment strategies based on environmental feedback. On the
one hand, from a theoretical standpoint, this decomposi-
tion enables us to utilize convex optimization tools where
applicable (resource sizing), while applying learning-based
methods where exact solutions are computationally pro-
hibitive (placement). On the other hand, from a practical
perspective, the decoupled approach facilitates scalable and
modular implementation, which is crucial in large-scale or
dynamic computing continua.
In summary, our main contributions are the following:

1) We formulate a Mixed Integer Nonlinear Programming
(MINLP) model to address the joint components place-
ment and resource optimization problem.

2) We propose an optimization framework that integrates
analytical and learning-based methodologies. By employ-
ing the KKT-based approach, we optimize resource alloca-
tion under fixed component placement. Subsequently, we
leverage RL to adaptively determine optimal placements
in response to dynamic system conditions. This hybrid
approach ensures both cost-effectiveness and adherence
to performance constraints within dynamic computing
environments.

3) We evaluated the performance of our resource optimiza-
tion approach using the BARON [9] state-of-the-art global
solver as a benchmark. The experimental results demon-
strate that our approach is capable of finding the opti-
mal solution at least 10 times faster than BARON, with
a worst-case cost deviation of no more than 2% with
respect to BARON. This highlights the efficiency and near-
optimality of our method in terms of both speed and cost-
effectiveness.

4) We evaluated the performance of our framework against
several prominent approaches, including BARON, the
SPACE4AI-D framework [10], a recently proposed ap-
proach based on RL, and the Dancing Links technique pre-
sented in [11] (referred to as PPO_DLX). Furthermore, we
benchmarked our framework against a baseline approach
based on the minimum k-cut algorithm. Experimental re-
sults demonstrate that our framework consistently outper-
formed these state-of-the-art methods in various dynamic
workload scenarios. Under fluctuating system conditions,
our framework achieved significant average cost reduc-
tions of approximately 19%, 60%, 11%, and 6% compared
to BARON, SPACE4AI-D, PPO_DLX, and minimum k-cut,
respectively.

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the application and the computing con-
tinuum model considered in this work. Section 3 presents
the formal mathematical formulation of the joint resource
allocation and component placement problem. Section 4
provides a high-level overview of the proposed solution
framework. The detailed descriptions of the KKT-based
optimization approach for resource allocation and the RL
method for component placement are elaborated in Sec-
tions 5 and 6, respectively. The experimental setup and
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results are discussed in Section 7, demonstrating the ef-
fectiveness of our approach. Related work is reviewed in
Section 8, and conclusions are drawn in Section 9.

2 APPLICATION AND RESOURCE MODELS

In this section, we introduce the general model devel-
oped for our resource optimization and application com-
ponents placement tool. In particular, we describe the ap-
plication model in Section 2.1, we discuss the Quality of
Service requirements in Section 2.2, and we introduce the
computing continuum resource model in Section 2.3.
2.1 Application components model

As in other literature works ([10], [12], [13], [14]), each
application is modeled as a DAG (see Figure 1), where the
nodes correspond to individual components and the edges
represent communication dependencies between them. Fig-
ure 1 illustrates a reference application related to the main-
tenance and inspection of wind farms [4], [10]. The five
components which have heterogeneous demands in terms
of computational power and QoS constraints, can be exe-
cuted on different candidate resources. We assume that each
component is a Python function that can run in a Docker
container deployed in an edge device and in a cloud Virtual
Machine (VM). For the sake of simplicity and according
to other literature proposals [15], [16], [17], we assume
that the DAG includes a single entry point, characterized
by the input exogenous workload X\ (expressed in terms
of requests/sec), and a single exit point. We assume that
the inter-arrival time of requests, i.e., 1/}, is exponentially
distributed [18]. Moreover, we consider DAGs including
only sequential execution and branches, since, as in [15], we
assume that loops are unfolded (or peeled) while parallel
execution is not supported in this work.

[~~~ "computational Layer

Figure 1: DAG placement, identifying wind turbines blade damage.

We denote the set of all application components by
Z. The directed edge from node ¢ to node k is labeled
with (p*, §%%), where p®* is the transition probability from
component i to component k, and §* denotes the size of
data transferred between the components. Each component
1 € T is also characterized by a total load A; that depends
on A and on the transition probabilities related to all its
predecessors (i.e., all components k € Z such that p** > 0).
In particular, let Prect C T be the set of all components k
executed immediately before i. Then:

i = Z pkl)\k- (1)
ke Prect
2.2 Quality of Service requirements
The main QoS requirement we consider in our system is
the response time. For each component i € 7, R denotes
the average response time.
We define execution paths as sequences of application
components that go from the entry point to the exit point
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of the DAG. The set of all execution paths ep in the DAG is
denoted by £P. We also define a path P as a set of consec-
utive components included in an execution path ep € EP.
We denote by Rp the response time of each path P C ep.
QoS requirements may be imposed on both the response
time of a single component and the response time of all
components included in a path. Formally, we define local

constraint as an upper bound threshold LR; for the response
time of an individual component ¢ € Z. We characterize the
set of local constraints as: o
£C={(i,LR;): i € I, R; < LR:}. @)
Similarly, a global constraint is a threshold GRp for the
response time of the set of components included in a given
path P. The set of global constraints is:
GC = {(P,GRp): P Cep, ep € EP, Rp < GRp}. (3)
Section 3.2 outlines the methodology for determining R;
and Rp.

2.3 Resources general model

In our system model, we assume that all resources in
computing continuum are virtualized (though our model
is flexible enough to accommodate container-based sys-
tems), and henceforth, we refer to these resources as virtual
machines (VMs). We define distinct computational layers,
each comprising multiple instances of a specific VM type.
The specific VM type per layer can be selected among
multiple candidate VM types during the system design
time or determined by the system administrator based
on operational requirements [10]. We denote the set of
VMs in Edge and Cloud layers by J: = {1,...,E} and
Jo = {E +1,..., E + C}, respectively. Consequently, the
set of all VMs in computing continuum will be denoted
as J = Je U Je. For each j € J, the total number of
available instances is denoted by N; € N. Note that, as
each computational layer is associated with a distinct virtual
machine type, we henceforth utilize the term “layer j” to
denote the virtual machine indexed as j.

Communications in the computing continuum are en-
abled by a set D of network domains connecting layers to
each other and with the remote cloud back-end. Each d € D
is associated with a given technology, characterized by the
bandwidth B?. Computational layers are included in, possi-
bly, multiple network domains. For each network domain d,
we define ND? = {ly,--- , 1,4} as the set of layers included
in the network domain. To properly evaluate the response
time of components, we need to compute the network delay
due to data transmissions between consecutive components
executed on different layers belonging to the same network
domain d € D, depending on B? and the amount of trans-
ferred data (see, e.g., [19]). Moreover, the network transfer
time between consecutive components is needed to correctly
evaluate the global execution time of a path, as detailed
in Section 3.2.

The cost of virtualized resources, denoted by c;, is pri-
marily determined in Edge layers by their associated energy
consumption, whereas the cost of virtualized resources in
Cloud layers is characterized by per-second pricing for VMs
[20], [21]. The component placement problem addressed
in this paper is illustrated in Figure 1. The objective is
to optimally allocate the components of the application
DAG across appropriate layers to minimize total costs while
satisfying some local and global QoS constraints. All the

parameters and variables are summarized in Table 1.

Parameters
T Set of component indices
Te. 7 Set of indices of all VM types in the Edge and Cloud,
&YC  respectively.
J Set of indices of all computing continuum resources.
D Set of existing network domains
NDA Set of layers I included in the network domain d
e Set of tuples including a component ¢ and an upper
bound threshold for the response time of component 4
P Set of paths in the application DAG
g Set of of tuples including a path P and a threshold for
the total response time of path P
A Input exogenous workload
Ad Incoming workload of component ¢
ptk Probability of running component & after component ¢
dik Data size transferred between components ¢ and k
m Memory requirement of component ¢
M; Maximum memory available on VM type j € J
N; Number of available instances of VM type j € J
cj Execution cost on VM type j € J
Dy Demanding time of component ¢ on layer j € J
B4 Bandwidth of network domain d
LR; Threshold for the response time of component ¢
GRp Threshold for the total response time of a path P
Decision Variables
Tij 1 if component ¢ placed on layer j, 0 otherwise
n; Number of instances on layer j assigned to components

Table 1: Parameters and decision variables

3 PROBLEM FORMULATION

This section presents the mathematical formulation of
our problem. Section 3.1 introduces the decision variables
and placement constraints, while the performance model
and cost are described in Section 3.2. The complete model is
finally presented in Section 3.3.

3.1 Decision variables and allocation constraints

The joint component placement and resource optimiza-
tion problem we tackle in this paper is formulated as a
Mixed Integer Nonlinear Programming (MINLP) problem.

We define the assignment decisions (i.e., we characterize
which resource is assigned to each component), by introduc-
ing the binary variables:

- _ ) 1 if component i is deployed at layer j € 7,

P70 0 otherwise.

Every component can be assigned to a single layer:
Z Tij = 1 Viel (5)
J€T
Moreover, the maximum number of components that can be
co-located at each layer j is limited by the available memory
M;. Let m; be the memory required by component i, as
described in Section 2.1. The total memory requirement at
layer j can be defined by summing the contribution of all
components possibly executed at layer j, which entails:
Zmiirij < M; vVjedJd, 6)
=
Finally, requests cannot move back from cloud to edge [10].
This means that, if component ¢ is executed on cloud layers,
the next consecutive components in application DAG must
not be executed on Edge layers. Thus, we impose:
pikxij < Z Tkl Vz,k € Iv j S jC7 (7)
leJde
which ensures that if pikxij = 1, then component k and all
the next consecutive components must also be placed in the
cloud.

)
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3.2 Performance Model and cost

This section discusses the performance models that we
used to characterize the response time of components ex-
ecuted on different resource types. To predict the perfor-
mance of each component, we employ M/G/1 queues as-
suming processor sharing (as in other Edge-Cloud systems
research works [10], [19], [22], [23], [24]), which provides
a robust framework for modeling systems with general
service time distributions and varying workloads. For each
layer j, we denote by D;; the demanding time to run
component ¢ at layer j € 7, i.e., the average time required
to run component ¢ at layer j without resource contention
(see [25]). As mentioned in Section 2.3, we denote by V;
the maximum number of instances of VM j that can be
selected in the placement (e.g., associated with reserved
instances [26], [27], [28], [29]), and we introduce a variable
n; to count the number of instances in use. Note that the
load is shared evenly among all VM instances used to run a
single component.

As in [10], [19], each VM is modeled as a single server
multiple class queue system (i.e., as an individual M/G/1
queue), the response time of a component i possibly de-
ployed at any layer j € J can be computed as

o Dijaq;
Ro= 30 PO ®)
JET
where Uj is the utilization of layer j, defined as
y, = Ziez Dutihi 9)
n;

We further need to prescribe that if any component
is executed at a layer j, this is not saturated, i.e., that
the equilibrium conditions for the M/G/1 queue hold. In
particular, this is equivalent to prescribe

ZDijxij)\i < nj. (10)
i€

To define the response time of a path comprising con-
secutive components of the application DAG, it is essential
to account for both the response time of each component
and the network delay. The network delay incurred by data
transmission between two consecutive components when
they are placed on different layers (i.e., all components
i,k € I such that p** > 0) is

ik

> Bawmijzi®
IAET G
where B is the bandwidth between layers j and [. If we
consider any path P, i.e., any sequence of components, the
relative response time Rp can be defined as follows:

tik = (11)

Rp = ZRi + Z tik, (12)
i€ P i,kEP,
i€Preck

where the first term represents the response time of all
components in the path, and the last one denotes the net-
work delay due to data transfer operations among different
components. The total cost of VMs can be computed as

cost = Z cing.
i€T
3.3 Optimization problem
The optimization model presented in this work ad-
dresses the joint component placement and resource opti-
mization, whose objective is to minimize the total appli-

(13)
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cation execution costs while ensuring QoS guarantees. The
MINLP formulation of the problem reads:

min Z cin; (P1a)
Nj,Tij <
jeg
subject to:
Sawi=1 VieI (Plb)
jeT
S imimi; < M; vieJ (Pl
1€T
p ey < Z Tkl Vi,k €I, j € Jc (P1d)
lede
> Dijzihi < ny VieJ (Ple)
1€T
D;jz; _— e
Z( JIJ)SL ; V (i,LR;) € £C  (P1f)
. 1-U;
JET
Sik —= —=
Ri + <GRp V(P,GRp)ecgC (Plg)
iZk J,J;#l )
n; < Ny vVjieJ (Plh)
nj €N vjeJg (Pl)
zi; € {0,1} VieZ, jeJ (Pl

Constraints (P1b)—(Ple) are already described in previous
sections. Constraints (P1f) and (P1g) guarantee the local and
global constraints, respectively. Constraint (P1h) ensures
that the number of VM instances at layer j assigned to the
components does not exceed the number of available VM
instances at layer j. Finally, Constraints (P1i)-(P1j) define
the decision variables domain. Note that, while our frame-
work minimizes cost as the primary objective, latency is
rigorously enforced through strict response time constraints,
ensuring support for latency-sensitive applications within
predefined performance bounds.

Theorem 3.1. Constraints (P1lg) in problem (P1) are non-
convex.

Proof. The proof is given in Appendix. O

4 GENERAL SOLUTION

Problem (P1), discussed in the preceding section, is
a MINLP with non-convex constraints (P1g). Non-convex
problems present substantial challenges due the absence
of optimality guarantees and their classification as NP-
hard problems. To simplify (P1), we decompose it into two
subproblems, each focusing on one of the decision variables:
either z;; or n;.

In the first subproblem, we assume a fixed component
assignment, thereby setting a priori the decision variables
245. By doing so, the transmission delay in (P1g) becomes
known, leading to a convex formulation of (P1g). Specifi-
cally, the inequality (P1g) can be rewritten as:

> Ri<THp
ieP
where

Z 5ik

THp = GRp — _
i,kEP: > Buwijrw
i Toaled,
G#L

(14)

ik,
i€Prec

is the new threshold for the consecutive components in path
P, which takes into account the transmission delay. So, for
every execution path we can define (P,THp) € GC as an
equivalent global constraint.

In this setting, the problem can be formulated as follows:

min cing
ni E: L]

7 jeg

k
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subject to:

Z Dijzij/\z < nj
i€l

vieJd

n;iD;jx;;
fe7 i — Xwez D
Z Z n;Dijxij < THp
iepjeg 9~ Yirez Dirjai Ay
n; < Nj vieJ
n; €N vVjieJd
If, as in [30], [31], we relax the integrality of n; and
define the constants z;; = D;;x5, Zp; = Z};eP 2k and
Lj =3 ;c7 DijxijA;, then we can simplify the optimization
problem as follows:

<LR; Y (i, LR;) € LC

Vv (P,THp) € GC

min Z cing (P2a)
" jeg
subject to:
RiZi < TR, v (i,IR;) € LC (P2b)
jez ™~ Li
niZPi oy, v (P,THp) € GC (P20)
jeg ™~ L
n; < N vieJT (P2d)
n; > L vieT (P2¢)
Theorem 4.1. Problem (P2) is convex.
Proof. The proof is given in Appendix. O

Although problem (P2) is convex, the constraints are
coupled, meaning the solution for n; is interdependent
across different constraints. The global and local constraints
involve sums over all j, making it challenging to determine
the optimal values of n; in closed form. Consequently, we
resort to Hierarchical Decomposition [32] to approximate
the nonlinear problem by solving a series of subproblems hi-
erarchically. In Section 5, we propose a KKT-based approach
to find a near-optimal solution for the problem.

The second subproblem of (P1) pertains to the compo-
nent placement problem, where z;; are the only decision
variables. For each value of z;;, we can obtain a near-
optimal solution for n; by solving the first subproblem. To
address this second subproblem, we proposed a reinforce-
ment learning approach, as outlined in Section 6.

An overview of the general solution is presented in
Figure 2, illustrating the iterative training process of the
proposed RL framework. The process begins with a random
initial placement (however compliant with (P1) constraints),
and at each iteration, the analytical method described in
Section 5 is used to compute the optimal number of VM
instances, n*, for the given placement. This enables an
efficient evaluation of the system performance and cost.
The resulting performance metrics are then used to derive
a reward signal, which guides the RL agent in updating its
placement strategy. This loop continues until the learning
process reaches the maximum number of iterations. The
integration of closed-form analytical solutions into the RL
loop not only ensures scalability but also accelerates train-
ing by eliminating the need for computationally intensive
simulations or external solvers.

5 RESOURCE ALLOCATION PROBLEM SOLUTION

THROUGH KKT CONDITIONS

In this section, we propose an approach to solve the
resource allocation problem (P2). As discussed in the pre-
vious section, the interdependencies between the decision

[ Initial placement (action) and state ]

X, S

X, s

Compute n* through proposed approach in Section 5

n’(4,x) / \n* 4,%)
Compute new state Compute cost and reward
S'through (23) hrough equations (26), (27)

!

s reward

Generate new action x'(placement in Section 6)

ax training iterations reached

*Yes

Figure 2: General solution flowchart.

variables n; across both local and global constraints make
it infeasible to derive a general closed-form solution for
n;. This complexity arises due to the collocation of com-
ponents on shared resources and the interaction between
local and global constraints. Therefore, to address this chal-
lenge, we employ a hierarchical decomposition approach
to find a near-optimal solution for n;. Our approach in-
volves first solving (P2) under local constraints indepen-
dently—disregarding the global constraints—to obtain the
optimal number of resources that satisfy the local conditions
(see Section 5.1). This solution serves as a lower bound
for (P2). Next, we consider the complete (P2) formulation
that includes the global constraints to refine the resource
allocation and ensure that the global requirements are met
(see Section 5.2).
5.1 Solving (P2) without global constraints

Given that local constraints are independent, the optimal
number of instances can be determined by equating the re-
sponse time of component ¢ to the local constraint threshold
LR;. This approach ensures the minimum number of VM
instances required to satisfy LR;, defined as n?, is computed
efficiently, because if the constraint holds as strict inequal-
ity rather than equality, it indicates an over-allocation of
resources. Specifically, if a single component i is allocated
at layer j, then we impose:

TL;ZU —_—
——— = LR;,
n; — Lj
and we get o
n; = JiR (15)
LRI — Zij

In the case that more than one components are running on
the same layer j (i.e. > ;.7 z;; > 1) and a local constraint is
defined for multiple components, we will have:

n; = max nj. (16)

(i,LR;)ELC
Since n; must be integer, we round n; into the next integer,
and we define NC; = [n;] as the minimum number of

resource j to satisfy local constraints. Moreover, if resource
J is not running any components with local constraint, we
only need to avoid saturation by considering n; > L, thus
NC; = |L;] + 1.
5.2 Solving (P2) with global constraints

To identify the optimal n; that simultaneously satisfy
the global constraints, we must introduce additional virtual

1.1f L; is an integer, [L;] does not guarantee the saturation con-
straint n; > L;, thus we define NC; = |L;| + 1 to ensure that the
constraint holds.
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machines n/; that are necessary in addition to NCj. So we

define n; as follows: n, = NC; + n;
Moreover, according to the constraint on total number of
resources (P1h) in the complete problem, we define an upper
bound for n; as follows:

Nj = N; — NCj, (17)
where N. 7’ > 0.

Since solving (P2) with multiple global constraints is
challenging due to the interdependencies of n/; across dif-
ferent global constraints, we will consider global constraints
incrementally. The closed-form expressions derived for local
constraints (i.e., NC; in the preceding subsection) serve
as the initial lower bound for the global constraints. We
solve (P2) with one global constraint at a time, iteratively
updating the lower bound at each layer based on the solu-
tion of the current global constraint. This approach enables
incremental addressing of subsequent global constraints
until all global constraints are considered, resulting in a
feasible and near-optimal solution.

5.2.1 Solving (P2) with one global constraint

In the following, we consider (P2) with only one global
constraint (P,THp) € GC. Let Jp C J be the set of all the
resources running the components involved in the global
constraint. Consequently, with the removal of the local and
saturation constraints, problem (P2) can then be expressed

as follows: . /
H:}Il Z cing (P3a)
J jeTp
subject to
NCj; +n')Zpj
Z % < THp (P3b)
&5, NG+l —L;
0<n; <N} vj € Jp (P3c)

Theorem 5.1. The optimal solution n'* of problem (P3) is given
as follows:

Iy, WOENDZE o THp, then (P3) is unfeasible.
jeEITP

NCj-‘rNJ,-—Lj

If Y NCiZri < THp, then n/f =0 forany j € J,

&3 chij =~ P/ i y] P-
»

(NCj+N})Zp;
If X ch+Njf—Lj <THp < )
j€ETP j€TP
N Vi€eJTp,

Lj—NQ+uMi%ﬁ—VjeJ;, (18)
0  vjieJde,

where { T8, J5 . J5 } is a partition of Jp,

> VLiZpjc;

ieT>
i€Jp

NGC; Zp;

NC L,/ then

TL/* =
;=

o =

, (19
NC;Zp;

] NC;—L
i€Ip

(ch+N]’.)zpj
. T, .
NC.7+N_7’ L;

THp — Z ZP.] -
Ji€TE
and the following conditions hold:
a < B;
a

Bi <a <7

7 jedE
VjeJp,
VieJdp,
Vijedp,

(20)
(21)
(22)
with

NC; — L, NG + N} — L

R
VLiZpj/c; ’ VL;iZpj/c;

Proof. The proof is given in Appendix. O

Bj =

Theorem 5.1 investigates all possible conditions related
to the global constraint (P, T Hp). The first condition states
that if all available instances across all layers involved in the
path are allocated and the constraint remains unsatisfied,

6

Algorithm 1 Finding the optimal partition {73, 5, J5 }
for (P3)

1: forh:(),...,|jp\ do

2: Jp < {ji€Jp,: 1 <i<h}

3 fork=0...,|Jp|do

4 Ip < {ji € Tp, : |Tp|—k+1<i<|Tp|}\T5
5: Jp {5 €Tp, - 1<i<|Tp|—k}\Tp

6: compute « defined in (19)

7 if conditions (20)—(22) hold then STOP

8: end if

9: end for

10: end for

no feasible solution exists for the problem. The second
condition asserts that no additional instances are required
if the current allocation satisfies the constraint. Finally,
the third and most significant condition states that if the
current allocation fails to satisfy the constraint, yet full
allocation of instances would meet it, the optimal number
of additional instances across all layers can be determined
using the closed-form expression in (18), provided that
conditions (20)-(22) are met. In other words, Theorem 5.1
states that if (P2) is feasible and a specific resource par-
titioning {73, J5,Jp } satisfies conditions (20)-(22), then
a closed-form solution exists for determining the optimal
additional instances. Although determining the optimal re-
source partitioning is inherently a combinatorial problem,
Theorem 5.1 establishes well-defined criteria (5; and +;) for
sorting resources, enabling the efficient computation of the
optimal partitioning and, consequently, the optimal value
of n*. Furthermore, since « is derived from an analytical
formula rather than requiring exhaustive combinatorial enu-
meration, our following exact algorithm with polynomial
time complexity effectively transforms the problem into a
more computationally tractable form, significantly reducing
its complexity (see Algorithm 1). First, we sort resources
in Jp based on the ; and +; values. We define the list
of layer indices Jp, = [j1,...,7,|] Which is sorted as
ﬁjl é 5]’2 S e S ﬂjlﬂp\’ and define jp,y = [jh e 7j|jp‘]
which is sorted according to v;, < vy, < --- < Yirgpl- The
parameters 3; and ; capture the relative availability and
cost-effectiveness of resource j, considering both its current
allocation and potential expansion, respectively. Specifically,
3; reflects the extent to which the already allocated instances
(NCj) deviate from the required L;, normalized by cost
and demand factors. Since 3; is tied to existing allocations,
the impact of cost c¢; on the optimal solution is relatively
limited. In contrast, v; represents the deviation of the fully
allocated resource j (NC; + Nj'-) from L;, indicating the
cost-effectiveness of expanding resource j with additional
instances. A higher v; implies a higher cost for fully allo-
cating that resource, making it less desirable in an optimal
allocation. Based on this reasoning, the algorithm prioritizes
selecting resources with smaller v; to minimize cost when
fully allocating new instances (N}). At the same time, it
prefers resources with larger (3;, ensuring that resources
with higher available capacity (NC}) are utilized first to
preserve feasibility and avoid relying on more expensive
expansions. This resource partitioning strategy balances cost
efficiency and resource availability, optimizing the alloca-
tion process.
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Given the properties of the optimal solution of problem
(P3), proved in Theorem 5.1, Algorithm 1 terminates after
at most O(|Jp|?) iterations providing the optimal partition
{TJP,J5,J5} (see the Appendix for some additional con-
siderations). Note that, in the worst case, during the final
iteration of the outer loop, all layers of Jp will be assigned
to the equality set (J5 < Jp, as stated in line 2). This
implies that all remaining VM instances (N J’-) will be utilized
across all layers.

5.2.2 Solving (P2) with multiple global constraints

After solving the problem for a given global constraint
(P,THp), the lower bound for each layer is updated, and
the remaining global constraints are addressed incremen-
tally. The approach involves adding one constraint at a
time, where the solution of each constraint helps identify
additional lower bounds. Once all global constraints have
been addressed, the process yields the final solution.

Algorithm 2 outlines the proposed approach in detail
for obtaining a near-optimal number of resources. We first
obtain the required number of instances to satisfy local con-
straint as described in Section 5.1 (lines 1-6). For resources
running at least one component (L; > 0) but not involved
in any local constraints, we compute the necessary number
of instances to prevent saturation (lines 7-10). Next, for all
resources, we check if the required number of instances
(NC) exceeds the maximum available instances; if so, the
solution is deemed unfeasible (lines 11-14), otherwise, we
add the global constraints iteratively. If the total instances
of all resources involved in the global constraint (P, THp)
are insufficient to meet the threshold T Hp (first condition
of Theorem 5.1), then the placement is also unfeasible (lines
15-19). If the currently assigned number of instances (/NC)
is sufficient to satisfy (P, T Hp), no additional resources are
required (lines 20-21), otherwise we first obtain the subsets
J2, Jg and J5 through Algorithm 1 to compute v and n'
and then update NC; for all resources involved in path P
(lines 22-28). Finally, the Algorithm returns a tuple, which
includes the feasibility flag and the required number of
instances for all resources (lines 29-30). According to the
complexity of Algorithm 1, the time complexity of Algo-
rithm 2 to obtain a near optimal number of resources is at

most O(|GC| x |Tp|?).

6 COMPONENT PLACEMENT THROUGH REIN-

FORCEMENT LEARNING

In the previous sections, we assumed a fixed component
placement to simplify the problem and achieve a near-
optimal allocation of resources. In this section, we address
the component placement problem, where the objective is
to find a near-optimal solution for the decision variable
Z;;. In Section 6.1, we model the component placement
problem as a Markov decision process (MDP). Subsequently,
we introduce a technique to address scalability challenges
in large-scale systems, along with its application to our
problem in Section 6.2.

6.1 Component placement as an MDP

We formulate the component placement problem as a
discrete-time infinite-horizon MDP, defined by a 5-tuple
(S, A, P,c,v). Here, S represents the (potentially infinite)
set of all possible system states, and A(s) denotes the finite
set of actions available in state s. P(s'|s,a) represents the

Algorithm 2 Heuristic algorithm for solving (P2)

s Input: 7,7, 2, Z, L, N, ¢, DAG, LC, GC
: Initialization: NC; = 0, n;‘ =0 Vj€eJJ, feasible < True
: for (i, LR;) € LC do
Compute n; using (15) and (16)
NC; = [ny]
end for
: forj € J do
if NC; =0and L; > 0 then
NC; = [L;]
10: end if
11: if NCJ > Nj then
12: feasible < False
13: end if
14: end for
15: if feasible then
16: for (P, THp) € GC do

ORI N

17: it > NZPi S THp then
JETP J J
18: feasible < False
19: Break;
20: elseif > % <THp then
JETP J J
21: n* =0
22: else
23: Find the partition {73, 77 , J5 } from Algorithm 1
24: Compute n;* through formula (18)
25: end if
26: NCj(—NCj+n;-* Vje Jp
27: end for
28: end if

29: n* « {NCj|j € J}
30: Return (feasible, n*)

transition probability from state s to a state s’ given an

action a € A(s). The immediate cost incurred when the

system transitions from state s to state s’ as a result of action

a is denoted by c(s, a, s'). Finally, v € [0, 1] is the discount

factor, which governs the weight assigned to future costs.

We define the agent state as

s=(\ U,x), (23)
where x is the component to layer assignment matrix while

U is a vector of size |J| where each element corresponds

to a specific layer and represents the utilization of that

layer based on the optimal number of required instances per
layer (n*(\,x)) determined in Section 5. ) is an exogenous
variable beyond the agent’s control, i.e., its variability is
independent of the actions taken and is observed directly
from the environment. In contrast, U is influenced by the

selected actions and hence is a function of n*.

An action involves selecting a placement. However,
defining the placement poses a significant challenge, as it
directly impacts the action space and, consequently, the
performance of the RL approach. To address this, we sys-
tematically explore all possible action definitions for the
component placement problem and categorize them into
two approaches: (i) the partial solution, where a single com-
ponent is migrated to a specific resource per action, and (ii)
the complete solution, where the placement of all components
is determined in a single action. Notably, in the complete
solution approach, a more compact state representation can
be employed, as the decision variable x can be omitted
from the state (see equation (23)), given that it is directly
determined by the action. Accordingly, the possible action
definitions are as follows:

o Single migration (partial solution): A straightforward ap-
proach to defining an action for the placement problem is
to represent it as a pair of a component and a resource,
(C;,res;), indicating that component C; migrates to re-
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source j. Specifically, with |Z| components and J; com-

patible resources for each component, the total number
2]

of possible actions becomes Z Ji. Note that, in some

states, the agent may choose not to change the placement
selected in the previous time window; we model this
scenario by introducing an action 7 that represents the
do nothing choice. The set of all the possible actions A(s)
is hence given by

A (s) =< ao,a1,...,a g
[ >0 Jil-1

i=

where each aj represents the action of raising to 1
m
max{m| Z Ji < k} and

U {n}, (24)

the variable x;;, where i =

j=k— Z J; — 1. Figure 3 (top row) illustrates the actions

of a system comprising 5 components and 3 resources.
This definition is advantageous in terms of action space
size, as the space grows linearly with the number of com-
ponents and resources. However, a major challenge arises:
this action definition does not provide a complete solution
to the problem at each step, making the solution for the
current step (at a given \) heavily influenced by its past
actions which can lead to instability because consecutive
states and rewards are not independent. As a result, the
agent might struggle? to learn how to effectively handle
the system dynamics and find a near-optimal placement
for a specific .

o Discrete action (complete solution): To address the issue of
partial solutions mentioned earlier, we can assign an in-
teger to each possible placement, representing a complete
solution, and define the action as a discrete integer. This
approach ensures that the action at each step is indepen-
dent of previous steps, allowing the agent to efficiently
learn the optimal placement based on the system dynam-
ics (A\). However, a major challenge with this method is
the exponential growth of the action space. Specifically,
with |Z| components and .J; compatible resources for each
component, the total number of possible actions becomes

I
H Ji. By introducing an action 7 that represents the do

nothzng choice, the set of all the possible actions A(s) is
hence given by

A (s) =< ao,a1,...,a g

| T1 Jil -1

U {n}, (25)

where each a, represents a complete solution for binary

variable z;; Vi € Z,Vj € J Although this definition re-
solves the issue of action dependency, it becomes imprac-
tical for large-scale systems, as the action space quickly
expands to trillions of actions.

o Multi-discrete action (complete solution): To address the
scalability issue described above, we employ a technique
known as action branching which utilizes a multi-discrete
action representation. The details of this technique, along
with its application to our problem, are provided in Sec-
tion 6.2.

Accordingly, in the implementation, actions correspond to
placements represented by the vector x—a |Z|-dimensional

2. In an early implementation of the proposed framework with this
action setup, the agent could not converge even considering small
systems and performing a significantly large number of steps.

8

array where each index corresponds to a component, and
the value indicates the index of the resource to which it
is assigned. The agent state is a dictionary containing the
workload A (a float normalized to [0, 1]) and the utilization
vector U.

ay=(C4, 1) a4=(Ca. ip) a7=(Cz jo) a;1=Ca.ig)  a14(Cs.i3)
Non-branching Q network D )
- Decide about single [“;H )]
component per step 18 )
o sssiase Q
/ O

o0

2 b [ T T T T
8. d._h Step1: select Step2: select  Step3: select Step4: select Step5: select
€ CI[ / subaction of C subaction of G subaction of C3  subaction of G4 subaction of Cg
€

gci 18 a=(12233]  @=22331]  o=[1,1223]  @=3321,1]  a=1,11,33]
S0\ 2 Q ase

2 N ] O

< s (D)
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Figure 3: Action definition, single migration vs multi-discrete action.

We associate a cost (s, a, s) to each triple state-action-
next state, normalized between 0 and 1, which reflects the
impact of its actions on various aspects of the environment
state. The primary factor considered is the infeasibility of
the solution, as this represents the most critical outcome. A
placement is deemed infeasible if the maximum number of
resources assigned to the components is insufficient to meet
the QoS constraints (see the first condition in Theorem 5.1).
This is represented by the boolean variable feasible, as
derived from the resource optimization problem outlined
in Section 5 (see the output of Algorithm 2). Furthermore,
according to the constraints in the general problem (P1),
a placement is considered infeasible if the memory re-
quirements of components are not met (constraint (Plc))
or if requests are redirected from the cloud back to the
edge, violating constraint (P1d). Therefore, we assign the
maximum possible cost to any infeasible placement, as the
agent must not }Brlorltlze reducing operational costs at the
expense of feasibility. For feasible placements, the overall
cost is determined by the execution cost, which is calculated
based on the assigned resources and the optimal number
of instances and normalized with respect to the highest
execution cost denoted as C"™%*, which occurs when all
resources are fully allocated. Therefore, the cost ¢(s,a, s)
is given by
1, if constraint (P1d) or (Plc) are violated

OR feasible is False

* 3 otherwise,

c(s, a, ') =
Zjeg cing
s
(26)
where f3 is a scaling parameter to create a clear distinction
for the agent between the maximum execution cost and the
infeasibility cost. Finally, we define the agent reward as

reward =1 —c(s, a, s).

6.2 Action branching for component placement

In traditional RL methods, the policy or value function
usually selects a single action from a large, discrete or
continuous action space. However, when the action space
grows, the complexity and memory requirements of the
policy increase significantly. Action branching [33] is an RL
technique designed to efficiently manage large or multi-
dimensional action spaces by dividing them into smaller
sub-spaces, allowing for separate, specialized decision-
making in each sub-space while still coordinating those
decisions for the overall action selection. Instead of selecting
a single action from a vast space, action branching uses mul-
tiple branches—smaller, independent networks that handle
specific parts of the action space (action-dimension). These

@7)
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branches are coordinated by a central shared network, that
processes environmental inputs and provides shared feature
representations of the environment state to each branch.
The final action is generated by combining the outputs of
all branches. Since each branch specializes in a part of the
action space, the overall action is a vector or composition
of these smaller, independently learned actions. The moti-
vation behind action branching is to reduce computational
complexity, scale efficiently to large action spaces, enable
independent learning for each subspace, and facilitate paral-
lel decision-making. A prominent architecture utilizing this
approach is the Branching Dueling Q-Network (BDQ) [33],
an extension of the Dueling DQN [34].

a8,

4 Advantage Q-value =

23 Branch 1 Branch 1 2%

& A4 5 A (s ()% e,‘?’lz ) g

(] 8 i(s, a) (s, a) o ey

R A TG S

State 2 g 2\ Advantage Q-value %
2 & & Branch 2 Branch 2 o P>
g 8 a i argmaxQ, &3 @
& ¢ Ax(s, a) Oxs,a) a2 25
B : : : =

: : : S

E \3 Advantage Q-value fg

;A Branch 5 Branch 5 «\,&\;QS & S

<

&

State Value ¥/ Value V(s) 502 O ad

Figure 4: BDQ network architecture, for 5 components and 3 resources.

[

As shown in Figure 4, the input state s (see equation (23))
outputs a shared network representation through feature
processing. Then, the value branch maps from the shared
representation to the value V'(s), while multiple advantage
branches (corresponding to the total number of components
in our study) map from the shared representation to the ad-
vantages A;(s, a;) for individual subactions. The subaction
a; of branch 7 belongs to A; and the dimension |.A4;| of A;
is J. Each advantage branch i independently calculates its
Q-values Q;(s, a;) as follows:

Qs(s,ai) = V(s) + (Ai(s,ai) _ |j.| ) Ai(s,a§)> .
K al€A;
The selection of subsections within each branch is guided

by the ) values and an € — greedy strategy.

As discussed in Section 6.1, defining a complete solution
for each individual action leads to an exponential increase
in the action space as the number of components and
compatible resources grows. However, since the placement
of each component can be decided independently and in
parallel, we can leverage the action branching technique to
significantly reduce the action space. To achieve this, we
define the placement of each component as an independent
sub-action (branch), with its compatible resources as the
action dimension. Consequently, the agent action is mod-
eled as a multi-discrete action (rather than a discrete one),
represented as a list with a length equal to the number
of components (see Figure 3 bottom row). Each list item
corresponds to a sub-action, where the agent selects among
the compatible resources for that specific component. By
adopting this approach, the output size of the network,

which would be exponential in the case of complete solu-
|Z|
tions (][] J;, see discrete action in Section 6.1), is reduced to

i=1
a linear size of O(|Z| x max Ji).
1€

7 EXPERIMENTAL RESULTS

To assess the performance and scalability of our frame-
work, we conducted a comparative analysis with BARON
[9], a global solver, and two state-of-the-art approaches
proposed in [10] and [11]. Additionally, we evaluated our
framework against a baseline method based on the Ford-
Fulkerson algorithm for solving the minimum k-cut prob-
lem. We trained the RL agent by relying on the RLIib [35]
library and employed both the standard Proximal Policy
Optimization (PPO) [36] and an enhanced version of PPO
incorporating the action branching technique, referred to
as PPO_AB (see Section 6.2). The experimental setup is
described in Section 7.1. Section 7.2 presents the scalabil-
ity analysis and performance evaluation of the resource
optimization approach under a fixed placement scenario,
benchmarking it against the BARON solver. Finally, Section
7.3 evaluates our framework for solving the complete prob-
lem, which encompasses both resource optimization and
component placement, exploring both discrete and multi-
discrete action spaces to assess their effectiveness in com-
ponent placement, compared against BARON solver, the
minimum k-cut-based baseline method, as well as the so-
lutions proposed in [10] and [11]. To quantitatively compare
an alternative method with our approach, we define the Cost
ratio as

(Other MethodCost — Proposed M ethodCost) <1
Proposed M ethodCost

00.
(28)
Positive values indicate that Other Method incurs higher
costs relative our ProposedM ethod.

A detailed statistical analysis of the cost differences,
including significance testing with robust ANCOVA [37], is
provided in Appendix.

7.1 Experimental setup

In our experiments, we randomly generated a large
set of instances, which, nevertheless, are representative of
real systems. Similarly to [5] [10] and [38], we evaluate
the proposed framework under three scenarios of varying
scales, specifically application DAGs comprising 7, 10, and
15 components. Additionally, a small-scale scenario with 5
components is analyzed to assess the performance of the full
framework, as detailed in Section 7.3. We report the average
Cost ratio and execution time achieved by considering 5 ran-
dom instances with the same size. As in [38], we randomly
generated the application DAG for every instance by relying
on Networkx. We also considered at most 5 computational
layers in Edge and Cloud. The cost of resources are set based
on AWS pricing in [20] and the component demands are
set, inspired from [39], randomly in the range of [0.1, 0.5]
seconds and proportional to the associated costs. We intro-
duced up to 7 local and global constraints. The thresholds
for local and global constraints are established based on
the demands, with constraints assigned a threshold value
of 2.5 times the corresponding demand [15]. To train the
RL agent in Section 7.3, we define each episode to span
360 steps, corresponding to a one-hour simulation, with a
control time period of 10 seconds per step. The workload
follows a bimodal distribution, exhibiting two peaks per
episode— a pattern commonly observed in real-world sys-
tems, making the simulation more representative of practi-
cal scenarios [40]. Additional details of scalability analysis

Cost ratio =
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and the parameters adopted are presented in Table 3 and
Table 4, respectively, in Appendix. The network parameters
in Table 3 are used for PPO and the shared network of
PPO_AB, where each branch of PPO_AB consists of a single
layer with 128 neurons and ReLU as activation function,
across all scenarios. All the results presented for PPO and
PPO_AB pertain to the evaluation phase of the RL agents.
The code used to generate the random instances and run
our experiments are available in Zenodo®.

7.2 Resource Optimization Performance Evaluation

To validate the KKT-based approach to determine the op-
timal resource allocation discussed in Section 5, we conduct
a comparative analysis with the BARON solver [9]. Given
that the problem (P2) possesses a linear objective function
and incorporates convex constraints (z;; remains a fixed
parameter, while n; serves as the sole decision variable), a
global MINLP solver such as BARON is usually able to iden-
tify the optimal global solution through interval analysis
and range reduction techniques within a branch-and-bound
framework. Since the KKT-based approach works based on
closed form equations (15), (16) and (18) in Theorem 5.1, we
refer to this approach as CF (short for Closed Form) in the
figures presented in this subsection. Note that, the general
problem (P1) is computationally challenging for BARON
(and other mixed-integer nonlinear solvers). A comparison
between BARON for solving the complete problem and
our full framework is provided in Section 7.3.1. Figure 5
presents a comparison between the CF (proposed method)
and BARON for a single representative instance in a small
system composed of four components and two resources.
In this configuration, components C'1 and C3 are assigned
to VM1, while components C2 and C4 are allocated to
V' M?2. Figure 5a illustrates the difference between the op-
timal number of VM instances determined by CF and those
identified by BARON. The results demonstrate that CF and
BARON effectively allocate the VMs, ensuring an optimal
and equal distribution. Occasionally, they interchangeably
utilize VMs 1 and 2, resulting in a maximum discrepancy of
only one VM between CF and BARON. This slight variation
often arises because CF rounds the continuous variable n; to
the next integer for all resources (as described in Section 5),
whereas BARON employs more advanced techniques to
compute the exact optimal number of instances. However,
the difference of one instance out of many instances (up to
200 and 400 for VM1 and VM2, respectively) is negligible as
the load and the layer size increase. Figure 5b emphasizes
this fact by showing that the cost ratio between CF and
BARON is mostly zero and only occasionally rises above
zero, with a decreasing trend as the workload () increases.
This is due to the growing number of VM instances required
to meet the system constraints as A increases, while the
difference still remains at most one instance, which results
in a reduction in the cost ratio. Figures 5c and 5d illustrate
the response times (RT) of components and paths, along
with their corresponding thresholds, for CF and BARON,
respectively. The results exhibit nearly identical behavior,
with response times being virtually equal between the two
methods.

3. https://doi.org/10.5281/zenodo.15037926
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Figure 6 presents the large-scale analysis averaging
across 5 random instances, which follows a similar trend
to the small-scale system. The comparison of solution time
and cost ratio between CF and BARON reveals that CF can
achieve comparable solutions and costs at least 10 times
faster (see Figure 6b).

7.3 Overall Problem Performance Evaluation

This section evaluates our full framework (which solves
the complete problem in (P1)) with several approaches. The
evaluation spans systems of varying scales, from small-
scale (5 components) to large-scale (15 components) con-
figurations, and highlights key differences in performance
and adaptability under dynamic conditions. Section 7.3.1
presents a comparative analysis with BARON solver (com-
plete problem version) and SPACE4AI-D proposed in [10].
Section 7.3.2 evaluates our full framework against a baseline
method for solving the minimum k-cut problem, as well as
the approach proposed in [11] which leverages reinforce-
ment learning (PPO), depth-first search, and Dancing Links
algorithms.

The parameters used for the scalability analysis are de-
tailed in Table 3. For systems with 5 and 7 components, the
action space dimensions are 3° = 243 and 47 = 16,384,
respectively, corresponding to configurations with 3 and 4
computational layers. These action space sizes are relatively
small, allowing us to utilize PPO without requiring action
branching. In contrast, for systems with 10 and 15 compo-
nents deployed on 5 and 10 computational layers, the action
space expands dramatically to 5!° and 105, respectively.
These extremely large action spaces render the direct ap-
plication of PPO infeasible, necessitating the use of PPO
with action branching (PPO_AB) to handle the increased
complexity effectively. Consequently, in the experiments de-
scribed in the following subsections, both PPO and PPO_AB
are employed for systems with 5 and 7 components. How-
ever, for larger-scale systems with 10 and 15 components,
only PPO_AB is utilized to ensure computational feasibility
and scalability. PPO_AB was trained for 600, 600, 800, and
800 iterations for systems with 5, 7, 10, and 15 components,
with average training times of 18, 29, 38, and 106 minutes,
respectively. At runtime, the inference time required to solve
the joint component placement and resource optimization
problem is approximately 0.01 seconds, even for the largest
system scale.

7.3.1  Comparison with BARON and SPACE4AI-D

In this section, we use BARON to address the complete
problem defined in (P1), which involves jointly solving
the component placement and resource optimization sub-
problems, treating both z;; and n; as decision variables.
However, the inclusion of x;; as a binary variable signif-
icantly increases the computational complexity, rendering
BARON impractical for large-scale systems. In contrast,
since our proposed approach, with a trained RL model,
demonstrates remarkable efficiency, consistently solving the
problem within approximately 0.01 seconds, regardless of
system scale, the maximum execution time for BARON
has been limited up to one hour. As described in [10],
SPACE4AI-D employs a random greedy (RG) algorithm to
generate placement solutions iteratively. Following this, the
algorithm selects the top k-best solutions and refines them
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using local search (LS) for a specified number of iterations to
further improve their quality. The number of RG iterations
must scale with the size of the system due to the exponential
growth in the total number of possible placements. To
address this, we configured the RG algorithm to perform
5 x 10%, 10%, 2 x 10°, and 5 x 10° iterations for scenarios
with 5, 7, 10, and 15 components, respectively. From these
iterations, the 10-best solutions were selected and subjected
to 10? iterations of LS for further optimization.

The results, averaged over 5 random instances, are pre-
sented in Figure 7. The first row illustrates the cost ratio over
time steps for all scenarios, while the second row depicts the
varying workloads across time steps and the corresponding
execution times required by BARON and SPACE4AI-D to
solve the problem. The final row summarizes the average
cost ratio across all time steps and the total number of QoS
violations incurred by each method. For the 5-component
scenario, the cost ratio indicates that PPO and PPO_AB per-
form slightly worse than BARON and SPACE4AI-D, with
average losses of approximately 2% and less than 1%, re-
spectively (see 5 components in Figures 7a and 7c). Despite
these differences, all methods exhibit a comparable number
of QoS violations. When scaling the system to 7 components,
we observed a performance decline in PPO compared to
PPO_AB. Specifically, PPO_AB outperformed both BARON
and SPACE4AI-D across most workloads, whereas PPO
underperformed relative to BARON and SPACE4AI-D in
the majority of cases (see the red and green lines vs. the
blue and orange lines in Figure 7a). The average cost ratio
for PPO_AB across all workloads is approximately 4% with
respect to BARON and SPACE4AI-D, demonstrating the
lowest violation among all methods, while PPO shows an
average cost ratio that is roughly -3% with respect to both
(see 7 components in Figure 7c).

As the system scale increases to 10 and 15 components,
the cost ratio of PPO_AB rises significantly across most
workloads, with average cost ratios reaching 19% and 60%
relative to BARON and SPACE4AI-D, respectively, in the
largest-scale scenario (see 10 and 15 components in Figures
7a and 7c). Additionally, a marked difference in total viola-

tions is observed between PPO_AB and the other methods,
highlighting the capability of PPO_AB to effectively manage
larger systems. Note that the disconnected points for 10
and 15 components in Figure 7a indicate scenarios where
BARON or SPACE4AI-D failed to find feasible solutions
in any of the 5 random instances. This highlights the lim-
itations of SPACE4AI-D in identifying feasible solutions
under high workloads. Beyond cost ratio and violations,
both BARON and SPACE4AI-D exhibit substantially higher
execution times when solving the problem for specific work-
loads in Figure 7b. For example, SPACE4AI-D requires up
to 40 minutes to produce a solution (with approximately
24% violations), whereas BARON frequently exhausts the
one-hour time limit, with a 50% violation rate suggesting
that one hour was insufficient for half of the cases (see 15
components in Figure 7b).

Based on these findings, PPO_AB demonstrates excep-
tional scalability and efficiency in managing large systems,
solving the problem with significantly lower cost and vio-
lations compared to BARON and SPACE4AI-D, all within
approximately 0.01 seconds and it is the only method that
can be used for the joint component placement and resource
optimization at runtime.

7.3.2 Comparison with PPO_DLX and min-k-cut

In this section, we further compare our approach with
two additional methods: an RL-based approach proposed in
[11] and a minimum k-cut-based heuristic method inspired
by [41].

Rather than relying on traditional heuristics such as
SPACE4AI-D (as discussed in previous subsection), the ap-
proach proposed in [11], similar to our method, leverages
the dynamics and capabilities of RL, specifically the PPO
algorithm, to address the component placement problem
for an application DAG. Their work focused on a simplified
system without considering QoS performance constraints,
assuming homogeneous resource layers and the number of
cores as prior requirement for a component. The objective
was to group components and assign each group to a
resource layer to maximize resource utilization (i.e., the
fraction of allocated cores). The exhaustive set of possible
groupings was derived by solving the exact cover problem
using the Dancing Links technique (DLX) [42]. However,
given the exponential growth of possible groupings in large
systems, [11] proposed an algorithm to reduce the set of
groupings, which employs depth-first search (DFS) on the
DAG to eliminate unfeasible groupings that violate the
dependencies within the DAG. This reduced set was then
utilized as the action space for their RL-based method. The
state includes workload translated in the number of users’
requests in terms of number of cores to be allocated for an
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individual component. Since [11] did not consider QoS per-
formance constraints, we adapted our M/G/1 queue-based
approach to align with their core-based approach, refer as
PPO_DLX. To achieve this, as in [11], we assumed homoge-
neous resources with identical costs across all layers. Each
VM instance was modeled as an M/G/1 queue with a single
core. We split the global constraint threshold among the
components involved in the path proportionally to their
respective demand times. In this way, the global constraints
were effectively transformed into new local constraints for
the components involved in the paths. This reformulation
enabled us to determine the optimal number of VM in-
stances using M/G/1 queue system which corresponds to
the number of cores in their system. Moreover, we defined
a baseline approach based on minimum k-cut [43] along the
same lines of the work in [41]. The weights of edges that
require cutting correspond to the data size (6;1) that is trans-
ferred between the consecutive components in the DAG
(refer to Section 2.1), which are placed in distinct layers. In
particular, we utilized the minimum k-cut algorithm to par-
tition the components into k groups, where k corresponds
to the total number of layers (as in [41]) according to the sce-
narios specified in Table 3. Each group was then assigned to
a layer. We employed M/G/1 queue system model consid-
ering component collocation as defined in our framework.
Assuming homogeneous layers, we established both local
and global constraints, splitting global constraint threshold

using the same method described above for PPO_DLX, and
determined the optimal number of VM instances using the
method outlined in Section 5.1. It is important to note that,
by splitting the global constraints into new local constraints
for each component involved in the paths, since we have
only local constraints, the problem to obtain minimum
number of instances to fulfill the local constraints is convex
and we can leverage the closed-form solution presented in
Section 5.1 to determine the optimal number of instances
in the absence of global constraints. However, since the
method used to split the global constraint (proportionally to
the components demand times) is greedy, the final solution
may deviate from the true global optimum.

The comparison is performed under the scalability anal-
ysis scenarios in Table 3. The results, averaged over 5 ran-
dom instances, are presented in Figure 8. Since this section
assumes homogeneous layers, we adjust the workload rate
to maintain an average system utilization comparable to
that of the scenarios with varying components discussed
in the previous section. In the first row, the cost ratio of
PPO_AB relative to PPO, PPO_DLX, and the minimum k-
cut method is depicted while the second row highlights the
average cost ratio and total violations. The total violations
in our framework are negligible and consistently lower
than those observed with other methods across all scenarios
(Figure 8b). The cost ratio across all scenarios is observed to
be lower during peak workloads and higher during valleys.
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This behavior can be explained by the fact that when the
workload is high, both our framework (PPO and PPO_AB)
and the min_k_cut approach utilize all available layers to
satisfy QoS constraints, as k is fixed and equal to the number
of layers (as in [41]). Conversely, during light workloads,
our framework optimizes resource usage by employing only
a subset of layers, balancing QoS satisfaction with cost
minimization. For PPO_DLX, while it dynamically adjusts
the total number of groups (and consequently the number
of active layers) in response to workload fluctuations, it
occasionally relies on component collocation. This oversight
leads to an increased number of required VM instances,
which in turn raises the cost ratio. The impact is particularly
noticeable during periods of light workload, where the total
number of required VM instances is inherently smaller,
making the cost ratio more pronounced.

As mentioned before, our framework could not execute
PPO without action branching for scenarios with 10 and
15 components due to scalability limitations. PPO_DLX
faces a similar issue with scaling. For the 10-component
scenario, the total number of possible groupings (actions) is
B ;g) = 86472 *, which their proposed DFS-based algorithm
reduced to approximately 2,200 actions (98% reduction)
making it feasible to use PPO in this case. However, for the
largest scale scenario with 15 components, the total number
of possible groupings exceeds 10°. Even after significant
reduction, the action space remains prohibitively large for
standard RL methods, and the action definition in PPO_DLX
prevents the application of action branching technique. As
a result, PPO_DLX is not scalable, and we compare only
the min_k_cut method with PPO_AB for the 15-component
scenario (see 15 components in Figures 8a and 8b). The cost
ratio trend follows a similar pattern to other scenarios; how-
ever, the min_k_cut method exhibits a significant violation
of 30%, particularly during peak workloads (disconnected
points indicating its inability to find feasible solutions in
any of the 5 random instances). This is because the method
prioritizes minimizing communication overhead without
adequately considering the total response time. In contrast,
our framework effectively addresses both objectives and
does not experience any violations.

It is worth noting that the relatively lower cost ratio
observed compared to Sections 7.3.1 is attributed to the
assumption of homogeneous layers, where all VMs have the
same cost. This uniformity reduces the impact of component
placement decisions, making the agent largely indifferent
to specific placement choices. Nevertheless, our framework
demonstrated notable improvements in the average cost
ratio, outperforming PPO_DLX and the min_k_cut methods
by up to 11% and 6%, respectively, in large scale scenarios.

8 RELATED WORK

The problem of component placement and resource opti-
mization in the computing continuum has gained significant
attention in recent years due to the rapid proliferation of
distributed systems such as cloud, edge, and fog comput-
ing. Accordingly, several approaches have been proposed

4. where B,(Ll ) is Bell number which represents the number of ways to
partition a set of n elements into at most [ non-empty subsets: BY =
22:0 s(n, k) and s(n, k) is Stirling numbers of the second kind which
count the ways to partition n elements into £ non-empty subsets.
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to address these challenges, ranging from heuristic-based
methods and optimization frameworks to machine learning-
driven techniques [44, 45]. For example, [13] represents
task dependencies as DAG and proposed a heuristic-based
approach to optimize both task assignment and scheduling
based on the priority of tasks. Moreover, efficient resource
management for Al applications remains a critical challenge,
requiring a balance between dynamic resource demands
and high performance in the computing continuum. [30]
adopts a Stackelberg game model for real-time resource
allocation of Al applications in Mobile Edge Cloud (MEC).
This framework models interactions between the MEC plat-
form (leader) and mobile users (followers), enabling a dy-
namic strategy that adjusts resource provisioning to users’
evolving computational demands and Al application re-
quirements. Alternatively, [46] considered hierarchical edge-
cloud architectures, where services are modeled as chains of
Virtual Network Functions with strict latency and computa-
tional requirements. The authors decompose the problem
into CPU allocation (solved optimally) and service chain
placement (proven NP-hard) subproblems and propose a
resource-augmented algorithm that guarantees a feasible
solution whenever one exists, while minimizing migration,
bandwidth, and computing costs.

Recent studies have explored the application of RL to
address the component placement and resource allocation
challenges in the computing continuum. In [23], the authors
focus on generating Deep Neural Network (DNN)-based
tasks from end devices, considering both lightweight and
full DNN models. They formulate an optimization problem
aimed at minimizing delay and error while maintaining
task queue stability and inference accuracy. A DRL algo-
rithm is employed to make dynamic decisions regarding
DNN deployment, task offloading, resource allocation, and
channel allocation for each time slot. Additionally, a sub-
optimization problem is addressed using Lyapunov opti-
mization to determine the optimal data sizes that meet
quality requirements. Differently, [12] proposed a real-time,
dependency-aware task offloading approach using Deep Q-
Networks (DQN) in the computing continuum, representing
mobile applications as DAG and capturing the dependen-
cies and parallelism between tasks. The DON is tailored to
train a dynamic decision-making model for task offload-
ing, enabling rapid generation of offloading strategies in
response to changing environments, eliminating the need to
preset task priorities, fully accounting for task parallelism
during scheduling. Similar to [23] and [12], [14] considers
IoT applications modeled as DAG, however, unlike [23]
and [12], which use centralized RL methods, [14] proposes
an actor-critic-based distributed application placement tech-
nique using importance-weighted Actor-Learner architec-
tures to reduce exploration costs. It also features an adaptive
off-policy correction mechanism and recurrent layers to cap-
ture temporal dynamics. A different approach is taken by
[47], which addressed microservice orchestration in a con-
tainerized multi-cluster infrastructure. The authors propose
a RL environment tailored for Kubernetes clusters, with a
multi-objective reward function that optimizes microservice
placement by minimizing latency, deployment cost, and
placement load imbalance.

To the best of our knowledge, this is the first unified
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Figure 8: Comparison among our full framework, PPO_DLX and min_k_cut, average of 5 random instances.

Paper Task Computational Main focus Method
dependency layers Objective QoS guarantee | RL-based | Heuristic
LC GC
[10] DAG Heterogeneous Min resource cost v v X v
[11] DAG Homogeneous | Max resource utilization X X v v
[12] DAG Homogeneous Min RT X X v X
[13] DAG Homogeneous Max Num. tasks X v X v
[14] DAG Heterogeneous Min Wght. E&RT X X v X
23] Independent | Homogeneous Min RT X X v X
[30] Independent | Homogeneous Min resource cost v X X 4
[46] Chain Heterogeneous Min resource cost X v X v
[47] Independent | Heterogeneous Min Wght. cost&RT X X X X
Our approach DAG Heterogeneous Min resource cost v v v v

Table 2: Positioning of our approach with relevant works. Wght: weighted, Num: Number, RT: response time, E: energy, LC: local constraint, GC:

global constraint.

optimization framework that combines analytical models
accounting for resource contention in application perfor-
mance estimation, based on queuing theory, with a hybrid
optimization technique incorporating KKT conditions and
RL. Furthermore, our research addresses a research gap in
the existing literature by applying RL to the placement prob-
lem, utilizing a branching dueling architecture that reduces
the exponential action space to a linear one, thus improving
the efficiency and scalability of the solution. The detailed
comparison of related work and our proposed method is
shown in Table 2.

9 CONCLUSIONS

In this paper, we modeled the component placement
and resource optimization problem in computing continua
as an MINLP. We decomposed the problem into two sub-
problems, obtaining the optimal number of VM instances
through KKT conditions and the optimal placement through
reinforcement learning. Extensive experimental analyses
demonstrated that the proposed framework achieved sig-
nificant cost reductions, averaging 19% and 60%, compared
to BARON and SPACE4AI-D, respectively, in the largest-
scale scenarios. Future work includes integrating the re-
source optimization solution with a simulator to enable RL-
based dynamic adaptation to real-world component service
demand distributions. Additionally, we aim to extend the

framework to address Al-driven applications where each
component represents a partitionable DNN with multiple
alternative deployment options. These alternatives would
enable dynamic selection based on workload fluctuations at
runtime, ensuring adaptability, resource efficiency, and QoS
compliance. We also plan to integrate our framework with
mainstream orchestration platforms such as Kubernetes,
enabling practical deployment and evaluation in real-world
cloud-edge environments.
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APPENDIX
In the following subsections, we provide the proofs of

the theorems and the tables of the experimental setup and
ANCOVA test.

Proofs of the theorems

We provide the proofs of the theorems stated in Sec-
tions 3, 4 and 5, and we outline the idea behind the cor-
rectness of Algorithm 1. We recall that Theorems 3.1 and 4.1
state the non-convexity of constraints (P1g) in problem (P1)
and convexity of problem (P2), respectively. Theorem 5.1
investigates all possible conditions related to the global
constraint P and if the problem is feasible, it provides an
optimal number of additional instances across all layers for
a specific resource partitioning.

Proof of Theorem 3.1
Proof. Recall that the global constraint (P1g) has a term that
contains the product of two binary decision variables:

dik
f(z) = Z %, where g(x g Bjixijxy.
i,kEP: 9 sc) Jled,
i#k A1

The first order partial derivatives of f with respect to the
variables x;; are

1
of Z i 239(%)
axl] i,keP g(.’If) 8.’1,'”
ik
where
dg(x)
= Bjizyy,
81’@' l;, J
I#5
thus
0
T3 - o 2 B
v i,keP: leJg,
ik 1£5

The second order partial derivatives of f are

o%f 0
= E § Bjixy
OOy g i,kEP: 216._’7 ’
ik 1%

The first term ﬁ involves g(z), which is the sum of
bilinear terms; hence its partial derivative with respect to

Tl is
0 1 _ o 1 9g()
Oy (9($)2> B 29(95)3

Oz
The second term ) ;c.7, Bjixy; is linear, so its partial deriva-
=

. . #J .
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> Bjiww | = Bji.
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Therefore, we get
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The Hessian matrix above is indefinite due to the pres-
ence of mixed second-order partial derivatives involving
products of the decision variables x;;x;. Hence, the global
constraint (P1g) is non-convex. O
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Proof of Theorem 4.1
Proof. To prove that problem (P2) is convex, it is sufficient
to prove that the function
— nj
fn;) = n; — L,
is convex when n; > L;. The first derivative of f is
L.
f /(n ) = - 2 )
’ (nj — Lj)?
while the second derivative of f is
2L;

£(ng) =
(g - Ly)?
thus f is convex. O

Proof of Theorem 5.1
Proof. We remark that

NC; +n))Zp,
Z (NCJ +7”/LJ) 2’] > Z
jege NI TR e,

€ [0, NJ]. Hence, if Z ]]\\,7217]]\%
T Hp holds, then constraint (P3b) cannot be satisfied and
problem (P3) is infeasible.

Problem (P3) is convex because its objective function is
linear and constraint (P3b) is convex. Moreover, it admits
an optimal solution and the Slater constraint qualification
holds. Hence, problem (P3) is equivalent to solve the corre-
sponding KKT system:

(NCj + N))Zp;
NCj+ N/ — L;

holds for any n/; >

J

L;Z .
cj — (NC +nP] L)Q—Vj+5j:0 VjeJdp
J
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If
NC; Z
g < THp,

NCj —

>
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then the optimal solution is n;* = 0 for all j € Jp, with

u=206; =0and v; = ¢; forany j € Jp.
If

then p > 0. We define the following subsets of indices
related to the optimal solution n'*:

Jp:={jeTp: nf =0},
Jp ={jeJp: 0<n} <Nj},
jP .Z{jEjp. nj 7N‘;}'
For any j ng, one has n;* =0,6; =0and v; > 0, hence
NC; — L
< ———. (29)
Ve VLjZpj/c;
For any j € JP we have v; = §; = 0, hence
— NC;+/m/L;jZpj;/c;. (30)
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Scenario #Components #Computational layers | Bimodal trace #Local and global Activation function Neurons per layer | #Training
range X (req/s) constraints iterations

1 5 Edge: 1, Cloud: 2 [25, 85] 3,3 [ReLU, ReLU] [256, 128] 600

2 7 Edge: 2, Cloud: 2 [45, 105] 4,4 [ReLU, ReLU] [512, 256] 600

3 10 Edge: 2, Cloud: 3 [20, 170] 55 [ReLU, ReLU, ReLU] [512, 256, 128] 800

4 15 Edge: 5, Cloud: 5 [20, 170] 7,7 [ReLU, ReLU, ReLU] [1024, 512, 256] 800

Table 3: Parameters of scalability analysis.

Moreover, 0 < n* < N7 implies
NC; —L; < Vi< NCj+ N} —L;
VLiZpj/c VLjZpj/c;
For any j € Jp, one has n/f = N}, v; = 0 and §; > 0,
hence

€]

NC; + N/ —L;
Vi > i S B (32)
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Since p > 0, we get
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7= NCj + N} - L;
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The definition of the sets j 2, Tz, j > and (30) imply that
the optimal solution n'* is given by formula (18). Finally,
(29), (31) and (32) guarantee that « satisfies conditions (20)—
(22). O

Optimality of Algorithm 1

The conditions (20)—(22) in Theorem 5.1 guarantee that
the indices corresponding to the highest values of 3; belong
to the set 73, the indices corresponding to the lowest values
of v; belong to the set J5, while the remaining indices
belong to J, 1? . For this reason, in Algorithm 1 we set Jp
equal to the set of indices corresponding to the h smallest
values of v; (with h € {0,...,|Jp|}), TS equal to the
set of indices corresponding to the k highest values of
B; (with k& € {0,...,]Jp|}), and J75 equal to the set of
remaining indices. Since the optimal partition exists, the
double for loop in Algorithm 1 allows finding it after at
most O(|Jp|?) iterations. Figure 9 shows an example of the
optimal partition {79, 75 , J5 } based on the position of «
with respect to the values of 3; and ~;.

Bi B2 71 @ B V3 Y2

Ji = {1} Jg =2} TP = {3}

Figure 9: Example of optimal partition {73, 75 , J5 }

System Parameters

|Z] {5,7,10, 15}

Dy; Uniform distribution in [0.1, 0.5] s
cj Uniform distribution in [0.5, 1] $/h
N; Uniform distribution in [50, 100]

Agent Parameters

Episode length 360 steps

lr decaymg from 0.01 to 0.001 during 3000000 steps
¥ 0.1

B 0.7

train_batch_size 4096

sgd_minibatch_size 512

Table 4: Simulation parameters

Experimental setup parameters

Table 3 presents the detailed system in the scalability
analysis and Table 4 outlines the key parameters used in
our numerical analyses.

Statistical Analysis

To evaluate the effectiveness of PPO_AB in minimiz-
ing operational costs, we conducted a statistical compar-
ison against four baseline methods: BARON, SPACE4AI-
D, PPO_DLX and min_k_cut. The analysis was performed
across four representative scenarios characterized by in-
creasing system complexity (5, 7, 10, and 15 components
and five random instances for each scenario as mentioned
in Section 7.1). Figure 10a illustrates the cost difference be-
tween PPO_AB and the two baselines, BARON, SPACE4AI-
D, across workloads for each scenario. Each line represents
the mean cost difference over five instances, with the shaded
region indicating the standard deviation. Positive values
indicate that PPO_AB outperformed the respective method.
Notably, the shaded regions are narrower in the more
complex scenarios (10 and 15 components), particularly at
higher workload levels. This reduction in shading does not
indicate lower variability but is instead due to a decrease in
the number of available data points. Specifically, instances
where a baseline method failed to produce a feasible solu-
tion were excluded from the analysis. For example, in the
15-component scenario, SPACE4AI-D was unable to find
feasible solutions for any instances with workloads above
147, resulting in an early termination of its cost curve.
Markers in the plots denote workload levels at which a
method failed to find feasible solutions in at least four out
of five instances. Figure 10b illustrates the cost difference
between PPO_AB and two additional baseline methods,
PPO_DLX and min_k_cut, across varying workload levels
for each scenario. As system complexity increases, both
PPO_DLX and min_k_cut exhibit a growing number of
infeasible cases, especially under high workloads. These
frequent infeasibilities, particularly visible for min_k_cut in
the 15-component scenario (where PPO_DLX is omitted due
to its prohibitively large action space, which renders it in-
applicable), underscore the limitations of these baselines in
maintaining QoS constraints, whereas PPO_AB consistently
produces feasible and cost-effective solutions.
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(b) PPO_DLX and min_k_cut.

Figure 10: Cost difference (Other Method — PPO_AB) across workloads. Lines show the mean over 5 instances, shaded areas indicate standard
deviation. Markers highlight workloads where the methods failed to find a feasible solution in at least 4 out of 5 instances.

To quantify the statistical significance of these differ-
ences, we performed a robust ANCOVA (Analysis of Co-
variance) test [37], treating workload as a covariate. Robust
ANCOVA estimates the difference in average cost between
methods across varying workload thresholds, reporting
both confidence intervals (CIs) and corresponding p-values.
A CI, such as [a, b] with a p-value of 0.01, implies that there
is a 99% level of confidence that the true cost difference
lies within that range. Crucially, when the CI excludes
zero—particularly at conventional significance levels (e.g.,
p < 0.05 or p < 0.01)—this indicates a statistically signifi-
cant difference in performance between the methods being
compared.

The results are summarized in Table 5 and Table 6, which
report the estimated cost difference between PPO_AB and
each baseline at five systematically chosen representative
workload levels. These points are selected internally by the
WRS2 package to summarize the covariate (in this case,
Workload) and facilitate interpretation. The tables also re-
port the corresponding confidence intervals and p-values.
In Table 5, the ANCOVA results confirm that PPO_AB
consistently achieves lower or competitive costs compared
to BARON and SPACE4AI-D. For the most complex sce-
nario (15 components), the differences are not only larger
but also statistically significant across all workload levels
(p_value < 0.001). In simpler scenarios (7 and 10 compo-
nents), PPO_AB performs comparably to SPACE4AI-D, with
differences becoming significant in the higher workload
ranges. Against BARON, PPO_AB outperforms even in low-
complexity settings (7 and 10 components). These results
demonstrate the robustness and scalability of PPO_AB, par-
ticularly in scenarios where traditional optimization meth-
ods struggle to find feasible or cost-effective solutions.

Table 6 presents a detailed statistical analysis of the
cost differences between PPO_AB and the two baselines,
PPO_DLX and min_k_cut. Although PPO_AB consistently
achieves lower costs than PPO_DLX and min_k_cut across
all scenarios (as indicated by the positive Diff values), the
differences are not always statistically significant accord-
ing to the ANCOVA test. This can be attributed to two

factors. First, the assumption of homogeneous resources
with identical costs across all layers—necessitated by the
inability of the alternative methods to handle heterogeneous
environments (see Section 7.3.2)—diminishes the influence
of component placement decisions, thereby narrowing the
cost differentials between methods. Second and most im-
portantly, ANCOVA only considers feasible solutions — that
is, solutions that meet the QoS constraints. In contrast, the
PPO_DLX and min_k_cut methods often incur substantial
QoS violations, particularly in large-scale or high-workload
scenarios. These infeasible runs are excluded from the AN-
COVA analysis, meaning the comparison is based only on
their best-performing (feasible) instances. Consequently, the
ANCOVA test underestimates the practical advantage of
PPO_AB, which consistently yields feasible solutions with
significantly no violations. In real deployment scenarios,
where feasibility is essential, PPO_AB demonstrates clear
superiority despite conservative statistical significance in
some test cases.
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. vs BARON vs SPACE4AI-D

Scenario Alreq/s]

Diff CI p-value Diff CI p-value

25.28 -1.0449 [-2.2522, 0.1624] 0.0263 -0.5893 [-1.8452, 0.6667] 0.2281

30.21 -1.0798 [-2.5185, 0.3588] 0.0539 -0.5657 [-2.0326, 0.9012] 0.3218

5Comps  43.42 -1.0092 [-2.8078, 0.7893] 0.1494 -0.3102 [-2.1477,1.5272] 0.6644

57.48 -0.9090 [-3.3127, 1.4947] 0.3313 0.1304 [-2.3640, 2.6248] 0.8931

84.08 -2.4320 [-7.5582, 2.6941] 0.2234 -0.8288 [-6.0628, 4.4052] 0.6842

45.31 4.3040 [2.9290, 5.6789] 0.0000 1.6518 [0.5000, 2.8036] 0.0002

51.35 5.0379 [3.3083, 6.7675] 0.0000 1.5887 [0.1554, 3.0219] 0.0045

7 Comps 63.53 6.4227 [4.2770, 8.5684] 0.0000 2.1264 [0.2715, 3.9812] 0.0033

78.10 9.9806 [6.5130,13.4482] 0.0000 4.6482 [1.9023, 7.3941] 0.0000

103.94 43.7517 [33.3007,54.2026] 0.0000 5.5943 [0.2534,10.9353] 0.0075

20.64 8.9085 [4.3870, 13.4299] 0.0000 2.9190 [-0.9622, 6.8002] 0.0535

31.84 11.8843 [6.2591, 17.5095] 0.0000 3.4593 [-1.1473, 8.0659] 0.0538

10 Comps  65.81 16.4093 [8.8757, 23.9429] 0.0000 4.3530 [-1.6157,10.3216] 0.0611

100.55 43.3407 [29.3800,57.3014] 0.0000 9.7334 [2.3599,17.1070] 0.0007

168.02 35.0044 [18.8584,51.1505] 0.0000 31.5321 [16.2192,46.8449] 0.0000

20.64 263.1518  [227.5357,298.7680] 0.0000 31.3049 [26.5777,36.0322] 0.0000

31.84 255.0906  [222.9551,287.2261] 0.0000 36.0979 [30.2831,41.9128] 0.0000

15 Comps  65.81 238.3058  [210.8436,265.7679] 0.0000 45.7484 [38.3317,53.1650] 0.0000

100.55 207.6311  [176.1996,239.0627] 0.0000 107.8733  [89.4390,126.3075] 0.0000

168.02 288.4801  [254.5853,322.3748] 0.0000  240.6555  [235.3294,245.9815]  0.0000
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Table 5: ANCOVA results comparing PPO_AB vs BARON and SPACE4AI-D across scenarios. Differences represent the cost of comparator minus

the cost of PPO_AB.

. vs PPO_DLX vs min_k_cut

Scenario A [req/s]

Diff CI p-value Diff CI p-value

1.27 0.8537 [-1.2796, 2.9870] 0.3040 0.5033 [-1.6490, 2.6556] 0.5480

9.02 1.0066 [-1.5890, 3.6023] 0.3191 0.6590 [-1.9307, 3.2487] 0.5133

5 Comps 31.17 1.2395 [-1.9654, 4.4444] 0.3204 0.9533 [-2.2780, 4.1846] 0.4484

53.60 1.9389 [-1.6091, 5.4870] 0.1605 16.2284 [10.6286, 21.8283] 0.0000

98.83 6.9412 [3.3377, 10.5447] 0.0000 9.9421 [7.1890, 12.6952] 0.0000

1.12 1.1827 [-1.4814, 3.8468] 0.2542 0.4523 [-2.2197, 3.1243] 0.6636

5.82 1.2136 [-2.0682, 4.4954] 0.3421 0.5379 [-2.7578, 3.8336] 0.6750

7 Comps 18.98 1.2456 [-2.8316, 5.3229] 0.4325 0.6664 [-3.4205, 4.7533] 0.6752

32.35 1.4139 [-2.6859, 5.5137] 0.3757 1.6147 [-2.9485, 6.1778] 0.3634

59.30 17.2312 [10.6671, 23.7954] 0.0000 42.7992 [39.8231, 45.7753] 0.0000

1.05 1.7948 [-0.4168, 4.0065] 0.0372 0.7322 [-1.4751, 2.9394] 0.3941

4.22 1.8080 [-0.8424, 4.4584] 0.0798 0.7938 [-1.8653, 3.4530] 0.4431

10 Comps  12.89 1.8666 [-1.4527, 5.1859] 0.1486 0.9414 [-2.3817, 4.2645] 0.4667

21.73 2.7089 [-1.3037, 6.7215] 0.0830 1.3716 [-2.4159, 5.1591] 0.3522

39.53 43.6529  [35.0983, 52.2075] 0.0000 59.6729 [50.1918, 69.1540] 0.0000

1.05 — — — 2.2154 [-4.0022, 8.4330] 0.3600

4.22 — — — 2.2592 [-5.4602, 9.9785] 0.4521

15 Comps  12.89 — — — 2.7635 [-7.0413,12.5684] 0.4689

21.73 — — — 101.2875 [75.1686,127.4065] 0.0000

39.53 — — — 176.6480  [165.8421,187.4539] 0.0000

Table 6: ANCOVA results comparing PPO_AB vs PPO_DLX and min_k_cut across scenarios. Differences represent the cost of comparator minus
the cost of PPO_AB.
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