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 A B S T R A C T

The Function-as-a-Service (FaaS) paradigm supports many Cloud-native applications, but rising demand for 
low-latency services exceeds what the Cloud alone can deliver. Edge computing addresses this limitation; 
however, its heterogeneity and fragmented administrative domains, together with the workload dynamicity, 
greatly complicate resource coordination and function replica allocation across the Edge–Cloud continuum. 
This paper addresses these challenges through two complementary contributions. First, we formalize the Func-
tion Replica Allocation and Load Balancing (FRALB) problem in the Edge–Cloud continuum as a Distributed 
orchestration problem referred to as DiFRALB. The formulation jointly optimizes function placement, horizontal 
offloading among Edge nodes, and vertical offloading toward Cloud resources. Computation offloading plays 
a central role in this setting, as it enables workloads to be distributed across heterogeneous Edge and Cloud 
infrastructures while meeting performance requirements. Second, recognizing that centralized orchestration 
approaches suffer from scalability limitations and raise privacy concerns in multi-stakeholder environments, 
we propose FaaS-MACrO, a distributed multi-agent orchestration architecture designed to solve the DiFRALB 
problem. In FaaS-MACrO, each Edge node operates as an independent agent making local decisions, while a 
lightweight coordinator ensures global consistency by iteratively updating offloading prices to resolve conflicts 
among neighboring nodes. Crucially, coordination requires only minimal information exchange, thereby 
preserving operational privacy. Our solution approach jointly optimizes processing and offloading decisions 
by capturing the trade-offs among local execution efficiency, horizontal offloading latency, and vertical 
offloading costs. Extensive experiments across heterogeneous node configurations, diverse network topologies, 
and varying function characteristics demonstrate that FaaS-MACrO achieves solutions within 0.03–12.14% of 
the centralized optimum on average while significantly improving scalability, reducing solution times by up 
to three orders of magnitude in large-scale deployments with 200 nodes.
1. Introduction

Modern digital services are expected to react quickly, scale un-
predictably, and remain available under variable demand. Serverless 
computing addresses these requirements by abstracting the infrastruc-
ture management from developers, allowing them to focus on appli-
cation logic while the platform handles scaling, resource allocation, 
and fault recovery [1]. Within this paradigm, Function as a Service 
(FaaS) provides the core execution paradigm, enabling applications to 
run as small, stateless functions that are triggered on demand [2,3]. 
By offering rapid elasticity and a pay-per-use pricing model [4], FaaS 
shortens development cycles and adapts seamlessly to diverse work-
load patterns. Therefore, it has become a key enabler of Cloud-native 
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application development and has proven effective in centralized Cloud 
environments.

However, the original assumptions of serverless computing break 
down for latency sensitive and context-aware services, of which indus-
trial IoT, emergency medical assistance services, smart mobility, and 
augmented or virtual reality [5,6] are relevant illustrative examples. 
These applications rely on data generated by geographically distributed 
devices and require mobility support and locality awareness [7]. Exe-
cuting functions exclusively in centralized Cloud infrastructures often 
introduces communication delays that violate strict Quality-of-Service 
(QoS) requirements. In such settings, deciding where functions should 
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run, how resources are shared, and how load is balanced across het-
erogeneous infrastructures becomes a key systems challenge. As a con-
sequence, computation is increasingly migrating closer to data sources 
and end users, motivating the extension of the FaaS model toward the 
Edge, exploiting the emerging Edge-Cloud computing continuum [8,9].

Although the deployment of serverless functions closer to the data 
sources promises reduced latency, decreased network traffic, and im-
proved bandwidth utilization [10,11], this paradigm shift introduces 
a number of unresolved orchestration challenges. The FaaS model was 
originally designed for Cloud environments, which are relatively homo-
geneous and usually over-pro-visioned. Instead, Edge nodes exhibit lim-
ited and heterogeneous computational capacities, operate under differ-
ent administrative entities, and experience highly dynamic workloads. 
Coordinating function execution across such a fragmented ecosystem 
requires continuous adaptation to changing conditions, workload pat-
terns, and node availability. These difficulties are further amplified 
at scale, as the short-lived and bursty nature of function invocations 
complicates efficient scheduling and load balancing across Edge envi-
ronments [6].

Among other challenges, effective workload management is critical 
in this context to optimize resource utilization across heterogeneous 
nodes while maximizing request throughput and meeting performance 
requirements. Without intelligent distribution mechanisms, individual 
nodes experience resource contention, resulting in increased response 
latency, performance degradation, and potential violations of Service 
Level Agreements. To address these challenges, orchestration strategies 
must span the entire computing continuum, featuring both local Edge 
deployments and Cloud-based resources, thereby combining latency-
aware execution at the periphery with the increased processing ca-
pacity of Cloud nodes. Within this continuum, computational tasks 
can be offloaded vertically, across different tiers (e.g., Edge-to-Cloud), 
and/or horizontally, among peer Edge nodes, to balance the traffic and 
mitigate local overloads. This dual offloading mechanism enables FaaS 
workloads to achieve greater responsiveness, scalability, and resilience 
in various deployment scenarios [12].

Recent research efforts have led to the development of FaaS frame-
works specifically designed for Edge environments, including
Serverledge [12], DFaaS [13], and GeoFaaS [14], as comprehensively 
surveyed in [2,15–17]. However, despite these advances, the litera-
ture reveals a clear gap: existing approaches rarely achieve, at the 
same time, scalability, privacy-preserving coordination, quantifiable near-
optimality, and decision-making autonomy at local Edge nodes, where 
autonomy denotes the ability of each node to independently decide 
replica placement and request routing based on local information, 
rather than merely executing decisions prescribed by centralized con-
trol.

To rigorously define this workload management challenge, in this 
paper we formalize the Function Replica Allocation and Load Balancing 
(FRALB) problem in a FaaS-enabled Edge–Cloud continuum through 
a centralized Mixed-Integer Linear Programming (MILP) model that 
addresses workload orchestration through both horizontal and vertical 
offloading. Beyond determining how requests should be distributed 
across the continuum, our MILP model identifies the optimal number 
of function replicas to instantiate on each Edge node, ensuring that 
deployed services can accommodate the incoming load.

However, while the MILP formulation provides a rigorous prob-
lem definition and serves as an optimization benchmark, centralized 
workload management approaches are ill-suited for highly dynamic, 
geo-distributed Edge environments in practice. Platforms employing 
centralized approaches, such as funcX [18] and FunLess [19], which 
are typical of Cloud-based scheduling frameworks, suffer from scal-
ability bottlenecks and introduce single points of failure, while also 
requiring broad visibility over the infrastructure state. Even systems 
that feature distributed execution capabilities often retain centralized 
scheduling components or require extensive state sharing to support 
vertical and/or horizontal offloading decisions, limiting their ability to 
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adapt to the dynamic and unpredictable conditions typical of Edge en-
vironments. Furthermore, most existing approaches do not adequately 
address privacy concerns arising from the need to share sensitive infras-
tructure information across administrative boundaries. This is a critical 
requirement when Edge nodes are managed by independent and pos-
sibly competing stakeholders, who may be reluctant to delegate their 
resource management decisions to a central authority. These limitations 
motivate the need for scalable distributed multi-agent orchestration 
mechanisms, where autonomous agents collaboratively negotiate, of-
fload, and balance workloads across the Edge–Cloud continuum while 
minimizing the information sharing among peers and with a centralized 
management system.

Addressing these requirements, we formalize the FRALB problem 
as a Distributed orchestration problem (DiFRALB), and propose FaaS-
MACrO (Multi-Agent Coordinated Orchestration), a privacy-preserving 
cooperative multi-agent architecture to solve it. Our approach dis-
tributes decision-making across participating Edge nodes, treating them 
as autonomous agents. Each agent independently decides how to allo-
cate requests between local processing and horizontal offloading and 
determines the number of function replicas to activate to handle the 
incoming load. More importantly, agents make these local decisions 
without any visibility into the state, characteristics, or decisions of 
other nodes in the network. Agents share their offloading decisions 
with a central coordinator, which verifies whether the horizontal of-
floading allocation is globally feasible; when this would cause nodes to 
exceed their capacity, it determines the vertical offloading to the Cloud 
required at each node to prevent request rejection, resolving conflicts 
arising from the limited visibility local nodes have of the state of the 
neighbors.

The proposed cooperative multi-agent orchestration mechanism bal-
ances autonomy and coordination, enabling each node to make indi-
vidually rational decisions that align with system-wide objectives. Fol-
lowing the paradigm of social welfare optimization, distributed agent 
decisions are coordinated to maximize an aggregate utility reflecting 
the collective performance of the system. Rather than optimizing iso-
lated node-level metrics, decisions are evaluated based on their global 
impact on computational and networking efficiency. Accordingly, we 
define an objective function that integrates the benefits and costs of lo-
cal execution, horizontal offloading, and vertical offloading, promoting 
cooperative behavior under distributed control.

FaaS-MACrO is designed to operate effectively under heterogeneous 
and dynamic conditions, accommodating Edge nodes with diverse com-
putational capabilities, different network topologies, and serverless 
functions with various execution demands.

In summary, the main contributions of this paper are:

• We formalize the Function Replica Allocation and Load Balanc-
ing (FRALB) problem in a FaaS-enabled Edge–Cloud continuum, 
encompassing both horizontal and vertical offloading

• We formulate a centralized MILP model to address the FRALB 
problem, providing an optimization benchmark for its distributed 
version (DiFRALB) with quality of solution guarantees.

• We develop FaaS-MACrO, a privacy-preserving multi-agent work-
load management architecture that distributes decision-making 
across Edge nodes while ensuring global consistency through 
minimal information exchange.

• We define a social welfare optimization objective that captures 
the trade-offs between local processing, horizontal and verti-
cal offloading, balancing efficiency, latency, and communication 
costs.

• We demonstrate the robustness and scalability of the proposed 
approach across heterogeneous nodes, network conditions, and 
function types, scaling up to 200 nodes and 50 functions, and 
showing performance close to the centralized optimum with ac-
ceptable coordination overhead.
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Table 1
Taxonomy of FaaS Orchestration Approaches: Centralized vs Distributed vs 
Decentralized.
 Centralized Distributed Decentralized  
 Vertical [20–23] [21,24] [14,21,25–

27]
 

 Horizontal [28–35] [34,36] [13,37–42]  
 Hybrid [43–49] 7 [12,50–52]  

The remainder of this paper is organized as follows. Section 2 
reviews the related work and positions our contribution within the 
state of the art. Section 3 formalizes the FRALB problem and defines 
its key concepts and parameters. Section 4 presents the centralized 
mathematical formulation of the FRALB problem, whereas Section 5 
presents a distributed formulation for scenarios in which Edge nodes 
make local decisions coordinated by a lightweight central coordinator. 
In the same section, we describe the FaaS-MACrO architecture proposed 
to tackle the DiFRALB problem. Section 6 details the simulation setup 
and discusses the obtained results. Finally, Section 7 summarizes the 
main findings and outlines directions for future research.

2. Related work

The rapid expansion of serverless computing has stimulated exten-
sive research activity, as documented in several comprehensive sur-
veys [2,15–17]. Although a large body of work on task allocation and 
scheduling in the computing continuum addresses comparable chal-
lenges, in this section, we restrict our attention to studies that explicitly 
adopt the FaaS execution model. We review contributions on FaaS 
deployment, scheduling, and offloading across heterogeneous infras-
tructures, grouping them into three architectural categories: centralized
orchestration, where decisions are computed by a single system-wide 
controller; distributed orchestration, in which autonomous node-level 
agents make local decisions under the coordination of a lightweight 
system coordinator, and decentralized orchestration where peer nodes 
coordinate directly in a fully peer-to-peer manner without any system-
wide coordinator. Within each category, we further classify works 
according to the offloading dimension they enable, namely vertical 
(across different tiers of the computing continuum), horizontal (across 
peer nodes within the same tier), or hybrid (both).

Table  1 summarizes this taxonomy, organizing representative stud-
ies by orchestration paradigm and supported offloading direction.

2.1. Centralized orchestration

Centralized orchestration approaches employ a single controller 
with complete system visibility to compute placement and offload-
ing decisions for FaaS workloads. We organize these works by their 
supported offloading dimensions.

2.1.1. Vertical offloading
Among the works that focus specifically on vertical offloading from 

Edge to Cloud, Das et al. [20] address the problem of scheduling 
serverless pipeline execution either at the Edge or in the Cloud. The 
approach they propose enables users to specify latency and cost require-
ments, and determines the execution location based on task duration 
prediction models, making binary placement decisions per pipeline 
without considering horizontal cooperation among Edge peers. In a 
similar setting, Costless [22] reduces cost by merging multiple functions 
into a single composite unit before deployment on Edge or Cloud 
nodes, thereby mitigating inter-function communication overhead. As-
cigil et al. [21] formulate the FaaS orchestration problem in Edge–
Cloud hierarchies as a time-slotted Mixed Integer Program capturing 
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admission control, Earliest Deadline First (EDF)-based scheduling, cold-
start effects, and multi-class queue dynamics. Under the fully central-
ized variant, a global controller has complete visibility of all cloudlets 
and determines both provisioning decisions and the optimal execution 
point for each request along the vertical Edge-to-Cloud path. Although 
used primarily as an upper bound due to its computational complexity, 
this centralized design illustrates the potential gains of globally coordi-
nated vertical offloading under strict latency and deadline constraints. 
Yao et al. [23] propose a Deep Reinforcement Learning (DRL) approach 
with population-guided parallel policy search to optimize vertical func-
tion offloading from IoT devices to a serverless edge (EFaaS) layer. 
Offloading is formulated as a centralized decision problem in which 
a single controller, assuming global system state observability, deter-
mines per-function execution at the device or edge tier to minimize 
latency, energy consumption, and monetary cost. While effective in 
reducing delay, the approach relies on centralized control and extensive 
offline training and does not address multi-edge placement or load 
balancing across heterogeneous edge nodes. Finally, E2FIS [35] focuses 
on minimizing energy consumption. It considers joint optimization of 
node activation and concurrency control. Integrated with Serverledge, 
E2FIS formulates a centralized MILP that runs periodically (15-60 min 
epochs) to determine which Edge nodes should remain active and their 
concurrency levels. Experiments demonstrate energy savings of up to 
92% compared to EDF scheduling.

2.1.2. Horizontal offloading
Some centralized approaches focus exclusively on horizontal of-

floading among Edge nodes. In particular, Palade et al. [28] apply 
Ant Colony Optimization to serverless function placement in feder-
ated Multi-access Edge Computing (MEC) systems. Despite using bio-
inspired swarm intelligence, the model performs horizontal offloading 
among MEC nodes coordinated by a central controller that solves 
placement decisions per function request. Results on federated se-
tups with up to 20 servers demonstrate reduced latency with sub-
second decision times, though the approach does not employ function 
replication. Implemented in OpenWhisk, LaSS [29] integrates function 
placement with auto-scaling decisions, using queuing models to predict 
performance under different allocation scenarios and adapt resource 
provisioning to workload fluctuations. Wang et al. [30] propose a 
framework combining a Hawkes Process Temperature-Driven (HPTD) 
scaler with a Dual-Level Orchestrator (DLO) scheduler. The HPTD 
component predicts workload bursts using temporal self-excitation, en-
abling proactive scale-out decisions, while the DLO scheduler performs 
fine-grained per-invocation bin-packing. Implemented in a centralized 
master-worker architecture, the approach achieves up to 900% im-
provement in Quality-Price Ratio. Chen et al. [32] introduce pCache, 
a cross-Edge orchestration framework that combines online request 
scheduling with probabilistic container caching. Built on Knative and 
Kubernetes, pCache features a centralized controller that optimizes 
request routing and container eviction decisions across multiple Edge 
nodes, taking into account per-node memory constraints. Finally, Russo 
Russo et al. [33] explore adaptive load balancing via a Multi-Armed 
Bandit framework, where the load balancer periodically selects among 
competing policies according to aggregated performance metrics.

2.1.3. Horizontal and vertical offloading
A large body of work on centralized FaaS orchestration supports 

both offloading dimensions. Among these, HEFTLess [44] addresses 
serverless workflow orchestration across the Edge-Fog-Cloud contin-
uum by formulating a bi-objective optimization problem that jointly 
minimizes execution cost and completion time. The system employs 
a hybrid approach combining Binary Linear Programming with HEFT-
based heuristics to compute placement decisions for workflow batches, 
enabling both horizontal and vertical offloading but requiring global 
visibility of all resources. EnergyLess [45] extends the optimization 
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scope to incorporate energy consumption and carbon emissions along-
side latency and monetary cost. The framework formulates a multi-
objective Mixed-Integer Nonlinear Programming model solved via an 
anchor-based heuristic scheduler that achieves sub-second orchestra-
tion times even for systems with hundreds of nodes. The authors of [46] 
address the problem of minimizing carbon emissions and long-term cost 
under latency constraints; they propose a hierarchical model for cross-
Edge orchestration that performs horizontal offloading among multi-
ple Edge nodes using Lyapunov-based online control, with decisions 
recomputed once per time slot (approximately 1 h).

Deng et al. [31] propose a proactive algorithm to distribute traffic 
among Edge nodes jointly optimizing functions placement and data 
stream mapping.

A number of studies also investigate the optimal placement of 
serverless functions across heterogeneous infrastructures. For instance, 
in [47] the authors address the placement of interdependent functions 
within workflow Directed Acyclic Graphs (DAGs), aiming to mini-
mize application completion time by balancing processing latency and 
communication overhead.

Mahdizadeh and Abrishami [43] address Edge FaaS scenarios where 
users submit DAGs of dependent functions. Their system operates in 
fixed 10-second rounds, with the EFaaS Manager collecting ready-task 
requests and allocating them to Edge servers through bidding-based 
assignment models inspired by the course allocation problem, aiming 
to minimize the Average Normalized Completion Time. Peri et al. [48] 
propose a two-tier scheduling strategy in which the first tier selects 
between public Cloud and private Edge based on a cost-aware heuristic, 
while the second tier performs fine-grained placement among Edge 
nodes. Raith et al. [49] present a pressure-based framework for adap-
tive serverless function management across Edge and Cloud nodes, 
designed to handle device mobility. The system implements both hor-
izontal and vertical offloading through a centralized controller (global 
function placement and replicas) coordinated with local modules inte-
grated with Kubernetes. Decisions are guided by a quantitative pressure 
metric combining request distribution, round-trip time, and resource 
usage. The pressure-based heuristic lacks formal optimality guarantees, 
and threshold-based triggers may react slowly to rapid workload surges.

2.2. Distributed orchestration

In distributed orchestration approaches, individual nodes make 
local decisions while sharing information with a central coordina-
tor, which ensures global consistency across the system and/or takes 
higher-level decisions in a hierarchical setting.

Focusing on vertical offloading, In their coordinated variant, Ascigil 
et al. [21] adopt a distributed architecture where local nodes perform 
request-level admission using only on-node queue simulations, while 
a central controller periodically orchestrates provisioning across the 
hierarchy. The decision-making burden is split: the controller man-
ages slow-timescale provisioning, and Edge nodes handle fast-timescale 
per-request admission. This hybrid scheme substantially reduces coor-
dination overhead while achieving performance close to the centralized 
upper bound. Tütüncüoğlu et al. [24] formulate a Stackelberg game in 
which a profit-driven FaaS Edge operator acts as the leader, jointly opti-
mizing pricing, radio/compute resource allocation, and service caching 
under complete and centralized knowledge of all system parameters. 
Wireless devices play as followers and individually decide, through a 
closed-form threshold rule, whether to offload or compute locally.

For horizontal offloading, NEPTUNE [36] partitions Edge infras-
tructure into autonomous communities, each managed by a local or-
chestrator solving Mixed Integer Programs for placement and routing. 
Higher-level controllers coordinate inter-community interactions and 
handle topology reconfiguration. Within each community, routing dis-
tributes requests according to computed fractions, while local control 
loops dynamically adjust CPU and GPU resource allocations. Aslanpour 
et al. [34] investigate load balancing in heterogeneous serverless edge 
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environments through a performance-driven, empirical weight-tuning 
approach. Edge nodes are profiled with respect to throughput, energy 
efficiency, latency, and cost, and the resulting weights are used to 
steer a weighted round-robin scheduler. The approach is primarily 
centralized, but the authors also evaluate a coordinated distributed 
configuration in which identical load-balancing policies are enforced 
by multiple edge-level gateways.

2.3. Decentralized orchestration

In decentralized approaches, autonomous nodes make decisions 
based solely on local information and peer-to-peer interactions, without 
any central coordination.

2.3.1. Vertical offloading
Among the decentralized frameworks that focus exclusively on ver-

tical offloading, Jinu et al. [26] present ComFaaS, a platform enabling 
vertical offloading between Edge and Cloud layers. Each Edge node 
independently decides at runtime whether to execute or offload func-
tions. The system demonstrates through empirical evaluation that Edge 
execution can outperform Cloud offloading when data transfer costs 
dominate. Li et al. [25] propose AttentionFunc, a multi-agent rein-
forcement learning framework for decentralized vertical offloading 
in Edge–Cloud serverless systems. Each Edge node is modeled as an 
autonomous agent that, on a per-invocation basis, decides whether to 
execute a function locally or offload it to the Cloud. The framework 
adopts a centralized training with decentralized execution paradigm: 
during training, agents exchange attention-weighted latent represen-
tations to enable cooperative policy learning, while at runtime each 
agent performs fully local offloading decisions based solely on its 
own observations and limited peer information, without relying on 
a central controller. Wu et al. [27] extend DRL by explicitly ad-
dressing cold-start latency through CSODQN, a distributed framework 
combining a warm-instance pool with importance-sampling-enhanced 
double-dueling Deep Q-Network (DQN). Each device independently 
decides on offloading actions among local, Edge, or Cloud execution, 
with the DQN incorporating cold-start risk explicitly. While the training 
of the CSODQN algorithm is distributed (central memory is used to 
accelerate and stabilize agent learning), execution is decentralized. 
Ascigil et al. [21] also present fully decentralized policies in which 
each cloudlet independently manages its provisioning and admission 
control using only local statistics such as utilization, missed utilization, 
and deadline adequacy. Decisions are made autonomously and vertical 
offloading emerges naturally as rejected requests climb the hierarchy 
toward higher-capacity nodes. The proposed policies operate at low 
computational cost and, despite the absence of coordination, achieve 
satisfaction rates close to centralized strategies. GeoFaaS [14] is a geo-
aware Edge-to-Cloud FaaS platform where each node autonomously 
decides, for each request, whether to execute it locally or offload it 
vertically to the Cloud based on availability and latency considerations.

2.3.2. Horizontal offloading
Several frameworks enable horizontal peer-to-peer offloading among

Edge nodes. In particular, DFaaS [13] federates multiple OpenFaaS 
nodes at the Edge through an overlay network, enabling horizontal, 
peer-to-peer offloading between federated Edge nodes without relying 
on a centralized controller, achieving dynamic and autonomous load 
balancing. Function offloading is performed through a weighted Round-
Robin policy whose weights are dynamically adjusted at runtime by 
local agents employing heuristic or DRL strategies [53,54], enabling 
adaptive and self-optimizing behavior under varying workload condi-
tions. Similarly, P2PFaaS [38] supports horizontal offloading through 
gossip-based peer discovery. Each node independently decides whether 
to execute, reject, or forward incoming requests based on its current 
load, with RL policies continuously updated online to improve decision 
quality over time. In FaaS@Edge [39], a fully peer-to-peer solution 
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built on the InterPlanetary File System for decentralized resource 
discovery, offloading decisions are made on a per-request basis via 
randomized peer selection among nodes advertising compatible mem-
ory availability, ensuring fairness and decentralization without any 
global scheduler. Experimental results across 40 Edge nodes report low 
submission latency (≈ 110 ms) and over 98% successful execution rates.

Cicconetti et al. [37] propose an Internet Protocol-inspired algo-
rithm where each Edge router autonomously assigns function requests 
to nearby executors based on dynamically updated latency weights. The 
system employs weighted Round-Robin for proportional fairness and 
supports hierarchical scaling through inter-router forwarding, though 
it operates purely reactively without explicit optimization. Carlini 
et al. [40] propose a fully decentralized horizontal offloading mech-
anism using the Marginal Computing Cost per User (MCU) as a fairness 
metric. Each node periodically selects one neighbor and evaluates 
potential workload migrations, accepting migrations only if the des-
tination residual capacity remains positive. This pairwise negotiation 
iteratively equalizes MCU values across the network. Chen et al. [41] 
introduce Ekko, a fully decentralized FaaS scheduling system built 
on a Pastry Distributed Hash Table. Nodes autonomously assume 
roles as workers or shadow schedulers, with scheduler count growing 
sub-linearly through gossip-based self-election. Experiments on up to 
100,000 emulated nodes demonstrate significant latency reductions. 
Finally, a multi-agent DQN scheduler for horizontal offloading within 
data-center-scale FaaS clusters is introduced in [42]. Each worker 
node acts as an autonomous agent observing local resources and 
communicating with peers to cooperatively decide function placement. 
Experiments on a 10-node simulated cluster demonstrate up to 33% 
higher CPU usage compared to heuristic baselines.

2.3.3. Horizontal and vertical offloading
Several decentralized approaches support both offloading dimen-

sions. Among these, Serverledge [12] is an open-source FaaS frame-
work that employs a decentralized architecture to execute serverless 
functions in Cloud-to-Edge environments. Each node autonomously 
decides whether to execute or offload requests based on local state 
and neighbor latency estimates obtained through the Vivaldi algo-
rithm. Serverledge utilizes Docker containers for function execution 
and supports both horizontal and vertical offloading through reactive, 
rule-based policies. Russo Russo et al. [50] extend Serverledge with a 
decentralized QoS-aware offloading strategy where each node solves a 
local Linear Programming model to optimize offloading probabilities, 
maximizing expected utility under local resource and cost constraints. 
Nodes periodically exchange lightweight aggregated information about 
capabilities and load states. Russo Russo et al. [51] adopt a DQN-based 
offloading policy within Serverledge, featuring centralized training and 
decentralized per-invocation decision making at Edge nodes across 
local execution, horizontal/vertical offloading, and request dropping. 
The approach requires limited state information, including local re-
source availability and coarse neighbor-availability indicators. Finally, 
Daniëlse et al. [52] compare centralized, federated, and decentralized 
offloading architectures for OpenFaaS-based systems. In their decentral-
ized variant, each node independently decides which request to execute 
locally, offload to peers, or offload to the Cloud using weighted Round-
Robin with empirically updated weights based on observed response 
times.

2.4. Positioning of this work

Our review shows that the literature is extremely limited when it 
comes to distributed FaaS orchestration. In particular, to the best of our 
knowledge, there are no distributed approaches that jointly support 
both vertical and horizontal offloading (Table  1). In the few works 
labeled as distributed, Edge nodes often perform only trivial admission 
decisions, while substantive scheduling and provisioning logic remains 
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centralized. Local nodes neither coordinate with each other nor engage 
in iterative negotiation with the orchestrator.

Centralized hybrid offloading solutions typically require full system 
visibility to compute placement, provisioning, and routing decisions. 
This makes them poorly suited to federated scenarios where nodes 
belong to different administrative domains and detailed state sharing is 
not feasible (Table  2). Conversely, fully decentralized coordination can 
improve flexibility, scalability, and resilience to failures or intermittent 
connectivity by avoiding dependence on a single global decision maker. 
However, these benefits often come at the cost of potentially significant 
deviations from globally optimal solutions. Moreover, decentralized 
coordination is not inherently privacy-preserving, as it may still re-
quire substantial information exchange. Nonetheless, the authors of the 
works analyzed in Table  2 explicitly account for this issue by designing 
coordination mechanisms that minimize the amount of shared infor-
mation, thereby enabling more privacy-aware operation. Table  2 also 
highlights that most existing approaches are evaluated on relatively 
small problem instances, often involving only a limited number of 
nodes and functions.

Overall, the analysis identifies a clear gap: existing approaches 
rarely achieve at the same time scalability, privacy-preserving coor-
dination, quantifiable near-optimality, and decision-making autonomy 
at local Edge nodes. This work fills this gap by proposing a dis-
tributed orchestration model in which Edge nodes are the main actors 
in an iterative decision-making process. They independently determine 
both the volume of requests to execute locally or offload and the 
number of function replicas to instantiate, while a lightweight coor-
dinator exchanges only minimal signals to ensure global feasibility. 
While learning-based approaches (particularly DRL) are increasingly 
explored for distributed orchestration, they typically require extensive 
training and exploration, offer limited deterministic guarantees on 
constraint satisfaction, and may suffer from convergence instability 
and limited explainability in highly coordinated multi-agent environ-
ments. In contrast, our model-based framework provides coordina-
tion stability, explicit feasibility guarantees, and transparent decision 
logic, enabling near-optimal and privacy-aware distributed orchestra-
tion without relying on unsafe exploration or long offline training 
phases.

The framework formulates orchestration as a social welfare max-
imization problem that we solve through an iterative coordination 
mechanism. The problem definition is inspired by Lagrangian relax-
ation, which enables near-optimal operation and allows quantifying the 
distance from an optimality bound. Finally, our experimental analysis 
demonstrates scalability up to 200 nodes and 50 functions, well beyond 
the scale considered in most of the analyzed works, showing that strong 
performance and privacy-aware operation can be achieved even in the 
presence of a central coordinator.

The architectural principle is inspired by Giordani et al. [55], who 
proposed a two-level distributed framework for production planning 
in manufacturing systems. In their formulation, mobile robot agents 
autonomously solve local scheduling problems, while a central coordi-
nator ensures that the set of local schedules collectively satisfies global 
resource and capacity constraints by updating Lagrangian multipliers. 
Although developed for a different domain, [55] proposes a decom-
position logic that inspires the design of FaaS-MACrO. In our case, 
this principle is adapted to the dynamic, latency-sensitive, and privacy-
aware nature of FaaS workloads operating across the Edge-to-Cloud 
continuum.

3. Problem description

We study and propose the Function Replica Allocation and Load 
Balancing (FRALB) problem in a reference scenario consisting of a 
network of geo-distributed, heterogeneous computing nodes in the 
Edge–Cloud continuum. The infrastructure includes Edge devices and 
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Table 2
Comparison of works jointly supporting horizontal and vertical offload-
ing, including privacy aspects and experimental scale.
 Centralized
 [43] [44,45] [46] [47] [48] [49] 
 Privacy 7 7 7 7 7 7  
 # nodes 10 325 15 6 3 9  
 # func. 115 17 5 200 10 1

 Decentralized
 [12] [50] [51] [52] 
 Privacy 3 3 3 ?  
 # nodes 4 11 3 6  
 # func. 4 150 5 2  

micro-datacenters with diverse computational capabilities and commu-
nication characteristics. The system is modeled as an undirected graph 
𝐺 = ( , ), where   denotes the set of computing nodes and  denotes 
the set of communication links between them.

Each node 𝑖 ∈   hosts a FaaS platform that orchestrates the 
execution of serverless functions. Nodes are constrained by finite pro-
cessing capacity and a limited memory capacity 𝑅𝐴𝑀 𝑖. We adopt a 
discrete-time model where client function execution requests arrive in 
time slots. Each client accesses the system through their closest Edge 
node, which acts as the initial ingress point for function execution 
requests, as illustrated in Fig.  1. Requests may be executed locally at the 
ingress Edge node, forwarded to neighboring Edge or micro-datacenter 
nodes through horizontal offloading, or delegated to the Cloud layer 
via vertical offloading, depending on the availability of computational 
resources and prevailing network conditions.

Communication links (𝑖, 𝑗) ∈  are characterized by fixed bandwidth 
and transmission latency parameters, capturing the heterogeneity in 
inter-node connectivity. This abstraction enables the joint modeling 
of computational and network-level constraints that influence function 
replica placement, load distribution, and coordination across the Edge–
Cloud continuum. All nodes in   are connected to a centralized Cloud 
layer . Following other proposals (e.g., [46]), the Cloud is assumed 
to possess sufficient computational capacity to absorb excess workload 
whenever Edge nodes are saturated. This assumption ensures that 
function requests are never rejected and avoids the need for over-
provisioning at the Edge, thereby reducing energy consumption and 
operational costs.

Following the serverless paradigm, a predefined set of functions 𝑖
is deployed on each Edge node 𝑖 ∈   as well as on the Cloud. We 
assume that the set of deployable functions is fixed within the time 
horizon considered and that all nodes support compatible execution 
environments. For the purposes of this work, we use the following 
function definition.

Definition 1.  A function 𝑓 ∈  =
⋃

𝑖∈ 𝑖 is a discrete, stateless 
computational unit that encapsulates a specific microservice or task. 
Functions are invoked independently in response to client requests and 
can be instantiated as multiple function replicas (typically deployed as 
containerized instances [44,46]) on each node 𝑖 ∈   and on the Cloud.

We model functions as deterministic and stateless entities with 
consistent runtime behavior across invocations. Specifically, we assume 
that each function 𝑓 exhibits predictable execution characteristics on a 
given node 𝑖, which enables precise estimation of CPU utilization. Un-
der this assumption, the execution of a single request of function 𝑓 on 
node 𝑖 is characterized by a constant average service time (or demand) 
𝐷𝑓
𝑖 . Here, 𝐷

𝑓
𝑖  represents the execution time required to process a single 

request in isolation, i.e., when a single replica of function 𝑓 is deployed 
on node 𝑖 without resource contention from other functions. Addition-
ally, each replica of function 𝑓 is assumed to require a deterministic and 
fixed amount of memory RAM𝑓 , independent of the execution node. 
This abstraction neglects transient memory fluctuations and runtime 
6 
variability, allowing memory constraints to be modeled through static 
capacity limits at each node. Although these assumptions are seemingly 
restrictive, they are commonly adopted in the serverless computing 
literature and generally hold in practical applications. Indeed, function 
replicas are usually deployed as containerized services (e.g., Docker 
containers), whose memory requirement can be statically estimated at 
design time depending on the container image size and the data struc-
tures required for execution. On the other hand, the service demand 𝐷𝑓

𝑖
is estimated without resource contention; therefore, its average value 
primarily depends on the hardware characteristics of the node 𝑖 where 
requests are executed [56].

To capture system dynamics, we model the system using discrete 
time periods 𝑡, over which system parameters, including function 
request arrival rates and network conditions, are considered quasi-
stationary, while computational capacities at each node remain con-
stant throughout the entire time horizon. Replica allocation and load-
balancing decisions are maintained throughout each period but are 
recomputed across successive intervals to adapt to changing conditions. 
The duration of period 𝑡 must satisfy two competing requirements: 
it should be short enough to accurately capture transient workload 
fluctuations and ensure that average request rates approximate actual 
arrival processes, yet long enough to allow execution of the coor-
dination algorithms that determine function placement and routing 
decisions [35]. In practice, 𝑡 may range from a few seconds to sev-
eral minutes depending on system dynamics and the computational 
overhead of the decision process [35,43,46].

Definition 2.  The input workload 𝜆𝑓𝑖 (𝑡) represents the average arrival 
rate of execution requests (measured in requests per second) for func-
tion 𝑓 ∈ 𝑖 at node 𝑖 ∈   during time period 𝑡, originating from 
external clients as depicted in Fig.  2.

We emphasize that both the service demand parameters 𝐷𝑓
𝑖  and 

the workload descriptors 𝜆𝑓𝑖 (𝑡) are treated in our work as configurable 
inputs rather than application-specific constants. By appropriately set-
ting these parameters, the model can capture heterogeneous execution 
characteristics, request volumes, and latency sensitivities associated 
with different application domains. In this sense, the proposed ap-
proach provides an infrastructure-level orchestration framework that 
is application-agnostic, yet can be specialized to specific scenarios 
through suitable parameterization of workload intensity, computational 
demand, and resource requirements.

In this work, we focus on optimizing system behavior within a single 
time period 𝑡, assuming the average workload 𝜆𝑓𝑖  is known or can be 
estimated [35,57]. To simplify notation, we henceforth omit the explicit 
time dependency in variables and parameters, with the understanding 
that all quantities refer to the time period under consideration. While 
approximating workload as a known average introduces some error, 
particularly in scenarios with high workload volatility (as discussed in 
Section 6.1), it does not significantly impact our approach. We assume 
that any excess workload beyond the expected average is absorbed 
through vertical offloading to the central Cloud, leveraging its virtually 
unlimited computational capacity to prevent overload at the Edge [46].

Given the resource characteristics and computational constraints 
described above, two sets of decisions must be made for each node 𝑖
during time period 𝑡:

• Replica allocation: Determine the optimal number of function 
replicas 𝑟𝑓𝑖  to deploy for each function 𝑓 ∈ 𝑖, thereby enabling 
concurrent request processing.

• Load distribution: Decide how to partition the incoming request 
rate 𝜆𝑓𝑖  among three processing strategies: local execution (𝑥

𝑓
𝑖 ), 

forwarding to neighboring nodes (𝑦𝑓𝑖𝑗), or vertical offloading to 
the Cloud (𝑧𝑓 ).
𝑖
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Fig. 1. Architecture of a geo-distributed Function-as-a-Service (FaaS) system modeled as an undirected graph 𝐺 = ( , ). Edge nodes host containerized function 
replicas with finite computational resources, processing incoming workloads 𝜆𝑓𝑖 (𝑡) from geographically distributed clients via wireless access points. Inter-node 
workflows 𝑦𝑓𝑖𝑗 represent dynamic request routing across the network topology.
Fig. 2. Illustration of workload arrival rate 𝜆𝑓𝑖 (𝑡) for function 𝑓 at node 𝑖 over 
time, showing time-varying request rates from external clients. The blue line 
records actual measurements, while the red dashed line indicates the expected 
average. (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.)

These decisions are subject to two fundamental constraints that 
ensure system feasibility and stability: memory capacity and overload 
prevention constraints.

Memory capacity constraints: The allocation of function replicas at 
each node is limited by available memory: 
∑

𝑓∈𝑖

𝑟𝑓𝑖 ⋅ RAM𝑓 ≤ RAM𝑖 ∀ 𝑖 ∈  . (1)

Overload prevention constraints: To formalize these requirements, we 
model the execution dynamics at each node as represented in Fig.  3. 
Requests assigned to node 𝑖 comprise locally processed requests 𝑥𝑓𝑖  and 
horizontally offloaded requests ∑𝑗 𝑦

𝑓
𝑗𝑖 from neighboring nodes. These 

requests enter a dedicated queue for function 𝑓 and are distributed 
among 𝑟𝑓𝑖  function replicas using Round-Robin scheduling. Each replica 
provides a processing rate of 1∕𝐷𝑓

𝑖  requests per second, yielding a total 
processing capacity of 𝑟𝑓𝑖 ∕𝐷

𝑓
𝑖  for function 𝑓 on node 𝑖1 [29].

1 The first time a request is assigned for execution to a new function 
replica (i.e., a new container instance), it must wait for the container to 
be fully initialized, thus experiencing a potential delay (referred to as cold 
7 
Definition 3.  The resource utilization 𝑈𝑓
𝑖  is defined as the ratio of 

current load to available capacity: 

𝑈𝑓
𝑖 =

𝐷𝑓
𝑖

𝑟𝑓𝑖

(

𝑥𝑓𝑖 +
∑

𝑗∶(𝑗,𝑖)∈∧𝑓∈𝑖

𝑦𝑓𝑗𝑖

)

, (2)

where 𝑈𝑓
𝑖  represents the average fraction of time each replica remains 

occupied.

Definition 4.  A node 𝑖 operating function 𝑓 is in a stable regime if its 
utilization satisfies 𝑈𝑓

𝑖 < 1. When 𝑈𝑓
𝑖 ≥ 1, the node enters an overloaded 

state, characterized by request arrival rates that exceed processing 
capacity, resulting in unbounded queue growth and divergent response 
times.

In practical deployments, overloaded states lead to request loss and 
QoS degradation. To prevent overload, resource providers typically 
enforce a maximum utilization threshold 𝑈𝑓

max,2 maintaining resources 
sufficiently far from saturation: 

𝑈𝑓
𝑖 ≤ 𝑈

𝑓
max ∀𝑖 ∈  , 𝑓 ∈ 𝑖. (3)

Although our model does not explicitly optimize end-to-end request 
response time, the resource utilization Constraints (3), forcing the 
system to operate in a stable regime, implicitly promotes acceptable 
latency behavior.

Having established the system constraints, we now define the ob-
jective function that guides optimization decisions. Each distribution 
option (i.e., local execution, horizontal and vertical offloading) car-
ries distinct performance characteristics and resource implications that 
must be balanced to achieve an aggregate, system-wide profit.

start). However, since this additional waiting time is typically of the order 
of a few milliseconds to some seconds [27,50], we can assume, as in other 
proposals [46], that the control time interval 𝑡 is long enough to offset its 
impact and to ensure that all incoming requests safely terminate the execution.

2 Typical values in practical applications range in [0.5, 0.8] [58], with lower 
thresholds providing larger safety margins against transient workload spikes.



F. Filippini et al. Journal of Systems Architecture 176 (2026) 103787 
Fig. 3. Node-level workload management decisions for function 𝑓 ∈ 𝑖 during 
control period 𝑡. Node 𝑖 must decide how to partition incoming requests among 
local processing, horizontal, and vertical offloading.

Definition 5.  The local profit for workload management for function 
𝑓 at node 𝑖 quantifies the economic or performance benefit of request 
processing decisions, expressed as: 
𝛼𝑓𝑖 𝑥

𝑓
𝑖 +

∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑖

𝛽𝑓𝑖𝑗𝑦
𝑓
𝑖𝑗 − 𝛾

𝑓
𝑖 𝑧

𝑓
𝑖 , (4)

where 𝛼𝑓𝑖  represents the unit profit from locally executing a rate of 
1 req∕s for function 𝑓 on node 𝑖, 𝛽𝑓𝑖𝑗 captures the unit profit from 
offloading requests horizontally to a neighboring node 𝑗, and 𝛾𝑓𝑖  repre-
sents the unit cost of vertical offloading to account for network transfer 
time and Cloud service costs.

In the rest of this work, we tackle the FRALB problem outlined in 
this section by initially adopting a centralized perspective (Section 4), 
considered then as a starting point and performance upper bound 
for a cooperative multi-agent distributed approach (Section 5) where 
a privacy-preserving coordinator mediates local decisions taken by 
individual Edge nodes.

4. Centralized problem formulation

We now present a centralized Mixed-Integer Linear Programming 
(MILP) formulation for the FRALB problem that jointly optimizes 
replica allocation and load distribution across all Edge nodes to maxi-
mize system-wide profit.

Overall, the centralized workload management problem reads:

max
∑

𝑖∈

∑

𝑓∈𝑖

1
𝜆𝑓𝑖

⎛

⎜

⎜

⎝

𝛼𝑓𝑖 𝑥
𝑓
𝑖 +

∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑗

𝛽𝑓𝑖𝑗𝑦
𝑓
𝑖𝑗 − 𝛾

𝑓
𝑖 𝑧

𝑓
𝑖

⎞

⎟

⎟

⎠

(P1a)

subject to:
subject to ∶
∑

𝑓∈𝑖

𝑟𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 ≤ 𝑅𝐴𝑀 𝑖 ∀ 𝑖 ∈  (P1b)

𝑥𝑓𝑖 +
∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑗

𝑦𝑓𝑖𝑗 + 𝑧
𝑓
𝑖 = 𝜆𝑓𝑖 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1c)

∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑗

𝑦𝑓𝑖𝑗 ≤ 𝜆𝑓𝑖 𝜇
𝑓
𝑖 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1d)

∑

𝑗∶(𝑗,𝑖)∈∧𝑓∈𝑗

𝑦𝑓𝑗𝑖 ≤ 𝛬𝑓 𝜉𝑓𝑖 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1e)

𝜉𝑓 + 𝜇𝑓 ≤ 1 ∀𝑖 ∈  , 𝑓 ∈  (P1f)
𝑖 𝑖 𝑖
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𝐷𝑓
𝑖

⎛

⎜

⎜

⎝

𝑥𝑓𝑖 +
∑

𝑗∶(𝑗,𝑖)∈∧𝑓∈𝑗

𝑦𝑓𝑗𝑖
⎞

⎟

⎟

⎠

≤ 𝑟𝑓𝑖 𝑈
𝑓
max ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1g)

𝐷𝑓
𝑖

⎛

⎜

⎜

⎝

𝑥𝑓𝑖 +
∑

𝑗∶(𝑗,𝑖)∈∧𝑓∈𝑗

𝑦𝑓𝑗𝑖
⎞

⎟

⎟

⎠

≥
(

𝑟𝑓𝑖 − 1
)

𝑈
𝑓
max ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1h)

𝑥𝑓𝑖 , 𝑧
𝑓
𝑖 ≥ 0 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1i)

𝑟𝑓𝑖 ∈ N0 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P1j)

𝑦𝑓𝑖𝑗 ≥ 0 ∀(𝑖, 𝑗) ∈  , 𝑓 ∈ 𝑖 ∩ 𝑗 (P1k)

𝜉𝑓𝑖 , 𝜇
𝑓
𝑖 ∈ {0, 1} ∀𝑖 ∈  , 𝑓 ∈ 𝑖. (P1l)

In each time period 𝑡, solving this problem means determining the 
most appropriate number of replicas 𝑟𝑓𝑖  to deploy for each function 
𝑓 ∈ 𝑖 on all nodes 𝑖 ∈   (under the memory Constraints (P1b)), 
and how to manage the incoming load. The formulation maximizes 
the aggregate operational profit (P1a), defined as the sum over all 
nodes and functions of the terms introduced in Eq.  (4), normalized by 
considering the total rate of incoming requests 𝜆𝑓𝑖 . While our model is 
agnostic to specific parameter values, their relative magnitudes encode 
the execution strategy that the optimization is designed to favor. The 
most common approach in FaaS-enabled Edge systems prioritizes local 
execution over horizontal offloading, and horizontal offloading over 
vertical offloading to the Cloud, since request forwarding incurs net-
work communication overhead and execution delays. This preference 
can be encoded by setting 𝛽𝑓𝑖𝑗 < 𝛼𝑓𝑖  for all nodes, making local 
execution most profitable when feasible. However, different application 
scenarios may warrant alternative strategies: for functions with loose 
response time constraints, vertical offloading may be preferable to local 
execution on resource-constrained nodes, as it frees resources to serve 
latency-sensitive requests. Such scenarios can be represented by setting 
𝛾𝑓𝑖 < 0, converting the vertical offloading penalty into a positive profit 
that favors Cloud execution. Moreover, the local execution profit 𝛼𝑓𝑖
typically reflects function priority levels. Functions are often grouped 
into priority classes (e.g., basic, premium, and gold), where 𝛼𝑓𝑖 = 𝛼𝑐𝑖  for 
all functions 𝑓 in class 𝑐.

Each node 𝑖 receives the main flow of requests from clients con-
nected to the node access point, which come at the rate of 𝜆𝑓𝑖  re-
quests per second directed to function 𝑓 ∈ 𝑖. As explained in Sec-
tion 3, these can be processed locally (𝑥𝑓𝑖 ), forwarded to neighbor-
ing nodes (∑𝑗 𝑦

𝑓
𝑖𝑗), or offloaded to the Cloud (𝑧

𝑓
𝑖 ) according to the 

node computational capacity and trying to maximize the resulting 
profit. Constraints (P1c) enforce flow conservation for the 𝜆𝑓𝑖  incoming 
requests, ensuring that every request is either processed locally or 
horizontally/vertically offloaded, thus preventing traffic loss.

Moreover, node 𝑖 receives, for each function 𝑓 ∈ 𝑖, an auxiliary 
flow coming from neighbors, represented by ∑𝑗 𝑦

𝑓
𝑗𝑖. In our model, these 

requests cannot be further offloaded neither horizontally, redirecting 
them to other neighboring nodes, nor vertically to the Cloud. Indeed, 
Constraints (P1c) implies that workload management decisions at each 
node account only for the main load arriving directly at that node 
from the access point, while the auxiliary flow ∑𝑗 𝑦

𝑓
𝑗𝑖 coming from 

neighbors is always explicitly included in the local processing queue 
through Constraints (P1g)–(P1h), where it appears at the left-hand 
side together with the requests 𝑥𝑓𝑖 . Therefore, we can say that Con-
straints (P1c), (P1g) and (P1h) together establish a one-hop constraint
that prevents routing cycles and bounds end-to-end latency by limiting 
the forwarding chain length.

At the same time, the formulation adopts a stricter assumption to 
prevent inefficient routing chains, guaranteeing that a node 𝑖 cannot 
simultaneously offload requests for a function 𝑓 to its neighbors while 
also accepting requests for the same function from other neighbors. 
Although such behavior may increase the objective value in certain 
cases, it typically leads to unnecessary forwarding and higher average 
latency. Constraints (P1d)–(P1f) formalize this restriction: in particular, 
the two binary variables 𝜉𝑓  and 𝜇𝑓 , for each node 𝑖 ∈   and function 
𝑖 𝑖
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Table 3
Parameters and variables for the centralized formulation of the FRALB problem.
 Set Symbol Description  
 Nodes  Set of computing nodes 𝑖 ∈  .  
 Arcs  Set of node connections (arcs) (𝑖, 𝑗) ∈  .  
 Functions 𝑖 Set of functions 𝑓 ∈ 𝑖 executed on node 𝑖.  
 Parameter Symbol Description  
 Memory capacity 𝑅𝐴𝑀 𝑖 Memory capacity of node 𝑖 ∈  in megabytes [MB].  
 Input workload 𝜆𝑓𝑖 Rate of incoming requests for function 𝑓 at node 𝑖 [req/s].  
 RAM demand 𝑅𝐴𝑀𝑓 RAM demand of function 𝑓 ∈  in megabytes [MB].  
 Service demand 𝐷𝑓

𝑖 Average execution time of function 𝑓 ∈  at node 𝑖 without resource contention [s].  
 Maximum utilization threshold 𝑈

𝑓
max Maximum acceptable utilization level for function 𝑓 to avoid saturation, 𝑈𝑓

max ∈ [0, 1).  
 Local execution profit 𝛼𝑓𝑖 Profit for processing 1 req/s of function 𝑓 locally on node 𝑖.  
 Offloading profit 𝛽𝑓𝑖𝑗 Profit for offloading 1 req/s of function 𝑓 from node 𝑖 to node 𝑗.  
 Cloud offloading penalty 𝛾𝑓𝑖 Cost for offloading to the Cloud 1 req/s of function 𝑓 on node 𝑖.  
 Workload upper bound 𝛬𝑓 ‘‘Large-enough’’ constant used to impose an upper bound on the number of requests that a 

node can receive from neighbors
 

 Variable Symbol Description  
 Locally processed requests 𝑥𝑓𝑖 Rate of function 𝑓 requests processed at node 𝑖 [req/s], 𝑥𝑓𝑖 ≥ 0.  
 Forwarded requests 𝑦𝑓𝑖𝑗 Rate of function 𝑓 requests sent from node 𝑖 to node 𝑗 [req/s], 𝑦𝑓𝑖𝑗 ≥ 0.  
 Requests offloaded to the Cloud 𝑧𝑓𝑖 Rate of function 𝑓 requests offloaded to the Cloud by node 𝑖 [req/s], 𝑧𝑓𝑖 ≥ 0.  
 Function replicas 𝑟𝑓𝑖 Number of function 𝑓 replicas deployed on node 𝑖, 𝑟𝑓𝑖 ∈ N0.  
 Routing variable (1) 𝜉𝑓𝑖 1 if node 𝑖 receives requests of function 𝑓 from any neighbor, 0 otherwise.  
 Routing variable (2) 𝜇𝑓𝑖 1 if node 𝑖 offloads requests of function 𝑓 to any neighbor, 0 otherwise.  
𝑓 ∈ 𝑖 are 1 if node 𝑖 receives from (or offloads to, respectively) any 
neighbor requests of function 𝑓 . By Constraints (P1f), at most one of 
the two can be true (have value of 1), meaning that a node cannot 
forward requests for a specific function if it receives them from others 
(and vice versa). Note that 𝛬𝑓  in Constraints (P1e) is a large-enough 
constant defined, e.g., as 𝛬𝑓 =

∑

𝑗 𝜆
𝑓
𝑗  for each function 𝑓 .

Finally, Constraints (P1g)–(P1h) ensure that the effective load to be 
served at node 𝑖 for function 𝑓 is matched by an appropriate number of 
replicas 𝑟𝑓𝑖 . Specifically, Constraint (P1g) enforces stability by requiring 
𝑈𝑓
𝑖 ≤ 𝑈

𝑓
max as discussed in Section 3, whereas Constraint (P1h) estab-

lishes an upper bound on 𝑟𝑓𝑖  thus imposing that an additional replica 
is started for function 𝑓 only if the incoming load is large-enough to 
guarantee that doing so does not lead to a drop in utilization, effectively 
maintaining replicas close to their maximum efficiency.3

Table  3 provides a comprehensive overview of all parameters and 
variables used in the formulation.

5. Cooperative multi-agent orchestration

As mentioned in Section 3, the FRALB problem can be tackled as a 
distributed problem (hereafter referred to as

DiFRALB) by considering a multi-agent architecture where nodes 
make local management decisions under the coordination of a central 
controller. In this scenario, the formulation proposed in Section 4 for 
the centralized case must be adapted to account for the lack of global 
information about node capacities.

In this section, we propose the DiFRALB problem and the corre-
sponding distributed FaaS-MACrO architecture, which operates through 
an iterative coordination process. At iteration ℎ, the central coordinator 
broadcasts a price vector 𝛱ℎ = [𝜋𝑓 (ℎ)]𝑓∈  indicating the price for 

3 This design choice is particularly suited to resource-constrained Edge 
nodes, where starting an underutilized replica would waste limited compu-
tational capacity that could be better allocated to functions with higher load 
or execution profit. In such settings, offloading a small number of requests 
is more efficient than maintaining a poorly utilized instance. Conversely, in 
powerful or Cloud environments with abundant resources, this constraint may 
be unnecessarily restrictive, as maintaining maximum utilization is less critical; 
however, it can be easily relaxed by defining an acceptable utilization range 
[𝑈

𝑓
min, 𝑈

𝑓
max]. Moreover, when the Edge nodes are generally close to saturation, 

the potential inefficiency caused by this constraint does not arise, since all 
replicas naturally operate near their utilization limit.
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offloading 1 req∕s of each function 𝑓 . Given 𝛱ℎ, each node 𝑖 solves 
the local subproblem (P2) to determine (i) the number of replicas to 
deploy for each function (𝑟𝑓𝑖 ), (ii) the locally served request rate (𝑥

𝑓
𝑖 ), 

and (iii) the rate 𝜔𝑓𝑖  it asks the network to process (without specifying 
destinations). The coordinator then collects the locally-optimal solution 
identified by each node, denoted as ⟨𝑥𝑓𝑖 , 𝜔̂

𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩
ℎ, and solves the coordi-

nation problem (P3) to compute fine-grained offloading decisions 𝑦𝑓𝑖𝑗 , 
to enforce global consistency and feasibility across nodes. Prices are 
subsequently updated to form 𝛱ℎ+1, and the process repeats until a 
stopping criterion is met.

With respect to fully decentralized approaches [50,54] where nodes 
make processing decisions independently on the social welfare, the 
presence of a coordinator in our multi-agent approach creates a virtual 
market where the additional offloading prices 𝛱ℎ guide the system 
towards a solution that is hopefully preferable from the perspective of 
the global network. While optimality guarantees cannot be established, 
the comparison with the centralized approach discussed in our experi-
mental campaign (see Section 6) highlights reasonably low deviations 
in the solution quality.

As shown in Fig.  4, each iteration ℎ4 of the FaaS-MACrO algorithm 
covers 6 subsequent steps. Table  4 provides a complete summary of 
the additional parameters and variables introduced in this section. 
Moreover, since they act as decision makers in this distributed scenario, 
the terms nodes and agents are used interchangeably in the rest of the 
section.

Step 1: The central coordinator communicates the vector of offloading 
prices 𝛱ℎ = [𝜋𝑓 (ℎ)]𝑓∈  to all nodes.
Step 2: Each node 𝑖 solves the local subproblem (P2) considering the 
requests 𝜆𝑓𝑖  coming from the access point, determining how many 
function replicas to deploy (𝑟𝑓𝑖 ), and the rate of requests it can serve 
locally (𝑥𝑓𝑖 ) or it would send to neighbors (𝜔

𝑓
𝑖 ), so that 𝑥

𝑓
𝑖 + 𝜔𝑓𝑖 = 𝜆𝑓𝑖 . 

The locally-optimal solution ⟨𝑥𝑓𝑖 , 𝜔̂
𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩, including information on the

tentative offloading, is shared with the central coordinator.
Step 3: By solving problem (P3), the central coordinator checks
whether the tentative offloading decisions 𝜔̂𝑓𝑖  comply with the residual 
capacity of all nodes, which depends on the rate of requests 𝑥𝑓𝑖  they 
decided to process locally and on the number of replicas 𝑟̂𝑓𝑖  already 

4 In the following description, the iteration index ℎ is omitted from 
variables where doing so does not compromise clarity.
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Fig. 4. Multi-agent iterative decision process implemented in FaaS-MACrO.
deployed for each function. Accordingly, it determines whether and 
how the requests tentatively offloaded by nodes can be distributed 
across the network (𝑦𝑓𝑖𝑗) to guarantee that the global solution is feasible 
(i.e., no node exceeds its processing capacity).
Step 4: The coordinator offloading decisions 𝑦𝑓𝑖𝑗 are used to:

(a) Compute the assigned offloading 𝜈𝑓𝑖 ≤ 𝜔̂𝑓𝑖 , i.e., the rate of requests 
for function 𝑓 that node 𝑖 can actually forward horizontally with-
out violating global feasibility, as well as the incoming request 
rate 𝑌 𝑓𝑖  that node 𝑖 receives from neighbors. Based on these 
values, each node solves a restricted optimization problem (P4) 
to determine the overall cost related to the incoming requests 
management.

(b) Evaluate the social welfare of the network. The coordinator col-
lects the costs computed by each node through problem (P4) and 
aggregates them to assess the overall system performance.

Step 5: Based on the social welfare, the coordinator updates the of-
floading prices to encourage (or discourage) load sharing in the next 
iterations.
Step 6: The iterative process terminates when either a maximum num-
ber of iterations is reached or the global solution is deemed ac-
ceptable by all nodes, according to criteria that will be detailed in
Section 5.3.

Note that, to simplify the discussion, the steps above and prob-
lems (P2)–(P4) are formulated assuming that the coordinator has access 
to complete information on the nodes, the incoming requests and the 
local processing decisions. However, the coordination problem (P3) can 
be easily modified to account for privacy preservation, as detailed in 
Section 5.2.5.
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5.1. Local subproblem formulation

The local subproblem (P2) solved by each node 𝑖 in step 2 of 
iteration ℎ reads:

max
∑

𝑓∈𝑖

1
𝜆𝑓𝑖

[

𝛼𝑓𝑖 𝑥
𝑓
𝑖 + 𝛿𝑓𝑖 𝜔

𝑓
𝑖 − 𝜋𝑓𝜔𝑓𝑖

]

(P2a)

subject to ∶
∑

𝑓∈𝑖

𝑟𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 ≤ 𝑅𝐴𝑀 𝑖 (P2b)

𝑥𝑓𝑖 + 𝜔𝑓𝑖 = 𝜆𝑓𝑖 ∀𝑓 ∈ 𝑖 (P2c)

𝐷𝑓
𝑖 𝑥

𝑓
𝑖 ≤ 𝑟𝑓𝑖 𝑈

𝑓
max ∀𝑓 ∈ 𝑖 (P2d)

𝐷𝑓
𝑖 𝑥

𝑓
𝑖 ≥

(

𝑟𝑓𝑖 − 1
)

𝑈
𝑓
max ∀𝑓 ∈ 𝑖 (P2e)

𝑥𝑓𝑖 , 𝜔
𝑓
𝑖 ≥ 0 ∀𝑓 ∈ 𝑖 (P2f)

𝑟𝑓𝑖 ∈ N0 ∀𝑓 ∈ 𝑖. (P2g)

The objective function (P2a) includes two different terms. The 
first term, ∑𝑓 (𝛼

𝑓
𝑖 𝑥

𝑓
𝑖 + 𝛿𝑓𝑖 𝜔

𝑓
𝑖 ), represents the total profit related to the 

local execution and horizontal offloading of the incoming requests. Its 
definition derives from the one in Eq.  (4); however, in this context, 
node 𝑖 does not actively decide to offload requests vertically to the 
Cloud: since it is unaware of the processing capacity of the rest of 
the network, it can always assume that all requests it cannot process 
locally will be accepted by some neighbor. The parameter 𝛿𝑓𝑖  plays a 
similar role to the one of 𝛽𝑓𝑖𝑗 in Eq.  (4), i.e., it corresponds to the profit 
associated with offloading 1 req∕s of function 𝑓 ; notably, since node 𝑖
does not have information on which neighbor receives the forwarded 
requests, the unit profit here only depends on 𝑓 and 𝑖.
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Table 4
Additional parameters and variables for the DiFRALB problem addressed by FaaS-MACrO (the other parameters and variables were reported in Table  3).
 Problem Parameter Symbol Description  
 (P2), (P4) Offloading profit 𝛿𝑓𝑖 Profit associated with offloading 1 req∕s of function 𝑓 from node 𝑖 to any other node. 
 (P2) Offloading cost 𝜋𝑓 Cost related to offloading 1 req∕s for function 𝑓 .  
 (P4) (Actual) forwarded requests 𝜈𝑓𝑖 Rate of requests of function 𝑓 node 𝑖 offloads according to the coordinator decision.  
 (P4) Received requests 𝑌 𝑓𝑖 Rate of requests of function 𝑓 node 𝑖 receives from the rest of the network 

according to the coordinator decision.
 

 Problem Variable Symbol Description  
 (P2) (Required) forwarded requests 𝜔𝑓𝑖 Rate of requests of function 𝑓 node 𝑖 requires to offload, 𝜔𝑓𝑖 ≥ 0.  
 (P3) Additional number of function 

replicas
𝑎𝑓𝑖 Additional number of replicas of function 𝑓 deployed on node 𝑖 according to the 

coordinator decision, 𝑎𝑓𝑖 ∈ N0.
 

The second term in (P2a) corresponds to the additional offloading 
price that is paid to the central coordinator according to the values of 
𝜋𝑓 (ℎ) in the current iteration.

Similarly to the centralized problem (P1), node 𝑖 optimizes the 
values of the decision variables under memory (P2b), load conserva-
tion (P2c) and utilization constraints (P2d)–(P2e). However, it is worth 
noting that the latter do not include information on requests possibly 
offloaded to 𝑖 by its neighbors, since such information is unavailable 
to local nodes before coordination occurs. Moreover, as mentioned, 
offloading decisions 𝜔𝑓𝑖  are taken without any information on the rest 
of the network, namely without knowing how many neighbors are 
available and what their computational capacity is. Instead, decisions 
are only guided by the offloading prices 𝜋𝑓  shared by the central 
coordinator at the beginning of the current iteration ℎ, so that the 
optimal solution of problem (P2), denoted as ⟨𝑥𝑓𝑖 , 𝜔̂

𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩, is likely 

unfeasible from a global perspective.
To simplify the subsequent discussion, we will express the objective 

function (P2a) as a minimization function, i.e., we write: 
min −

∑

𝑓∈𝑖

1
𝜆𝑓𝑖

(

𝛼𝑓𝑖 𝑥
𝑓
𝑖 + 𝛿𝑓𝑖 𝜔

𝑓
𝑖

)

+
∑

𝑓∈𝑖

1
𝜆𝑓𝑖
𝜋𝑓𝜔𝑓𝑖 . (5)

This allows to express the value of the objective function (5) at the 
locally-optimal solution ⟨𝑥𝑓𝑖 , 𝜔̂

𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩ of problem (P2) as: 

𝛷ℎ
𝑖 (𝝎̂𝑖) + 𝑝(𝛱

ℎ, 𝝎̂𝑖), (6)

where 𝝎̂𝑖 is the vector of offloading variables 𝝎̂𝑖 = [𝜔̂𝑓𝑖 ]𝑓∈𝑖  at iter-
ation ℎ. Note that 𝛷ℎ

𝑖 (𝝎̂𝑖) is the intrinsic costs of local execution and 
offloading, i.e.: 

𝛷ℎ
𝑖 (𝝎̂𝑖) = −

∑

𝑓∈𝑖

1
𝜆𝑓𝑖

(

𝛼𝑓𝑖 𝑥
𝑓
𝑖 + 𝛿𝑓𝑖 𝜔

𝑓
𝑖

)

. (7)

On the other hand, 𝑝(𝛱ℎ, 𝝎̂𝑖) is the total offloading price paid by 
node 𝑖, which depends on the vector of offloading prices 𝛱ℎ shared by 
the coordinator at the beginning of iteration ℎ, and on the vector of 
offloading variables 𝝎̂𝑖: 

𝑝(𝛱ℎ, 𝝎̂𝑖) =
∑

𝑓∈𝑖

1
𝜆𝑓𝑖
𝜋𝑓 (ℎ)𝜔̂𝑓𝑖 . (8)

We note that, if we consider a reduced version of problem (P2) 
where a node considers only local processing and scaling decisions 
(i.e., we keep only variables 𝑥𝑓𝑖  and 𝑟

𝑓
𝑖 ), this can be easily mapped to the 

structure of a Knapsack Problem, considering functions 𝑓 as the classes 
of ‘‘items’’ to select, and 𝑥𝑓𝑖  as the quantity of selected items, which are 
limited by capacity constraints that depend on the number of deployed 
replicas 𝑟𝑓𝑖 . Since the Knapsack Problem is a known NP-hard problem, 
we can conclude that also our problem (P2) is NP-hard.

5.2. Coordination phase

From the perspective of the global system, the coordination phase 
aims to ensure that the total number of requests offloaded by each 
node 𝑖 towards the rest of the network is properly divided among 
neighbors 𝑗 (that is, to determine fine-grained offloading variables 𝑦𝑓𝑖𝑗) 
without exceeding their residual computational capacity, i.e., the rate 
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of incoming requests they can process without exceeding 𝑈𝑓
max once ̂𝑥𝑓𝑖

requests per second are enqueued. At each iteration ℎ, this is achieved 
by applying three subsequent steps, denoted as steps 3–5 in Fig.  4 and 
detailed in Sections 5.2.1, 5.2.2 and 5.2.3, respectively.

5.2.1. Computing the assigned offloading and deviation
Once the coordinator receives from each node 𝑖 ∈   the informa-

tion on the number of replicas 𝑟̂𝑓𝑖  it needs to deploy to serve locally 
𝑥𝑓𝑖  requests per second, it can distribute the residual memory capacity 
among the different functions 𝑓 ∈ 𝑖 by determining a number of
additional replicas 𝑎𝑓𝑖  so that: 
∑

𝑓∈𝑖

𝑎𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 = 𝑅𝐴𝑀 𝑖 −
∑

𝑓∈𝑖

𝑟̂𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 ∀𝑖 ∈  . (9)

Accordingly, if ∑𝑗 𝑦
𝑓
𝑗𝑖 is the total number of requests offloaded to 

node 𝑖 by all its neighbors 𝑗 ∈   and considering  =
⋃

𝑗 𝑗 , we can 
write: 

𝐷𝑓
𝑖

⎛

⎜

⎜

⎝

𝑥𝑓𝑖 +
∑

𝑗∈
𝑦𝑓𝑗𝑖

⎞

⎟

⎟

⎠

≤
(

𝑟̂𝑓𝑖 + 𝑎𝑓𝑖
)

𝑈
𝑓
max ∀𝑖 ∈  , 𝑓 ∈  , (10)

or, equivalently, 
∑

𝑗∈
𝑦𝑓𝑗𝑖 ≤

(

𝑟̂𝑓𝑖 + 𝑎𝑓𝑖
) 𝑈

𝑓
max

𝐷𝑓
𝑖

− 𝑥𝑓𝑖 ∀𝑖 ∈  , 𝑓 ∈  . (11)

Summing both sides of Inequalities (11) over all nodes 𝑖 ∈  , we 
get: 
∑

𝑖∈

∑

𝑗∈
𝑦𝑓𝑗𝑖 ≤

∑

𝑖∈

(

𝑟̂𝑓𝑖 + 𝑎𝑓𝑖
) 𝑈

𝑓
max

𝐷𝑓
𝑖

− 𝑥𝑓𝑖 ∀𝑓 ∈  , (12)

which entails: 
∑

𝑗∈
𝜔̂𝑓𝑗 ≤

∑

𝑖∈

(

𝑟̂𝑓𝑖 + 𝑎𝑓𝑖
) 𝑈

𝑓
max

𝐷𝑓
𝑖

− 𝑥𝑓𝑖 ∀𝑓 ∈  . (13)

These constraints are likely violated when considering the ten-
tative offloading variables 𝜔̂𝑓𝑗  determined by all nodes solving the 
subproblem (P2).

By introducing the function residual capacity : 

𝑁𝑓 =
∑

𝑖∈

(

𝑟̂𝑓𝑖 + 𝑎𝑓𝑖
) 𝑈

𝑓
max

𝐷𝑓
𝑖

− 𝑥𝑓𝑖 , (14)

it is possible to characterize the deviation, for each function 𝑓 , 
between the required number of forwarded requests and the existing 
capacity at the current iteration ℎ as: 
𝑑𝑒𝑣𝑓 (ℎ) =

∑

𝑗∈
𝜔̂𝑓𝑗 −𝑁𝑓 ∀𝑓 ∈  . (15)

To guarantee a globally-feasible solution, the central coordinator 
may therefore solve, at iteration ℎ, the following optimization prob-
lem (P3): 

max
∑

(𝑖,𝑗)∈

𝛽𝑓𝑖𝑗𝑦
𝑓
𝑖𝑗 −

∑

𝑖∈

𝛾𝑓𝑖

(

𝜔̂𝑓𝑖 −
∑

𝑗∶(𝑖,𝑗)∈
𝑦𝑓𝑖𝑗

)

(P3a)
𝑓∈𝑖∪𝑗 𝑓∈𝑖
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subject to:
subject to ∶
∑

𝑓∈𝑖

𝑎𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 = 𝑅𝐴𝑀 𝑖 −
∑

𝑓∈𝑖

𝑟̂𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 ∀ 𝑖 ∈  (P3b)

∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑗

𝑦𝑓𝑖𝑗 ≤ 𝜔̂𝑓𝑖 𝜇
𝑓
𝑖 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P3c)

∑

𝑗∶(𝑗,𝑖)∈∧𝑓∈𝑗

𝑦𝑓𝑗𝑖 ≤ 𝛬𝑓 𝜉𝑓𝑖 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P3d)

𝜉𝑓𝑖 + 𝜇𝑓𝑖 ≤ 1 ∀𝑖 ∈  , 𝑓 ∈ 𝑖 (P3e)

∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑗

𝑦𝑓𝑗𝑖 ≤
(

𝑟̂𝑓𝑖 + 𝑎𝑓𝑖
) 𝑈

𝑓
max

𝐷𝑓
𝑖

− 𝑥𝑓𝑖 ∀𝑖 ∈  , 𝑓 ∈  (P3f)

𝑦𝑓𝑖𝑗 ≥ 0 ∀ 𝑖, 𝑗 ∈  , 𝑓 ∈  (P3g)

𝑎𝑓𝑖 ∈ N0 ∀ 𝑖 ∈  , 𝑓 ∈  (P3h)

𝜉𝑓𝑖 , 𝜇
𝑓
𝑖 ∈ {0, 1} ∀𝑖 ∈  , 𝑓 ∈ 𝑖. (P3i)

thus determining the assigned offloading 𝜈𝑓𝑖 =
∑

𝑗 𝑦
𝑓
𝑖𝑗 and the rate 

of requests 𝑌 𝑓𝑖 =
∑

𝑗 𝑦
𝑓
𝑗𝑖 received by each node 𝑖 ∈  . We can easily 

observe that the assigned offloading can never exceed the tentative 
offloading (Constraints (P3c)), so that the values of 𝜈𝑓𝑖  are determined 
aiming at saturating as much as possible the overall residual capacity 
of each node.

Note that the last term 𝜔̂𝑓𝑖 −
∑

𝑗 𝑦
𝑓
𝑖𝑗 in the objective function (P3a) 

corresponds to the rate of requests that are vertically offloaded to the 
Cloud. Unlike in the centralized problem (P1), we do not introduce here 
an explicit variable 𝑧𝑓𝑖  to model this decision. This allows us to keep the 
formulation simpler, since, in the absence of local processing decisions, 
the optimal values of 𝑦𝑓𝑖𝑗 and the rate of requests sent to the Cloud are 
so closely related to each other.

Moreover, the term 𝛬𝑓  in Constraints (P3d) is conceptually equiv-
alent to the one introduced for the analogous Constraints (P1e) in 
problem (P1); however, its value can be reevaluated in this context 
to provide a tighter upper bound and thus avoid numerical instability, 
e.g., by setting 𝛬𝑓 =

∑

𝑗 𝜔̂
𝑓
𝑗 .

5.2.2. Computing the social welfare
The social welfare, i.e., the quality of the overall processing de-

cisions for the whole system, can be determined by considering the 
execution cost 𝛷ℎ

𝑖 (𝝂𝑖) under the centralized offloading decisions 𝝂𝑖 =
[𝜈𝑓𝑖 ]𝑓∈  for all nodes and functions. In particular, we define: 

𝑤(𝝂) =
∑

𝑖∈
𝛷ℎ
𝑖 (𝝂𝑖), (16)

where 𝛷ℎ
𝑖 (𝜈) is defined as in (7), i.e., it is the cost computed solving a 

restricted version of problem (P2), where each node 𝑖 offloads exactly 
𝜈𝑓𝑖  and receives a rate of 𝑌

𝑓
𝑖  requests per second as determined by the 

central coordinator. The restricted problem (P4) reads:

min −
∑

𝑓∈𝑖

1
𝜆𝑓𝑖

(

𝛼𝑓𝑖 𝑥
𝑓
𝑖 + 𝛿𝑓𝑖 𝜈

𝑓
𝑖

)

(P4a)

subject to ∶
∑

𝑓∈𝑖

𝑟𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 ≤ 𝑅𝐴𝑀 𝑖 (P4b)

𝑥𝑓𝑖 + 𝜈𝑓𝑖 ≤ 𝜆𝑓𝑖 ∀𝑓 ∈ 𝑖 (P4c)

𝐷𝑓
𝑖

(

𝑥𝑓𝑖 + 𝑌 𝑓𝑖
)

≤ 𝑟𝑓𝑖 𝑈
𝑓
max ∀𝑓 ∈ 𝑖 (P4d)

𝐷𝑓
𝑖

(

𝑥𝑓𝑖 + 𝑌 𝑓𝑖
)

≥
(

𝑟𝑓𝑖 − 1
)

𝑈
𝑓
max ∀𝑓 ∈ 𝑖 (P4e)

𝑥𝑓𝑖 ≥ 0 ∀𝑓 ∈ 𝑖 (P4f)

𝑟𝑓𝑖 ∈ N0 ∀𝑓 ∈ 𝑖. (P4g)
12 
Fig. 5. Average per-iteration and total runtime of the FaaS-MACrO iterative 
process in 10 sample experiments. (For interpretation of the references to color 
in this figure legend, the reader is referred to the web version of this article.)

A lower bound for the social welfare 𝑤(𝜈) under the current vector 
of offloading prices 𝛱ℎ can be derived by considering: 
𝑤𝐿(𝛱ℎ) =

∑

𝑖∈

(

𝛷𝑘
𝑖 (𝝎̂𝑖) + 𝑝(𝛱

ℎ, 𝝎̂𝑖)
)

−
∑

𝑓∈
𝜋𝑓 (ℎ), (17)

since ∑𝑓 𝜋
𝑓 (ℎ) is the highest additional price the nodes collectively 

pay to the coordinator.

5.2.3. Updating the offloading prices
Following [55], having defined the deviation 𝑑𝑒𝑣𝑓 (ℎ) for all func-

tions 𝑓 ∈  as in Eq.  (15) and the lower bound for the social welfare 
𝑤𝐿(𝛱ℎ) as in Eq.  (17), we can denote by 𝑤∗ the minimum value of 𝑤(𝜈)
found so far during the iterative process and write: 

𝜋𝑓 (ℎ + 1) = max

{

0, 𝜋𝑓 (ℎ) + 𝜓(ℎ)
𝑤∗ −𝑤𝐿(𝛱ℎ)

∑

𝑓∈ (𝑑𝑒𝑣𝑓 (ℎ))2
𝑑𝑒𝑣𝑓 (ℎ)

}

. (18)

The parameter 𝜓ℎ controls how aggressive the price variation is in 
iteration ℎ. As in [55], we let its value start at 𝜓0 = 2 and progressively 
set 𝜓ℎ+1 = 𝜓ℎ∕2 if the value of 𝑤∗ does not improve for a predefined 
number of iterations, defined by the patience parameter 𝛩.

5.2.4. Greedy coordination approach
When the system size increases, the time required by the coordina-

tor to solve problem (P3) becomes too large for practical applications. 
As a motivating example, we conducted 10 experiments over randomly-
generated instances featuring systems with 50 nodes and 5 functions 
deployed on each node, and we ran the iterative process assuming that 
FaaS-MACrO has a total time budget of 120 s to determine a globally-
feasible solution (i.e., that the process is stopped after 120 s even if it 
does not reach convergence). Fig.  5(a) reports the average per-iteration 
runtime (above) and the total runtime of the iterative process (below) 
across the 10 experiments, computed as the sum over all iterations 
of the time the average agent takes to solve problem (P2), plus the 
time it takes to solve (P4), plus the time required by the coordinator 
to solve (P3). We can observe not only that the coordinator runtime 
(orange) is dominant, but also that in the 30% of experiments the 
coordinator takes the whole budget of 120 s to solve the problem (P3), 
forcing the process to stop after the first iteration with a possibly strong 
negative impact on the global solution quality.

Therefore, we proposed a greedy algorithm to determine the as-
signed offloading in reasonable computing time. Starting from the local 
solutions ⟨𝑥𝑓𝑖 , 𝜔̂

𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩ shared by each node 𝑖 ∈   and considering all 

functions 𝑓 ∈ 𝑖, the method proceeds as reported in Algorithm 1. 
First of all, the coordination algorithm generates a list 𝐒 by sorting the 
required offloading variables and possible target nodes according to the 
associated profit. Each element of 𝐒 is a tuple ⟨𝑖 , 𝑓 , 𝜔̂𝑓𝑠 , 𝑇 ⟩, where 
𝑠 𝑠 𝑖𝑠 𝑖𝑠
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𝑖𝑠 ∈   is a node that tentatively offloads 𝜔̂𝑓𝑠𝑖𝑠 > 0 req/s of function 
𝑓𝑠 as a result of the optimization in (P2). 𝑇𝑖𝑠  is a list of targets for the 
offloading, i.e., it includes all the neighbors 𝜏 ∶ (𝑖𝑠, 𝜏) ∈ ∧𝑓𝑠 ∈ 𝑖𝑠 ∩𝜏 ; 
these are sorted in non-increasing order of offloading profit, i.e., 𝜏1
precedes 𝜏2 in 𝑇𝑖𝑠  if 𝛽

𝑓𝑠
𝑖𝑠𝜏1

𝜔̂𝑓𝑠𝑖𝑠 ≥ 𝛽𝑓𝑠𝑖𝑠𝜏2 𝜔̂
𝑓𝑠
𝑖𝑠
.5

For each target node 𝜏, the residual memory capacity 𝜌𝜏 is initially 
computed as: 
𝜌𝜏 = 𝑅𝐴𝑀𝜏 −

∑

𝑓∈𝜏

𝑟̂𝑓𝜏 ⋅ 𝑅𝐴𝑀𝑓 . (19)

Accordingly, by Eq.  (9), at most 𝜌𝜏
𝑅𝐴𝑀𝑓  additional replicas can be 

started on node 𝜏 to execute a generic function 𝑓 ∈ 𝜏 (assuming 
that the whole residual memory capacity is devoted to this function). 
Therefore, it is possible to estimate the maximum acceptable request 
rate for function 𝑓 as: 

𝛺𝑓
𝜏 = max

⎧

⎪

⎨

⎪

⎩

0,
(

𝑟̂𝑓𝜏 +
𝜌𝜏

𝑅𝐴𝑀𝑓

) 𝑈
𝑓
max

𝐷𝑓
𝜏

− 𝑥𝑓𝜏 −
∑

𝑗∈
𝑦𝑓𝑗𝑡

⎫

⎪

⎬

⎪

⎭

. (20)

If the desired offloading 𝜔̂𝑓𝑠𝑖𝑠  does not exceed the maximum rate 
𝛺𝑓𝑠
𝜏  (lines 11–15), the algorithm adds 𝜔̂𝑓𝑠𝑖𝑠  to the value of variable 

𝑦𝑓𝑠𝑖𝑠𝜏 . Moreover, it computes the actual number of additional replicas 
(denoted in line 13 as 𝐴𝑓𝑠𝜏 ) that node 𝜏 needs to instantiate to support 
the execution of the new requests, and it updates the residual memory 
capacity accordingly.

A similar procedure is followed if the value of the required offload-
ing variable 𝜔̂𝑓𝑠𝑖𝑠  exceeds 𝛺

𝑓𝑠
𝜏  (lines 16–20). In this case, 𝛺𝑓𝑠

𝜏  requests 
per second are assigned to node 𝜏, the number of additional replicas 
required to execute them is precisely equal to the upper bound 𝜌𝜏

𝑅𝐴𝑀𝑓 , 
and the residual memory capacity of node 𝜏 is exhausted.

Fig.  5(b) reports the per-iteration and total runtime of the same 
10 experiments observed in Fig.  5(a) when the coordinator applies 
Algorithm 1. We can easily observe that, while still dominant with 
respect to the execution time of (P2) (green) and (P4) (blue), the 
coordinator runtime is reduced by up to three orders of magnitude (it 
reaches at most 0.12 s against the 120 s required, e.g., in experiment 0), 
allowing the process to run for a larger number of iterations, if needed, 
within the same time budget.

A deep analysis and comparison of the performance obtained when 
tackling the coordination problem by solving (P3) or applying Algo-
rithm 1, both in terms of execution time and solution quality, will be 
discussed in Section 6.

5.2.5. Privacy-preserving coordination
Although, in a cooperative context, managing contracts with a 

unique, central entity is easier than defining protocols to interact 
with multiple, decentralized actors, adopting the proposed multi-agent 
workload orchestration approach in practical scenarios may intro-
duce privacy concerns if nodes are managed by different stakeholders 
(e.g., companies) that usually want to minimize the amount of shared 
information.

While the models reported in the previous sections were developed 
assuming the coordinator has full access to the locally-optimal solution 
⟨𝑥𝑓𝑖 , 𝜔̂

𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩ ∀ 𝑓 ∈ 𝑖 determined by each node 𝑖 ∈  , as well as 

to details about the service times 𝐷𝑓
𝑖  and utilization thresholds 𝑈

𝑓
max

imposed for all functions, the formulation of (P3) can be easily adapted 
to consider only a minimal level of information sharing.

Indeed, we can consider the definition of residual memory capacity 
𝜌𝑖 introduced in Eq.  (19) and denote by: 

𝜎𝑓𝑖 = 𝑟̂𝑓𝑖
𝑈
𝑓
max

𝐷𝑓
𝑖

− 𝑥𝑓𝑖 (21)

5 Note that an alternative sorting rule may be generated by considering 
only 𝛽𝑓𝑠 .
𝑖𝑠𝜏
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Algorithm 1 Greedy Coordination
1: Input: 𝑠𝑜𝑙 = {⟨𝑥𝑓𝑖 , 𝜔̂

𝑓
𝑖 , 𝑟̂

𝑓
𝑖 ⟩ ∀𝑖 ∈  , 𝑓 ∈ 𝑖}, sorting rule 

2: 𝑦𝑓𝑖𝑗 ← 0 ∀ 𝑖, 𝑗 ∈  , 𝑓 ∈ 𝑖 ∩ 𝑗
3: 𝑧𝑓𝑖 , 𝑎

𝑓
𝑖 , 𝜉

𝑓
𝑖 , 𝜇

𝑓
𝑖 ← 0 ∀ 𝑖 ∈  , 𝑓 ∈ 𝑖

4: 𝐒 = sort_by_offloading_profit(𝑠𝑜𝑙, sorting rule) 
5: Compute the residual memory capacity 𝜌𝑖 of all nodes (Eq.  (19)) 
6: for each 𝑖𝑠, 𝑓𝑠, 𝜔̂𝑓𝑠𝑖𝑠 , 𝑇𝑖𝑠  in 𝐒 do 
7: while 𝜔̂𝑓𝑠𝑖𝑠 > 0 and 𝑇𝑖𝑠  is not empty do 
8: Pick the first target node 𝜏 ∈ 𝑇𝑖𝑠
9: if 𝜏 has residual memory capacity (𝜌𝜏 > 0) and does not offload 𝑓𝑠

(𝜇𝑓𝑠𝜏  is 0) then 
10: Compute the maximum acceptable request rate 𝛺𝑓𝑠

𝜏  (Eq.  (20)) 
11: if 𝜔̂𝑓𝑠𝑖𝑠 < 𝛺

𝑓𝑠
𝜏  then 

12: 𝑦𝑓𝑠𝑖𝑠𝜏 ← 𝑦𝑓𝑠𝑖𝑠𝜏 + 𝜔̂
𝑓𝑠
𝑖𝑠

13: 𝐴𝑓𝑠𝜏 ← min
{

𝜌𝜏
𝑅𝐴𝑀𝑓𝑠

,
(

∑

𝑗 𝑦
𝑓𝑠
𝑗𝜏 + 𝑥

𝑓𝑠
𝜏

)

𝐷𝑓𝑠
𝜏

𝑈
𝑓𝑠
max

− 𝑟̂𝑓𝑠𝜏 − 𝑎𝑓𝑠𝜏
}

14: 𝜌𝜏 ← 𝜌𝜏 − 𝐴
𝑓𝑠
𝜏 ⋅ 𝑅𝐴𝑀𝑓𝑠

15: 𝜔̂𝑓𝑠𝑖𝑠 ← 0
16: else 
17: 𝑦𝑓𝑖𝜏 ← 𝑦𝑓𝑖𝜏 +𝛺

𝑓𝑠
𝜏

18: 𝐴𝑓𝑠𝜏 ←
𝜌𝜏

𝑅𝐴𝑀𝑓𝑠

19: 𝜌𝜏 ← 0
20: 𝜔̂𝑓𝑠𝑖𝑠 ← 𝜔̂𝑓𝑠𝑖𝑠 −𝛺𝑓𝑠

𝜏
21: end if
22: 𝑎𝑓𝑠𝜏 ← 𝑎𝑓𝑠𝜏 + 𝐴𝑓𝑠𝜏
23: 𝜇𝑓𝑠𝑖𝑠 ← 1 and 𝜉𝑓𝑠𝜏 ← 1
24: else 
25: 𝑇𝑖𝑠 ← 𝑇𝑖𝑠 ⧵ {𝜏}
26: end if
27: end while
28: if 𝜔̂𝑓𝑠𝑖𝑠 > 0 then 
29: 𝑧𝑓𝑠𝑖𝑠 ← 𝜔̂𝑓𝑠𝑖𝑠
30: end if
31: end for

the residual computational capacity of the replicas deployed on node 
𝑖 to serve function 𝑓 as a result of the local optimization. Furthermore, 
we can characterize the computational impact of function 𝑓 on node 𝑖
as: 

𝜑𝑓𝑖 =
𝑈
𝑓
max

𝐷𝑓
𝑖

. (22)

As a result, Constraints (P3b) and (P3f) can be rewritten as: 
∑

𝑓∈𝑖

𝑎𝑓𝑖 ⋅ 𝑅𝐴𝑀𝑓 = 𝜌𝑖 ∀ 𝑖 ∈  (P5b)

and

∑

𝑗∶(𝑖,𝑗)∈∧𝑓∈𝑗

𝑦𝑓𝑗𝑖 ≤ 𝜎𝑓𝑖 + 𝜑𝑓𝑖 𝑎
𝑓
𝑖 ∀𝑖 ∈  , 𝑓 ∈  , (P5f)

respectively, effectively avoiding the need to share with the coordi-
nator any potentially privacy-sensitive information.

Other than enhancing confidentiality, adopting 𝜎𝑓𝑖  and 𝜑
𝑓
𝑖  in the 

problem formulation significantly reduces the number of parameters 
that need to be shared between each node and the central coordinator, 
thus limiting the communication overhead over the network. This 
aspect is critical in Edge computing, since, as already mentioned, the 
links connecting nodes in the network are usually characterized by 
limited bandwidth.

If we denote by | | the number of nodes in the network and by | |

the number of deployed functions, the overall impact of information 
sharing in each iteration of the coordination process is of the order of:


(

| || |𝜋𝑓 + |‖ |(𝜔̂𝑓 + 𝜎𝑓 + 𝜑𝑓 ) + |‖ |(𝜈𝑓 +𝛷ℎ(𝝂 ))
)

,
𝑖 𝑖 𝑖 𝑖 𝑖 𝑖
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where the first term is due to the central coordinator sharing with 
individual nodes the vector of offloading prices, the second term is 
due to nodes informing the coordinator about the local processing 
decisions, and the third term represents information sharing required to 
compute the social welfare (see Section 5.2.2). This can be expressed as 

(

| || |𝜅
)

, where 𝜅 denotes the size of each shared parameter. As an 
example, if these are represented by floating point numbers and there-
fore occupy 4 bytes each, tackling a system featuring 100 Edge nodes 
and 5 functions deployed on each node introduces a communication 
overhead of roughly 12𝐾𝑏 of data on average at each iteration over the 
whole network.

5.3. Stopping criteria

The iterative process illustrated in Fig.  4 and described in the pre-
vious sections terminates when either a maximum number of iterations 
is reached or any of the following conditions is satisfied:

• The locally-optimal solution ⟨𝑥𝑓𝑖 , 𝜔̂𝑓𝑖 , 𝑟̂𝑓𝑖 ⟩ is globally feasible;
• The offloading prices 𝜋𝑓  for all functions 𝑓 ∈  keep increasing 
for a predefined number of iterations 𝛩, meaning that the coordi-
nation process does not help nodes advance towards an improved 
global solution. This occurs, e.g., when the overall incoming load 
∑

𝑖 𝜆
𝑓
𝑖  exceeds the total computational capacity of the network for 

all functions 𝑓 , entailing that some vertical offloading to Cloud is 
inevitable (i.e., even solving the centralized system of Section 4 
would result in an optimal solution with 𝑧𝑓𝑖 > 0 for at least one 
node 𝑖 and function 𝑓 ).

• The deviation between the optimal load management cost identi-
fied by the local nodes solving (P2), i.e., ∑𝑖

(

𝛷ℎ
𝑖 (𝝎̂𝑖) + 𝑝(𝛱

ℎ, 𝝎̂𝑖)
)

, 
and the social welfare 𝑤(𝝂) remains smaller than a threshold for 
𝛩 consecutive iterations.

• The deviation between the last 𝛩 values of the best social welfare 
𝑤∗ is smaller than a threshold.

If, at the end of the last iteration, 𝜈𝑓𝑖 < 𝜔̂𝑓𝑖  (i.e., the process 
terminates without identifying a globally-feasible solution), the nodes 
set 𝑧𝑓𝑖 = 𝜔̂𝑓𝑖 − 𝜈𝑓𝑖 , i.e., offload to the Cloud all requests that could not 
be successfully processed by neighbors.

6. Experimental analysis

This section presents and discusses the results obtained validating 
the centralized problem (P1), referred to in the following as the Load 
Management Model (LMM), and the FaaS-MACrO approach presented 
in Section 5.

A preliminary FaaS workload traces analysis, reported in Section 6.1 
was conducted to evaluate the impact of considering in our model the 
average incoming rate of requests 𝜆𝑓𝑖 (𝑡) as an approximation of the ac-
tual load. Sections 6.3, 6.4 and 6.5 report the results of the comparison 
and scalability analysis of LMM and FaaS-MACrO on various problem 
instances generated as described in Section 6.2. In particular, the exper-
iments were designed to evaluate the performance of the two methods, 
the FaaS-MACrO capacity to preserve near-optimal performance, the 
trade-off between solution quality and runtime, and the resilience of 
our approach under different network dimensions and topologies, and 
various levels of node and function heterogeneity.

6.1. FaaS traces analysis

To assess the accuracy of adopting the average over a fixed time pe-
riod 𝑡 as an approximation of real workloads, we analyzed 6385 traces 
extracted from Microsoft Azure Functions Trace dataset [59], selecting 
only those functions for which continuous data were available for the 
entire 14-day observation window. To the best of our knowledge, this 
is the only publicly available dataset focused on FaaS execution. Fig.  6 
14 
illustrates a representative workload trace extracted from this dataset, 
depicting the number of requests per minute arriving at a serverless 
function over a 14-day period. The blue markers represent the raw 
workload data, while the red and green lines indicate, respectively, 
a moving average with a 5-minute window and a non-overlapping 
5-minute average. The orange line reports the corresponding 75th per-
centile, also computed over non-overlapping 5-minute windows. Note 
that the choice of considering time intervals 𝑡 of 5 min aligns with 
some state-of-the-art approaches [60], while control periods range from 
tens of seconds to several minutes or even one hour in the general 
literature [35,43,46].

For each trace, we computed the Mean Absolute Percentage Error 
(MAPE) between the original per-minute workload and its approxima-
tion using the 5-minute non-overlapping average (the green curve in 
Fig.  6). Results show that in 77% of the functions, the MAPE remains 
below 30%, which is generally regarded in the performance modeling 
literature as a threshold for reasonable accuracy (see, e.g., [57]). This 
indicates that short-term workload averaging can effectively capture 
the main dynamics of serverless workloads.

However, in the context of workload orchestration and resource 
provisioning, underestimation errors are significantly more critical than 
overestimations. Overestimating workload leads to conservative re-
source allocation, potentially inefficient but safe, whereas underesti-
mating may result in node saturation and degraded performance. To 
better characterize this asymmetric risk, we introduced a metric called 
the Mean Percentage Error of Underestimation (MPEU), defined as: 

MPEU = 1
𝑁

𝑁
∑

𝑖=1

max(𝑦𝑖 − 𝑦𝑖, 0)
𝑦𝑖

, (23)

where we denote by 𝑦𝑖 the real workload value and by 𝑦𝑖 the corre-
sponding prediction. This metric captures only the relative magnitude 
of underestimations, ignoring overestimation contributions. Across the 
6385 analyzed traces, we observed that the maximum MPEU did not ex-
ceed 26%, and that for 75% of the functions the value remained below 
8%. These results confirm that a 5-minute average can be effectively 
employed as an approximation strategy in the design of adaptive work-
load orchestration and Edge resource management policies without 
incurring significant risk of under-provisioning.

As shown in Fig.  6, considering the 75th percentile as a predictor 
instead of the average would further reduce the risk of underestimation 
(and therefore make the estimate more conservative); such an approach 
may be followed, e.g., on Edge nodes that struggle or cannot implement 
vertical offloading strategies (due, e.g., to network disconnections).

6.2. Experimental setup and methodology

To compare the performance of the centralized and distributed 
approaches, we conducted several sets of experiments, considering 
fully- or partially-connected networks of Edge nodes   and assuming 
that there exists a unique set of functions  deployed on all nodes 
(i.e., 𝑖 =  ∀ 𝑖 ∈  ). In all experiments, we set 𝑈𝑓

max = 0.8, and 
we considered a variable number of nodes | |, hereafter referred to 
as the network dimension, and a variable number of functions | |. For 
each experiment, characterized by specific values of | | and | |, we 
generated random problem instances as described in the following.
Scenario A (fully-connected networks). For the first series of experi-
ments (see Section 6.3), we assumed that all nodes in   are connected 
to each other, i.e., that ∃ (𝑖, 𝑗) ∈  ∀ 𝑖, 𝑗 ∈  . On the one hand, this is 
a simplifying assumption with respect to real Edge systems, since the 
increased number of connections entails that more neighbors may be 
available to absorb the excess load of saturated nodes. On the other 
hand, however, this scenario challenges the scalability of both LMM 
and FaaS-MACrO, since a large number of edges makes it harder to 
identify the optimal request distribution, particularly in a multi-agent 
setting with limited visibility on the nodes state.

We analyzed the performance of our approaches in four different 
cases, as listed in the following:
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Fig. 6. Sample workload trace from [59]. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this 
article.)
A.1: The first case, whose results are discussed in Section 6.3.1, evalu-
ates the impact of varying the network dimension, progressively increas-
ing the number of nodes | | = 4, 10, 20, 50, 100, 200, assuming that they 
are homogeneous in terms of hardware characteristics and, therefore, 
have the same memory and computational capacity.
Following other literature proposals [33,50], we considered a fixed 
memory capacity 𝑅𝐴𝑀 𝑖 = 4𝐺𝑏 ∀ 𝑖 ∈  , and we assumed for the service 
demand 𝐷𝑓

𝑖  that there may exist 𝑓1, 𝑓2 ∈  for which 𝐷𝑓1
𝑖 ≠ 𝐷𝑓2

𝑖 , but 
𝐷𝑓
𝑖 = 𝐷𝑓 ∀ 𝑖 ∈  , sampling 𝐷𝑓  uniformly at random from the interval 

[0.1, 0.5] s. Moreover, each function 𝑓 ∈  had a memory requirement 
𝑅𝐴𝑀𝑓  sampled uniformly between 128 Mb and 1 Gb.
As mentioned in Section 3, while we do not model explicitly the 
functions initialization time or the network latency, these parameters 
are used to determine the values of the objective function weights 𝛼𝑓𝑖 , 
𝛽𝑓𝑖𝑗 , 𝛾

𝑓
𝑖  and 𝛿𝑓𝑖 . In particular, for each function 𝑓 , the local execution 

profit 𝛼𝑓𝑖  (equal for all nodes 𝑖 ∈  ) is inversely proportional to the 
initialization time, which is sampled uniformly at random from the 
interval [0.25, 0.75] s. To determine the impact of offloading, as in other 
literature proposals [60,61] we modeled the network transfer time 𝑏𝑓𝑖𝑗
as: 
𝑏𝑓𝑖𝑗 = access delay ⋅

data size
bandwidth . (24)

As in [50], we sampled the input data size of each function 𝑓 ∈  from 
a truncated normal distribution, with mean and standard deviation 
equal to 1𝐾𝑏, and support (100 b, 5 Mb). Moreover, we considered an 
access delay of 5 ms for each node 𝑖 ∈  and a bandwidth of 100 Mbps. 
The offloading benefit 𝛽𝑓𝑖𝑗 for each function 𝑓 and pair of nodes (𝑖, 𝑗) ∈ 
is defined as inversely proportional to the sum of the initialization time 
of function 𝑓 and the transfer time 𝑏𝑓𝑖𝑗 . The parameter 𝛿

𝑓
𝑖  used in FaaS-

MACrO (problems (P2) and (P4) in Section 5) is set to 1
||

∑

𝑗 𝛽
𝑓
𝑖𝑗 for each 

node 𝑖 ∈   and function 𝑓 ∈  . Finally, the penalty 𝛾𝑓𝑖  associated with 
offloading requests to the Cloud is defined to be directly proportional 
to the corresponding network transfer time. This is computed as in Eq. 
(24), assuming a bandwidth of 10,Mbps and sampling the access delay 
uniformly at random from the set {50, 100, 200},ms.
In all scenarios, once a base problem instance is generated by appro-
priately setting the network size and the values of 𝐷𝑓

𝑖 , 𝛼
𝑓
𝑖 , 𝛽

𝑓
𝑖𝑗 , 𝛾

𝑓
𝑖 , 

and 𝛿𝑓𝑖 , this is solved under 10 different configurations of incoming 
load 𝜆𝑓𝑖  for each node 𝑖 ∈  and function 𝑓 ∈  , with variations of 
up to 300% between different experiments. This results in a total of 
30 problem instances for each network size, for a grand total of 180 
experiments in scenario A.1. The values of 𝜆𝑓𝑖  are selected to ensure 
that the network operates in a regime that is neither under- nor over-
saturated; in other words, nodes cannot rely solely on local processing 
but must distribute incoming load among one another to limit the 
amount of traffic ultimately offloaded to the Cloud.
A.2: For the second set of experiments (see Section 6.3.2), we kept 
varying the network dimension | | between 4 and 200, but assumed, 
as in other literature proposals [33,62], that nodes belong to three 
classes with different hardware characteristics, as reported in Table  5. 
According to this, nodes have different computational capacities, which 
entails that the service demand of each function 𝑓 may vary when this 
is executed on different nodes (i.e., there may exist 𝑖  and 𝑖  such that 
1 2

15 
Table 5
Classes of Edge nodes and relative speed-up factors.
 Node class RAM Speed-up factor Proportion in the network 
 light 4 Gb 0.5× 12.5%  
 8 Gb 1.0× 12.5%  
 intermediate 16 Gb 1.2× 37.5%  
 high 24 Gb 1.4× 25%  
 32 Gb 1.4× 12.5%  

𝐷𝑓
𝑖1
≠ 𝐷𝑓

𝑖2
 if the nodes belong to different classes). Accordingly, for each 

of the 5 functions in  , we generated 𝐷𝑓
𝑖  uniformly at random from the 

interval [0.2, 0.5] s and then applied a speed-up factor [33] as reported 
in Table  5. All the other parameters were generated as in scenario A.1, 
for a total number of 180 experiments.
A.3: The third set of experiments, discussed in Section 6.3.3, evaluates 
the impact of varying the number  of deployed functions. We considered 
| | = 50 Edge nodes with heterogeneous hardware characteristics (as 
those generated in scenario A.2), and evaluated | | = 3, 5, 8, 10, 15 and 
20, for a total number of 180 experiments.
A.4: Finally, the last set of 120 experiments with fully-connected net-
works (see Section 6.3.4) concerns networks of heterogeneous Edge 
nodes with | | = 20, 50, 100 or 200 (generated as in scenario A.2), 
subject to light-load conditions. Accordingly, instead of choosing 𝜆𝑓𝑖  to 
keep the nodes on the verge of saturation as it was done in scenarios
A.1–A.3, we constrained the generated values to keep ∑𝑓 𝜆

𝑓
𝑖  close to 

the rate of requests that each node 𝑖 ∈   can process locally.

Scenario B (different network topologies). To evaluate the impact 
of the network topology on the models scalability and on the Edge 
networks capacity to handle the incoming load, Section 6.4 discusses 
the impact of varying the patterns in node connectivity. In particular:

B.1: In the first set of experiments, we considered the same problem 
instances generated for the heterogeneous nodes analysis (scenario A.2) 
and progressively reduced the degree 𝑘 of each node: while, in a fully-
connected network of | | = 200 nodes, each 𝑖 ∈   has exactly 
𝑘 = | |−1 neighbors, we considered four scenarios with 𝑘 equal to 3, 5, 
10, 25, 50, 100 or 150. For each value of 𝑘, we generated three problem 
instances by letting each node select 𝑘 peers at random as its neighbors 
(ensuring that the graph remains connected), for a total number of 210 
experiments. The random graph generation was performed using the 
NetworkX6 Python library. The results are reported in Section 6.4.1.
B.2: Finally, we run a last set of experiments by assuming that only a 
fraction of Edge nodes – that we called the edge exposed fraction (𝑒𝑒𝑓 ) 
– is connected to an access point (and therefore receives a workload 𝜆𝑓𝑖
from clients), while all the others can only process requests offloaded 
by neighbors. We considered | | = 200 nodes as in B.1 and varied 𝑒𝑒𝑓
between 0.5% (that is, only one node is connected to an access point) 
and 99.5% (i.e., all nodes except one are connected to an access point). 

6 https://networkx.org

https://networkx.org
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For each value of 𝑒𝑒𝑓 , experiments were repeated considering fully-
connected networks, networks whose nodes have degree 𝑘 = 100, and 
networks with 𝑘 = 10, for a total number of 810 experiments. Results 
are reported in Section 6.4.2.

Comparison metrics:. In each of the following sections, to evaluate 
the difference between objective function values obtained by LMM and 
FaaS-MACrO we computed the percentage objective deviation: 

𝑑𝑒𝑣𝑂 =
𝑂𝐹𝑎𝑎𝑆−𝑀𝐴𝐶𝑟𝑂 − 𝑂𝐿𝑀𝑀

𝑂𝐿𝑀𝑀
⋅ 100, (25)

where 𝑂𝑚𝑒𝑡ℎ𝑜𝑑 is the value of (P1a). This value is yielded directly by 
LMM as part of the optimization process, whereas for FaaS-MACrO it is 
computed a posteriori applying Eq. (P1a) to the solution obtained at the 
end of the iterative procedure. Evaluating both methods using Eq.  (P1a) 
guarantees that they are compared against the same metric employed 
for the centralized solution. It is important to note that 𝑑𝑒𝑣𝑂 takes 
negative values when the solution produced by FaaS-MACrO is worse
than that of LMM, which is consistent with the fact that Eq.  (P1a) is 
maximized in the centralized load management problem.

The difference in terms of time-to-solution is measured through the
runtime deviation: 

𝑑𝑒𝑣𝑅 =
𝑅𝐹𝑎𝑎𝑆−𝑀𝐴𝐶𝑟𝑂

𝑅𝐿𝑀𝑀
, (26)

where 𝑅𝑚𝑒𝑡ℎ𝑜𝑑 denotes the runtime of the method. A value of 𝑑𝑒𝑣𝑅 > 1
means that FaaS-MACrO is 𝑑𝑒𝑣𝑅 times slower than LMM in identifying 
the final solution. The time-to-solution for FaaS-MACrO is computed as 
the sum over all iterations of the time the average agent takes to solve 
problem (P2), plus the time it takes to solve (P4), plus the time required 
by the coordinator to solve either (P3) or the greedy Algorithm 1, as 
already mentioned in Section 5.2.4.

Finally, we compared the percentage rate of requests that are of-
floaded to the Cloud in the final solution identified by LMM and 
FaaS-MACrO, i.e., the value of ∑𝑖,𝑓

𝑧𝑓𝑖
𝜆𝑓𝑖
. We defined the Cloud offloading 

deviation: 

𝑑𝑒𝑣𝐶 =

(

∑

𝑖,𝑓

𝑧𝑓𝑖
𝜆𝑓𝑖

⋅ 100

)

𝐹𝑎𝑎𝑆−𝑀𝐴𝐶𝑟𝑂

−

(

∑

𝑖,𝑓

𝑧𝑓𝑖
𝜆𝑓𝑖

⋅ 100

)

𝐿𝑀𝑀

. (27)

While the rates of vertical offloading can be indirectly compared 
by observing 𝑑𝑒𝑣𝑂 (since 𝑧𝑓𝑖  appear in the objective function (P1a)), 
a more direct comparison can be relevant when discussing the perfor-
mance of LMM and FaaS-MACrO. Indeed, only the coordinator prob-
lem (P3) explicitly considers vertical offloading in its optimization 
(see Section 5.2.1), while individual nodes only act through local 
processing and horizontal offloading. As a result, it may be more 
challenging for FaaS-MACrO to identify good-quality solutions when 
the overall network is close to saturation, because a globally-optimal 
solution involving a significant percentage of vertical offloading would 
be considered by the iterative process only as a last resort.

Problems (P1)–(P4) are solved using the Gurobi Optimizer7 version 
12.0.3. The MIP gap is set to 10−5 for all models except (P3), for 
which we considered 10−3. All experiments were run on Azure Virtual 
Machines Standard B16ls v2, equipped with 16 vCPUs and 32Gb of 
RAM.8

All the data and results discussed in the next sections are publicly 
available on Zenodo.9 The implementation of LMM and FaaS-MACrO is 
open-source on GitHub.10

7 https://www.gurobi.com/solutions/gurobi-optimizer/
8 https://azure.microsoft.com/en-gb/pricing/details/virtual-machines/linu

x/#pricing
9 https://doi.org/10.5281/zenodo.17670071
10 https://github.com/unimib-datAI/DFaaSOptimizer/tree/25.11.22
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6.3. Fully-connected networks

The results reported in this section concern the comparison and 
scalability analysis of the centralized LMM (P1) and FaaS-MACrO when 
considering fully-connected networks of Edge nodes generated as de-
scribed in Section 6.2 (scenario A). In particular, each problem instance 
is solved once by LMM considering a time limit of 120 s, and twice by 
FaaS-MACrO to consider the differences, in terms of objective function 
deviation and time-to-solution, between addressing the coordination 
step by solving the optimization problem (P3) and applying the greedy 
algorithm presented in Section 5.2.4. In the first case, the maximum 
number of iterations is set to 100, while in the second case, we 
considered 100 or 500 iterations; the patience parameter 𝛩 and the 
tolerance used to assess the termination criteria defined in Section 5.3 
are always equal to 10 and 0.001, respectively. To guarantee a fair 
comparison with LMM, we set a maximum time limit of 120 s also for 
FaaS-MACrO.

In the following, Section 6.3.1 discusses the results obtained on 
networks of homogeneous nodes and functions (scenario A.1), while 
Section 6.3.2 evaluates the impact of hardware heterogeneity (scenario
A.2). Then, we discuss in Section 6.3.3 the specific challenges intro-
duced when considering a larger number of functions deployed on 
each node (scenario A.3), and we present in Section 6.3.4 an analysis 
conducted under light-load conditions (scenario A.4).

6.3.1. Homogeneous nodes
Fig.  7 illustrates the comparison between LMM and FaaS-MACrO 

when considering the optimal coordinator (P3). As detailed in Sec-
tion 6.2 (scenario A.1), three random problem instances are generated 
for each network dimension (or number of agents), and each problem 
instance is solved considering 10 different values of incoming workload 
𝜆𝑓𝑖 , for a total number of 30 experiments. For a fixed number of agents 
| |, each violin plot in the first row represents the distribution of 
results obtained with LMM or FaaS-MACrO across the 30 experiments, 
with horizontal dashed lines representing the quartiles. The bars in the 
second row report the average, minimum and maximum value of 𝑑𝑒𝑣𝑂, 
𝑑𝑒𝑣𝑅 and 𝑑𝑒𝑣𝐶 , respectively (average deviations are also reported for 
clarity in Table  6).

From Fig.  7 (top right corner) and the first line of Table  6, we 
can observe that the objective deviation (𝑑𝑒𝑣𝑂) is between −6.94%
and −0.24%, which allows us to conclude that FaaS-MACrO, although 
designed to aim for global feasibility rather than global optimality, gets 
reasonably close to the solution determined by LMM.

For small networks (when | | is 4 or 10), the time required by the 
iterative process to determine the final solution is significantly larger 
than the time required by LMM, with an average deviation between 
one and two orders of magnitude. However, both methods are still 
reasonably fast, with FaaS-MACrO requiring less than 2 s for | | = 4
and around 4 s for | | = 10 on average to determine the solution (we 
recall that, as discussed in Section 6.1, a reasonable duration for the 
control period 𝑡 is in the order of 5 min).

For intermediate networks (when | | is 20 or 50), we can observe 
from the second line of Fig.  7 that the time-to-solution of LMM has very 
large variability, ranging, e.g., from 1.3 s to 120 s, with an average value 
of 52.2 s when | | is 20. Instead, the variability is significantly less 
noticeable in FaaS-MACrO, whose runtime ranges between 1.01 s and 
13.6 s, with an average of 9.4 s. Due to this, we also observe a large 
variability in 𝑑𝑒𝑣𝑅, since FaaS-MACrO outperforms LMM in terms of 
runtime when the latter approaches the time limit, but takes longer on 
instances that are easily solved by LMM (see Fig.  8).

Finally, both LMM and FaaS-MACrO reach the time limit of 120 s
when considering a large network of 100 nodes. This is due, in the 
case of FaaS-MACrO, to the large time required by the coordinator 
to solve problem (P3) at each iteration. An example is reported in 
Fig.  9(a): considering a sample instance with | | = 100 nodes and 
10 different values of input workload 𝜆𝑓  (represented on the 𝑥 axis 
𝑖
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Table 6
Comparison among 𝑑𝑒𝑣𝑂, 𝑑𝑒𝑣𝑅 and 𝑑𝑒𝑣𝐶 obtained by FaaS-MACrO for different network dimen-
sions when tackling the coordination problem by solving (P3) or by Algorithm 1, and when 
considering a maximum number of 100 or 500 iterations.
 | | 4 10 20 50 100 200  
 
(P3), 100

𝑑𝑒𝑣𝑂 −4.85% −1.91& −𝟏.𝟖𝟒% −𝟎.𝟐𝟒% −6.94% –  
 𝑑𝑒𝑣𝑅 18.57× 9.49× 2.05× 2.41× 1.0× –  
 𝑑𝑒𝑣𝐶 8.74% 0.50% 0.66% 0.18% 3.79% –  
 
Alg. 1, 100

𝑑𝑒𝑣𝑂 −4.92% −2.91% −3.46% −1.36% −6.30% −2.52% 
 𝑑𝑒𝑣𝑅 10.02× 5.56× 0.97× 0.71× 0.49× 0.93×  
 𝑑𝑒𝑣𝐶 9.34% 0.98% 1.80% 0.55% 2.48% 2.01%  
 
Alg. 1, 500

𝑑𝑒𝑣𝑂 −𝟑.𝟓𝟐% −𝟏.𝟒𝟏% −1.94% −0.98% −𝟓.𝟏𝟓% 0.6%  
 𝑑𝑒𝑣𝑅 36.19× 15.34× 3.75× 1.31× 0.93× 3.78×  
 𝑑𝑒𝑣𝐶 7.02% 0.60% 1.90% 0.34% 1.76% −1.27% 
Fig. 7. Comparison between the value of the objective function (P1a), the time-to-solution and the percentage rate of requests offloaded to Cloud obtained with 
LMM and FaaS-MACrO; the coordinator solves problem (P3); the maximum number of iterations is 100.
Fig. 8. Detailed comparison between LMM and FaaS-MACrO times-to-solution 
when the coordinator solves problem (P3) and considering | | = 20 nodes. 
Each dot represents the value in a specific experiment, while horizontal solid 
lines report the average values.

as 10 different experiments), we can observe that the time-to-solution 
of the coordination problem (P3) dominates the average per-iteration 
execution time, taking almost 3 s. On the other hand, Fig.  9(b) shows 
the FaaS-MACrO runtime when executing the same experiments by 
solving the coordination problem through the greedy Algorithm 1. We 
can observe that, even though the coordination time is still significantly 
larger than the time required by each node to solve (P2) and (P4), it 
17 
Fig. 9. Average per-iteration and total runtime of FaaS-MACrO in a sample 
problem instance with | | = 100 nodes and considering 10 different values of 
𝜆𝑓𝑖 . The figure reports the time-to-solution of (P2) (in green), the coordination 
step (orange) and (P4) (blue). (For interpretation of the references to color in 
this figure legend, the reader is referred to the web version of this article.)

never exceeds 0.6 s on average in a single iteration, reducing the total 
runtime to less than 50 s on average in the considered instances.

A detailed comparison between the performance of LMM and FaaS-
MACrO when applying Algorithm 1 is shown in Fig.  10, with average 
deviations reported in lines three to five of Table  6. We can observe 
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Fig. 10. Comparison between the value of the objective function (P1a), the time-to-solution, and the percentage rate of requests offloaded to Cloud obtained 
with LMM and FaaS-MACrO; the coordinator applies the greedy Algorithm 1; the maximum number of iterations is 100.
that 𝑑𝑒𝑣𝑂 maintains acceptable values on average (between −1.36
and −6.30%), but the runtime of FaaS-MACrO is significantly reduced, 
steadily outperforming LMM even for intermediate networks of 20 
nodes (𝑑𝑒𝑣𝑅 < 1 in the fifth row of Table  6 and the central-right plot 
in Fig.  10). Furthermore, when | | is 100, LMM reaches the time limit 
of 120 s without determining the optimal solution, while the average 
runtime of FaaS-MACrO is still around 60 s (both methods stop at the 
time limit, instead, for | | equal to 200).

Finally, we have evaluated the impact of considering a maximum 
number of 500 iterations for FaaS-MACrO when applying the greedy 
Algorithm 1 to solve the coordination problem. As illustrated in Fig. 
11 and the last three rows of Table  6, the average 𝑑𝑒𝑣𝑂 significantly 
reduces in absolute value, even outperforming the other FaaS-MACrO 
versions in some scenarios, at the price of a significantly longer execu-
tion time, particularly for small systems of 4 or 10 nodes. Overall, even 
if increasing the maximum number of iterations may be beneficial in 
some instances (FaaS-MACrO identifies a globally-feasible solution in 
80% of the cases using between 100 and 200 iterations in a sample 
instance with 50 nodes), the gain in terms of objective function value 
does not justify the longer execution times in the considered scenarios.

A separate discussion is needed for the case considering | | = 200. 
Indeed, since in this context the execution time of FaaS-MACrO reached 
120 s already when executing at most 100 iterations (see Fig.  10), we 
had to remove the time limit to observe its behavior with a maximum 
number of 500 iterations. This explains why sometimes FaaS-MACrO 
outperforms LMM in terms of objective function value (the average 
𝑑𝑒𝑣𝑂 is greater than 0 in Table  6), since the latter stops at the time 
limit without necessarily identifying the optimal solution.

6.3.2. Heterogeneous nodes
The results of a comparison between LMM and FaaS-MACrO consid-

ering variable-sized networks of heterogeneous Edge nodes (scenario
A.2) are reported in Fig.  12, while the average values of 𝑑𝑒𝑣𝑂, 𝑑𝑒𝑣𝑅
and 𝑑𝑒𝑣𝐶 are listed in Table  7. As in scenario A.1, the networks are 
fully connected, i.e., (𝑖, 𝑗) ∈  for each pair of nodes 𝑖, 𝑗 ∈  .

Despite the additional complexity introduced by considering differ-
ent classes of nodes and their impact on the service demands 𝐷𝑓

𝑖 , we 
can observe from Fig.  12 (first line) that the behavior of FaaS-MACrO in 
terms of the value of objective function (P1a) is still reasonably aligned 
with the one of LMM, with an average deviation 𝑑𝑒𝑣𝑂 between −7.55%
and −1.79%.
18 
Table 7
Comparison among 𝑑𝑒𝑣𝑂, 𝑑𝑒𝑣𝑅 and 𝑑𝑒𝑣𝐶 obtained by FaaS-MACrO for 
variable-sized networks of heterogeneous nodes, tackling the coordination 
problem by Algorithm 1 and considering a maximum number of 100 iterations.
 | | 4 10 20 50 100 200  
 
Alg. 1, 100

𝑑𝑒𝑣𝑂 −1.79% −4.36% −5.11% −5.86% −7.55% −7.03% 
 𝑑𝑒𝑣𝑅 17.63× 14.51× 10.18× 7.21× 2.63× 0.96×  
 𝑑𝑒𝑣𝐶 1.53% 2.79% 5.07% 2.48% 3.70% 7.07%  

As in the homogeneous case discussed in Section 6.3.1, the iterative 
process generally takes longer than the centralized model LMM to iden-
tify the final solution, particularly for small networks. The deviation 
is even larger in the heterogeneous case, because a problem instance 
with heterogeneous parameters is less likely to experience symmetries 
that make it harder for the centralized model to determine whether 
a solution is optimal. As a consequence, the time-to-solution of LMM 
approaches the time limit of 120 s only for the largest systems with 
| | = 200, while it remains consistently below 60 s for networks of up 
to 100 nodes (and below 6 s for up to 50 nodes).

It is relevant to observe that, although significantly larger than for 
LMM on average, as testified by the values of 𝑑𝑒𝑣𝑅 reported in Table  7, 
the maximum time-to-solution observed by FaaS-MACrO for systems of 
up to 100 nodes is 50.11 s, i.e., lower than the maximum value required 
by LMM across the same set of instances.

6.3.3. Variable number of deployed functions
Figs.  13–15 compare LMM and FaaS-MACrO applied to solve sys-

tems of | | = 50 heterogeneous Edge nodes characterized by a variable 
number | | of deployed functions (under the assumption that there 
is a unique set of functions deployed on all nodes – scenario A.3). 
In particular, Fig.  13 considers the case in which the coordination 
problem (P3) in FaaS-MACrO is solved to optimality, while Figs.  14
and 15 refer scenarios where the greedy Algorithm 1 is applied (with 
100 or 500 maximum iterations).

As in the other cases, we can observe by comparing the average 
values of 𝑑𝑒𝑣𝑂 and 𝑑𝑒𝑣𝑅 (reported also in Table  8), that solving (P3) 
to optimality guarantees significantly better performance at the price 
of a considerably longer execution time, particularly as the number 
of deployed functions increases. This, on one hand, demonstrates that 
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Fig. 11. Comparison between the value of objective function (P1a), the time-to-solution and the percentage rate of requests offloaded to Cloud obtained with 
LMM and FaaS-MACrO; the coordinator applies the greedy Algorithm 1; the maximum number of iterations is 500.
Fig. 12. Comparison between LMM and FaaS-MACrO considering networks of heterogeneous nodes; the coordinator applies Algorithm 1; the maximum number 
of iterations is 100.
FaaS-MACrO with an optimal coordinator achieves a near-globally-
optimal solution even if the iterative process does not have global 
optimality as an explicit goal. On the other hand, an average 𝑑𝑒𝑣𝑂
below 8.6% in absolute value lets us conclude that considering a greedy 
coordination process guarantees us reasonably good performance in 
terms of global objective function value while reducing by up to 
two-thirds the time-to-solution with respect to the centralized process.

6.3.4. Light-load conditions
To further validate the FaaS-MACrO approach, we run a set of 

experiments considering heterogeneous nodes as in Section 6.3.2, but 
observing the system in light-load conditions, i.e., when the value of 
∑

𝑓 𝜆
𝑓
𝑖  for each node 𝑖 ∈   is close to the rate of requests that node 

𝑖 can process locally without having to rely on horizontal or vertical 
offloading (scenario A.4).

Fig.  16 reports the comparison between LMM and the distributed 
approach considering the greedy coordination Algorithm 1. We can 
19 
observe that the two methods reach almost identical solutions (𝑑𝑒𝑣𝑂
is always lower than 0.01% in absolute value on average), but FaaS-
MACrO is significantly faster, always reaching the final solution in less 
than 0.04 s (with an average deviation 𝑑𝑒𝑣𝑅 of up to 3 orders of magni-
tude) in large-scale networks of 200 nodes. It is relevant to observe that 
since at 200 nodes LMM sometimes reaches the maximum time limit, 
stopping before identifying the global optimum, FaaS-MACrO manages 
to slightly outperform it in those instances (𝑑𝑒𝑣𝑂 is greater than 0). 
On the other hand, due to the fact that nodes are rarely overloaded, 
FaaS-MACrO needs only one iteration to converge, i.e., the first locally-
optimal solution identified by all nodes solving problem (P2) is always 
globally feasible.

6.4. Different network topologies

This section reports the results of two sets of experiments meant to 
analyze the impact of changing the Edge nodes network topology (the 
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Fig. 13. Comparison between LMM and FaaS-MACrO considering | | = 50 heterogeneous nodes and a variable number of functions; the coordinator solves (P3); 
the maximum number of iterations is 100.
Fig. 14. Comparison between LMM and FaaS-MACrO considering | | = 50 heterogeneous nodes and a variable number of functions; the coordinator applies 
Algorithm 1; the maximum number of iterations is 100.
Table 8
Comparison among 𝑑𝑒𝑣𝑂, 𝑑𝑒𝑣𝑅 and 𝑑𝑒𝑣𝐶 obtained by FaaS-MACrO considering | | = 50
heterogeneous nodes and a variable number of functions, when tackling the coordination problem 
by solving (P3) or by Algorithm 1, and considering a maximum number of 100 or 500 iterations.
 | | 3 5 8 10 15 20  
 
(P3), 100

𝑑𝑒𝑣𝑂 −0.03% −0.04% −0.19% −0.12% −0.49% −0.06% 
 𝑑𝑒𝑣𝑅 54.54× 41.13× 13.53× 7.50× 1.09× 1.05×  
 𝑑𝑒𝑣𝐶 0.002% 0.005% 0.19% 0.09% 1.33% 0.01%  
 
Alg. 1, 100

𝑑𝑒𝑣𝑂 −6.75% −5.86% −8.58% −7.62% −7.09% −8.08% 
 𝑑𝑒𝑣𝑅 12.92× 6.82× 2.83× 1.34× 0.29× 0.31×  
 𝑑𝑒𝑣𝐶 3.64% 2.48% 5.91% 6.85% 6.16% 6.15%  
 
Alg. 1, 500

𝑑𝑒𝑣𝑂 −6.33% −5.46% −8.50% −7.36% −7.00% −8.57% 
 𝑑𝑒𝑣𝑅 68.20× 35.35× 14.15× 6.87× 1.11× 1.02×  
 𝑑𝑒𝑣𝐶 3.39% 2.35% 5.83% 6.44% 5.97% 6.58%  
scenario B described in Section 6.2). In particular, we considered the 
same instances generated in scenario A.2 for fully-connected networks 
20 
of | | = 200 heterogeneous Edge nodes. In Section 6.4.1, we report 
the results obtained by progressively reducing the degree 𝑘 of each 
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Fig. 15. Comparison between LMM and FaaS-MACrO considering | | = 50 heterogeneous nodes and a variable number of functions; the coordinator applies 
Algorithm 1; the maximum number of iterations is 500.
Fig. 16. Comparison between the value of objective function (P1a), the time-to-solution and the percentage rate of requests offloaded to Cloud obtained with 
LMM and FaaS-MACrO in light-load conditions; the coordinator applies Algorithm 1.
node, up to selecting a minimum number of 3 neighbors per node 
(scenario B.1). In Section 6.4.2, instead, we fixed the degree 𝑘 and pro-
gressively reduced the edge-exposed fraction, i.e., the number of nodes 
connected to an access point and receiving load 𝜆𝑓𝑖  from connected 
clients (scenario B.2).

Figs.  17(a)–17(c) show a sample network of 200 Edge nodes with 
degree 𝑘 equal to 100, 10 and 3 when 𝑒𝑒𝑓 is equal to 1.0, i.e., all 
nodes are connected to an access point. For 𝑘 = 10, instead, Figs. 
17(d)–17(f) report the same network while decreasing 𝑒𝑒𝑓 to 0.95, 0.75 
and 0.25, respectively (red nodes are those without connections to an 
access point).

It is relevant to observe that, since the load 𝜆𝑓𝑖  directed to all 
the other nodes does not change while decreasing 𝑒𝑒𝑓 , the network 
observes a progressively lower number of incoming requests. Conse-
quently, the load management problem becomes increasingly easier to 
solve.
21 
6.4.1. Variable number of neighbors
Fig.  18 and the first three lines of Table  9 report the results obtained 

by LMM and FaaS-MACrO (using Algorithm 1) for different values 
of node degree 𝑘. Comparing the objective function deviation 𝑑𝑒𝑣𝑂
with the corresponding values obtained on fully-connected networks of 
| | = 200 nodes (shown in Fig.  12 and in the last column of Table  9), 
we observe that FaaS-MACrO maintains relatively stable performance 
as the node degree decreases to 𝑘 = 10. However, the quality of the 
solution identified by the iterative process drops significantly in poorly-
connected networks. This performance degradation stems from two 
interconnected phenomena. First, when fewer neighbors are available, 
selecting a suboptimal target for horizontal offloading has a stronger 
negative impact than when many alternatives exist. Second, we observe 
that when 𝑘 is 3 or 5, the centralized LMM also relies on vertical 
offloading to optimally manage the incoming traffic, which, as already 
mentioned, creates a more challenging scenario for FaaS-MACrO.
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Table 9
𝑑𝑒𝑣𝑂, 𝑑𝑒𝑣𝑅 and 𝑑𝑒𝑣𝐶 obtained by FaaS-MACrO for a network of 200 heterogeneous nodes with 
varying 𝑘 when tackling the coordination problem by (P3) or Algorithm 1, and when considering 
a maximum number of 100 or 500 iterations. The last column (Fully Connected) reports for 
comparison the corresponding values from Table  7.
 |𝑘| 3 5 10 25 50 100 150 FC  
 
Alg. 1, 100

𝑑𝑒𝑣𝑂 −16.43% −13.65% −8.05% −6.63% −6.99% −7.04% −6.98% −𝟕.𝟎𝟑% 
 𝑑𝑒𝑣𝑅 0.007× 0.009× 0.12× 0.73× 1.13× 1.46× 0.98× 𝟎.𝟗𝟔×  
 𝑑𝑒𝑣𝐶 8.40% 8.93% 6.57% 6.67% 8.40% 7.08% 6.96% 7.07%  
 
(P3), 100

𝑑𝑒𝑣𝑂 −12.14% −8.89% −0.54% −0.05% – – – –  
 𝑑𝑒𝑣𝑅 0.98× 0.98× 0.95× 2.82× – – – –  
 𝑑𝑒𝑣𝐶 6.76% 6.00% 0.33% 0.02% – – – –  
 
Alg. 1, 500

𝑑𝑒𝑣𝑂 −16.34% −13.49% −8.00% −6.56% – – – –  
 𝑑𝑒𝑣𝑅 0.07× 0.08× 0.66× 0.96× – – – –  
 𝑑𝑒𝑣𝐶 8.36% 8.80% 6.51% 6.64% – – – –  
Fig. 17. Sample network of 200 Edge nodes with different degree 𝑘 and edge-
exposed fraction (red nodes are those that are not connected to an access point 
and only receive offloaded requests from neighbors). (For interpretation of 
the references to color in this figure legend, the reader is referred to the web 
version of this article.)

A partial comparison between LMM and FaaS-MACrO when the 
latter solves problem (P3), with 𝑘 between 3 and 25, is reported in 
Fig.  19. We can observe that, when the network connectivity level 
is reduced, choosing the most appropriate target for offloading be-
comes increasingly relevant. As a consequence, the objective function 
deviation becomes significantly smaller in absolute value when the 
coordinator solves (P3) to optimality instead of applying the greedy 
Algorithm 1, as testified by the average values of 𝑑𝑒𝑣𝑂 reported in Table 
9. On the other hand, the time-to-solution is considerably longer when 
the coordinator solves (P3), approaching the same time limit reached 
by LMM already when 𝑘 is between 3 and 10.

Similarly, Fig.  20 and the last three lines of Table  9 report the 
comparison between LMM and FaaS-MACrO when applying Algorithm 
1 but running the iterative process for a maximum of 500 iterations, 
considering 𝑘 between 3 and 25. The reported results highlight how, 
in this context, increasing the number of iterations does not have a 
significant benefit on the FaaS-MACrO performance.

6.4.2. Edge-exposed fraction
As mentioned, we analyzed in this section the impact of considering 

some intermediate nodes in the network, which are not connected to 
an access point (and therefore do not receive any load from clients) 
but have computational capacity to share with neighbors to help them 
process the incoming requests.

In particular, we have analyzed networks of | | = 200 nodes 
with different levels of connectivity, from fully-connected networks to 
networks with 𝑘 = 100 or 𝑘 = 10, and progressively varying the edge-
exposed fraction (𝑒𝑒𝑓 ). The results are reported in Figs.  21, 22 and 23, 
respectively.
22 
It is relevant to note that in all three scenarios we have tackled 
the coordination problem by applying Algorithm 1 and by running a 
maximum number of 100 iterations. Moreover, we must observe that 
we slightly varied the expression of the objective function (P1a) we 
evaluate here: indeed, having some intermediate nodes with 𝜆𝑓𝑖 = 0 ∀𝑓 ∈
 , we had to apply a different normalization process by considering 
∑

𝑖,𝑓 𝜆
𝑓
𝑖  instead of simply 𝜆

𝑓
𝑖  as a denominator. This is the reason why in 

this section the objective function values reported in the top-left corner 
of each figure assume values in [0, 1].

For highly-connected networks (Figs.  21 and 22), we observe that 
FaaS-MACrO achieves optimal performance in terms of objective func-
tion value when 𝑒𝑒𝑓 ≤ 90%, yielding an average deviation 𝑑𝑒𝑣𝑂 below 
0.003% in absolute value. At the same time, FaaS-MACrO proves to 
have very good performance in terms of time-to-solution in this context, 
always reaching a globally feasible solution in less than 0.32 s, with a 
minimum value of 0.02 s, while LMM takes between 5.2 s and 48.6 s.

On the other hand, the problem becomes more challenging when 
𝑒𝑒𝑓 increases to 95% and 99.5% (i.e., when 190 or 199 out of the 
200 nodes in the network are connected to an access point). In these 
scenarios, we observe that the deviation between FaaS-MACrO and 
LMM in terms of objective function value increases, reaching almost 
−4% on average.

Fig.  23 highlights the additional challenges introduced in this con-
text when the network is poorly connected (i.e., each node has only 10 
neighbors). Indeed, reducing the nodes degree entails that, even if some
intermediate nodes are present, not all the nodes will be connected to 
them and able to take advantage of the additional processing capacity 
they offer. In this scenario we observe therefore a higher 𝑑𝑒𝑣𝑂 value, 
up to −2.3%, even when 𝑒𝑒𝑓 is 75% or 90%. On the other hand, 
we can note that the reduced connectivity does not have a negative 
impact on FaaS-MACrO performance when 𝑒𝑒𝑓 increases, with 𝑑𝑒𝑣𝑂
still remaining above −4% on average in all experiments.

6.5. Convergence dynamics and time-bounded performance

Due to the bursty nature of FaaS workloads and the fact that 
function requests are usually short-lived and characterized by tight 
response time constraints, some applications may require the control 
time period 𝑡 to be reduced, making a time-to-solution of 120 s hardly 
feasible in practice.

To account for this need, we have analyzed how the solution quality 
improves over time, both for LMM and throughout the iterative process 
of FaaS-MACrO, to assess the impact of possibly imposing a stricter 
time limit. In particular, we have considered sample problem instances 
featuring either networks of | | = 100 homogeneous Edge nodes (as 
those analyzed in scenario A.1) or | | = 200 heterogeneous nodes (as 
those from scenario A.2). For LMM, we have solved multiple times each 
problem instance, forcing Gurobi Optimizer to stop at the first feasible 
solution, the second feasible solution, or after a maximum execution 
time of 30 s, 60 s, 120 s and 1 h. Similarly, we have recorded the value 
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Fig. 18. Comparison between LMM and FaaS-MACrO for a network of 200 nodes with varying 𝑘; the coordinator applies Algorithm 1; the maximum number of 
iterations is 100.
Fig. 19. Comparison between LMM and FaaS-MACrO for a network of 200 nodes with varying 𝑘; the coordinator solves (P3); the maximum number of iterations 
is 100.
of the objective function (P1a) for the intermediate solutions identified 
by FaaS-MACrO during the iterative process.

The results for LMM are reported in Table  10. In particular, for both 
the homogeneous and heterogeneous nodes scenarios the table reports 
the minimum, maximum and average value of the actual time-to-
solution, and the minimum, maximum and average objective function 
value when the solver stops after identifying the first or second feasible 
solution, or considering different time limits.

In the homogeneous case, as discussed in Section 6.3.1, LMM does 
not identify the optimal solution within the original time limit of 120 s, 
even if this is actually found in the 50% of cases in less than 1 h (the 
asterisks in the last column mark scenarios where the actual time-to-
solution is lower than the time limit). However, the objective function 
value remains essentially stable once hitting the 30 s mark.

The same pattern is observed in the heterogeneous case, however 
the optimal solution is always found in less than 1 h because het-
erogeneity reduces symmetries in the solution structure. We can thus 
23 
conclude that a time limit of 30 s is enough to obtain a good-quality 
centralized solution, with an average deviation of −0.12% with respect 
to the global optimum.

To analyze the convergence dynamics of FaaS-MACrO, we kept 
track, throughout the iterative process, of every time the new candidate 
solution improves the previous recorded one in terms of (P1a) value. 
The corresponding values of 𝑑𝑒𝑣𝑂 for the same homogeneous and 
heterogeneous cases analyzed with LMM are reported as blue dots in 
Fig.  24.

Then, we have divided the maximum runtime of 120 s in 4 intervals, 
setting intermediate time limits at 10 s, 30 s and 60 s (the vertical dashed 
lines in Fig.  24), and we have computed the minimum, maximum and 
average values of 𝑑𝑒𝑣𝑂 in each subinterval. The results are reported in 
Table  11, while the average values are also marked as red stars in Fig. 
24. Note that, in Table  11, the ‘‘maximum’’ deviation is intended as the 
most negative value of 𝑑𝑒𝑣 .
𝑂
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Fig. 20. Comparison between LMM and FaaS-MACrO for a network of 200 nodes with varying 𝑘; the coordinator applies Algorithm 1; the maximum number of 
iterations is 500.
Fig. 21. Comparison between LMM and FaaS-MACrO for a fully-connected network of 200 nodes, varying the edge-exposed fraction 𝑒𝑒𝑓 ; the coordinator applies 
Algorithm 1; the maximum number of iterations is 100.
Table 10
Runtime and objective function value yielded by LMM when stopping at the first or second feasible solution, or considering 
an increasing time limit.
 Scenario 1st feas. sol. 2nd feas. sol 30 s 60 s 120 s 3600 s  
 

Homogeneous 
nodes

Runtime
min 2.20 s 3.10 s 32.19 s 62.28 s 122.21 s 419.35∗ s  

 max 2.35 s 3.32 s 32.64 s 62.67 s 122.99 s 3603.43 s  
 avg 2.27 s 3.20 s 32.41 s 62.40 s 122.47 s 2778.63∗ s 
 

Obj. value
min −293.67 136.55 179.11 180.75 180.75 180.77  

 max −289.33 197.86 272.23 272.54 272.59 272.61  
 avg −290.90 168.99 236.77 237.81 238.07 238.10  
 

Heterogeneous 
nodes

Runtime
min 5.30 s 6.86 s 35.63 s 65.36 s 125.37 s 217.53∗ s  

 max 5.82 s 7.19 s 35.99 s 65.74 s 125.80 s 866.37∗ s  
 avg 5.55 s 7.02 s 35.82 s 65.59 s 125.50 s 544.55∗ s  
 

Obj. value
min −579.75 −579.75 410.00 411.65 411.66 411.71  

 max −565.71 −565.71 625.02 625.35 625.37 625.41  
 avg −574.14 −574.14 487.70 488.18 488.24 488.28  
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Fig. 22. Comparison between LMM and FaaS-MACrO for a network of 200 nodes with 𝑘 = 100, varying the edge-exposed fraction 𝑒𝑒𝑓 ; the coordinator applies 
Algorithm 1; the maximum number of iterations is 100.
Fig. 23. Comparison between LMM and FaaS-MACrO for a network of 200 nodes with 𝑘 = 10, varying the edge-exposed fraction 𝑒𝑒𝑓 ; the coordinator applies 
Algorithm 1; the maximum number of iterations is 100.
For the homogeneous case, we can observe that the last objective 
function values are recorded between 60 s and 80 s, thus significantly 
before the maximum time limit. Moreover, the value of 𝑑𝑒𝑣𝑂 steadily 
improves over time, increasing from the −10.26% recorded within the 
first 10 s to −2.06% on average.

On the other hand, in the heterogeneous case we note that the 
performance of FaaS-MACrO are more stable, with the average value 
of 𝑑𝑒𝑣𝑂 increasing only marginally after the 30 s milestone. Hence, 
as for LMM we can conclude that terminating the iterative process 
earlier would not negatively impact the solution quality, while being 
preferable in highly dynamic settings where a shorter control period 
should be considered.

7. Conclusions

This work formalized the Function Replica Allocation and Load Bal-
ancing (FRALB) problem in the Edge–Cloud continuum and addressed 
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Table 11
Runtime and objective function deviation yielded by FaaS-MACrO over time.
 Scenario 10 s 30 s 60 s 120 s  
 

Homogeneous 
nodes

Runtime
min 1.35 11.86 s 30.30 s 70.95 s  

 max 9.26 s 29.99 s 59.58 s 75.53 s  
 avg 6.40 s 24.74 s 42.33 s 73.24 s  
 

𝑑𝑒𝑣𝑂

min −2.18% −0.18% 0.01% −1.86%  
 max −20.41% −14.47% −14.95% −2.27%  
 avg −10.26% −6.11% −6.37% −2.06%  
 

Heterogeneous 
nodes

Runtime
min 5.02 s 11.91 s 31.82 s 60.84 s  

 max 9.86 s 29.97 s 58.07 s 117.37 s 
 avg 7.53 s 21.53 s 47.71 s 86.84 s  
 

𝑑𝑒𝑣𝑂

min −5.23% −4.67% −4.56% −4.59%  
 max −8.23% −8.18% −7.51% −7.21%  
 avg −6.43% −6.18% −5.83% −5.94%  
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Fig. 24. Progressive values of 𝑑𝑒𝑣𝑂 over time throughout the FaaS-MACrO 
iterative process. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)

it as a Distributed orchestration problem, termed DiFRALB. To solve it, 
we introduced FaaS-MACrO (Multi-Agent Coordinated Orchestration), 
a scalable privacy-preserving architecture designed to coordinate FaaS 
workloads across heterogeneous and geo-distributed cooperative Edge 
nodes. This work fills a gap highlighted by our review: distributed FaaS 
orchestration remains extremely limited, and existing proposals rarely 
combine scalability, privacy-preserving coordination and quantifiable 
near-optimality, or leave only very limited autonomy to local agents.

FaaS-MACrO distributes decision-making across Edge nodes by treat-
ing each one as an autonomous agent, while a lightweight coordinator 
ensures global feasibility through iterative updates of the offloading 
prices. This mechanism aligns self-interested local decisions with global 
objectives without requiring agents to disclose private information, 
thereby preserving privacy, reducing communication overhead, and 
supporting environments with multiple stakeholders. As an optimiza-
tion benchmark, we derived a centralized MILP formulation that jointly 
optimizes replica allocation and offloading decisions under memory 
and utilization constraints, providing an upper bound on achievable 
global performance. To avoid the coordinator becoming a bottleneck 
at scale, we introduced a greedy coordination algorithm that preserves 
solution quality while substantially reducing computation time.

Extensive experiments confirmed the effectiveness and scalability of 
FaaS-MACrO. Solutions remained within 0.03–12.14% of the central-
ized optimum on average in absolute value, while reducing computa-
tion time by up to three orders of magnitude in deployments with 200 
nodes. Moreover, we demonstrated scalability up to 200 nodes and 50 
functions, well beyond the scale considered in most existing works.

Several simplifying assumptions limit the scope of this study. We 
optimize decisions over single control periods using average work-
loads and deterministic service demands, and we restrict horizontal 
offloading to one hop. Moreover, while near-optimality is empirically 
observed, formal convergence and optimality guarantees remain open.

In future work, we will consider extending the Faas-MACrO ar-
chitecture to embrace multi-period and stochastic formulations, richer 
offloading models, and mechanisms for overloaded regimes (e.g., load 
shedding and prioritization). Moreover, we will consider intelligent 
mechanisms to exploit potential correlations between functions to op-
timize latency through locality awareness, and to adapt to highly-
bursty conditions. Finally, removing the coordinator is a natural step 
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toward fully decentralized orchestration, raising challenges in conver-
gence, fairness, and incentive compatibility under strategic or adversar-
ial behavior, while learning-based price adjustment and energy-aware 
objectives represent promising directions for real deployments.
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