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 A B S T R A C T

Task offloading in edge-cloud computing systems requires determining optimal allocation of application 
components across heterogeneous infrastructure while balancing multiple objectives, like energy consumption, 
latency, or cost. This problem becomes particularly complex in large-scale deployments (e.g., smart cities, 
industrial IoT) where existing approaches fail to address collective phenomena, namely emergent system-
wide behaviors like network congestion that arise from multi-device interactions, leading to suboptimal 
offloading decisions in large-scale deployments. To address these challenges this paper introduces a multi-
agent learning framework for collective component offloading that decomposes applications into a directed 
acyclic graph of macro-components, enabling partial offloading where individual components can be selectively 
executed locally or migrated to edge/cloud servers. Our system model represents the infrastructure as a 
heterogeneous graph of application devices and infrastructure nodes, supporting decentralized offloading 
decisions while maintaining component interdependencies. In particular, we propose Informed Deep Hetero 
Graph Q-Learning (IDHGQL), which combines: (1) Heterogeneous Graph Neural Networks (HeteroGNNs) for 
policy representation that naturally handle diverse device types and relationships; (2) Aggregate computing 
to enrich device observations with collective system state information; and (3) a multi-agent Deep Q-Learning 
algorithm based on centralized training with decentralized execution that balances individual constraints 
with emergent collective phenomena. Experimental evaluation demonstrates IDHGQL’s effectiveness in multi-
objective optimization scenarios, successfully learning policies that balance battery consumption, latency, and 
infrastructure costs. In density-aware scenarios, agents learn spatially-adaptive strategies that dynamically 
adjust offloading decisions based on local congestion: favoring local execution in high-density areas to 
avoid network bottlenecks while leveraging edge/cloud resources in sparse regions. Ablation studies confirm 
that collective information integration is essential for learning such context-aware policies, with IDHGQL 
consistently outperforming static baselines across all evaluated metrics.
. Introduction

ontext. The rapid proliferation of IoT devices and resource-intensive 
pplications has driven a significant evolution in computing archi-
ectures. IoT deployments are projected to reach 30 billion devices 
y 2030, generating 4.4 zettabytes of data,1 pushing the boundaries 
f traditional cloud computing which struggles to meet stringent la-
ency and throughput requirements [1]. The cloud–edge computing 
aradigm [2] has emerged as a solution, distributing computational 
orkloads across cloud servers and edge devices to optimize perfor-
ance and resource utilization. A critical challenge in these systems is 
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determining optimal offloading strategies—deciding which application 
components execute locally versus being offloaded to edge or cloud 
infrastructure. Optimizing these decisions while considering individual 
device constraints and system-wide performance has been extensively 
studied [3–6], employing traditional optimization methods [7], genetic 
algorithms [8–10], and machine learning techniques [2,11].

Research gap. Despite significant research efforts in optimizing offload-
ing decisions, a crucial aspect has been overlooked: the global-level
collective behavior emerging from the interplay of perceptions and infor-
mation sharing among multiple devices. The edge can be characterized 
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as a Collective Adaptive Systems (CAS) [12], where collective informa-
tion is essential for informed offloading decisions, allowing devices to 
consider both individual constraints and the overall system state.

Effective offloading requires decomposing applications into compo-
nents that can be selectively migrated across the infrastructure. Ex-
isting decomposition strategies—including component models [13,14], 
architecture description languages [15], and service-oriented frame-
works [16]—do not consider collective behavior and often rely on 
centralized control. While approaches like pulverization [17] focus on 
device-level decomposition, they lack flexibility in partial application 
offloading.

Machine learning, particularly reinforcement learning, offers a
promising solution for optimizing offloading decisions by learning 
complex relationships directly from data and adapting to dynamic con-
ditions. Deep learning has been successfully applied to task offloading 
in satellite communication [18], Internet of Vehicles [19], and crowd 
management [20]. However, existing ML-based approaches typically 
assume binary offloading decisions (local vs. remote), homogeneous 
infrastructure, or centralized control—failing to address the partial 
offloading of workflow-based applications and the collective dynamics 
characteristic of large-scale edge-cloud systems. 

Problem statement. Given a cloud–edge computing system comprising 
heterogeneous devices (end devices, edge servers, and cloud servers) 
connected through a multi-hop network, and applications decomposed 
into directed acyclic graphs of interdependent macro-components, the
collective component offloading problem consists of determining, for 
each device at each time step, a placement decision for each appli-
cation component—either local execution or offloading to an avail-
able edge/cloud server—such that an objective function balancing 
energy consumption, latency, and infrastructure cost is minimized. This 
problem is complicated by: (i) device heterogeneity in computational 
capacity, energy constraints, and connectivity; (ii) component interde-
pendencies that impose execution order and data transfer constraints; 
(iii) emergent collective phenomena (e.g., network congestion, server 
overload) arising from concurrent offloading decisions of multiple 
devices; and (iv) the requirement for decentralized decision-making 
due to system scale and dynamics. 

Research question. Building on the problem formulation above, this 
paper aims to optimize collective component offloading decisions by 
balancing individual device constraints with emergent collective phe-
nomena. Specifically, we answer:

RQ: How can we leverage deep reinforcement learning for collective 
component offloading that accounts for both individual device con-
straints (e.g., battery level, CPU utilization) and collective phenom-
ena (e.g., network congestion, server load)?

Contribution. To address this challenge, we propose Informed Deep 
Hetero Graph Q-Learning (IDHGQL), a distributed learning approach 
that combines HeteroGNNs with aggregate computing within a Deep Q-
Learning framework for collective component offloading, building upon 
a macro-component system model from previous work [21]. While 
prior GNN-based offloading methods have combined graph representa-
tions with reinforcement learning, they typically assume binary offload-
ing decisions, centralized control, and homogeneous graph models. In 
contrast, our work introduces the following key contributions:

1. Heterogeneous graph representation: unlike existing GNN-RL ap-
proaches that model infrastructure as homogeneous graphs, we 
employ HeteroGNNs that explicitly encode typed nodes (IoT de-
vices, edge servers, cloud) and typed edges (wireless links, wired, 
application dependencies), capturing semantic differences that 
homogeneous models cannot represent.
2 
Fig. 1. Overview of edge-cloud computing system.

2. Decentralized collective context via aggregate computing: Rather 
than relying on purely local observations or centralized global 
state, we integrate aggregate computing [22] to synthesize col-
lective context (e.g., neighborhood density, congestion gradi-
ents) in a fully decentralized, self-stabilizing manner—enabling 
agents to perceive emergent phenomena without centralized 
coordination.

3. Partial workflow offloading under decentralized execution: Unlike 
GNN-RL approaches that address binary offloading under cen-
tralized control, our framework supports partial offloading of 
DAG-structured workflows, thanks to our macro-component
model, where individual macro-components can be selectively 
placed, combined with centralized training and decentralized 
execution (CTDE) for scalable deployment.

Experimental results demonstrate the effectiveness of IDHGQL in multi-
objective optimization, with ablation studies confirming that collective 
information integration is crucial for learning density-aware policies. 
Paper structure. The paper is organized as follows: Section 2 provides 
an overview of cloud–edge computing systems, as well as the challenges 
and importance of offloading strategies in the context of collective 
adaptive systems. Section 3 presents a system model and formulates 
the problem of collective component offloading in cloud–edge systems. 
Section 4 describes our proposed approach, leveraging HeteroGNNs 
and deep reinforcement learning for collective offloading. Section 5 
presents the experimental setup and results, demonstrating the effec-
tiveness of our approach. Finally, Section 7 concludes the paper and 
outlines future research directions.

2. Background and related works

2.1. Task offloading in edge-cloud systems

The edge-cloud computing paradigm has emerged as a promising so-
lution to address the growing demand for low-latency, high-throughput 
applications in the era of the Internet of Things (IoT) and resource-
intensive applications. This paradigm consists of a three-tier architec-
ture (see Fig.  1): cloud servers offering vast computational resources 
but with high latency; edge servers providing intermediate processing 
capabilities closer to data sources for reduced latency [23]; and end 
devices (IoT devices, smartphones, sensors) with limited resources that 
generate data and require computational support [24]. The heteroge-
neous nature of these tiers—varying in computational capacity, latency 
characteristics, and resource constraints—creates the need for intelli-
gent task allocation strategies to optimize system performance.  This 
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operation is referred as task offloading [3,11,25–29] and involves decid-
ing which tasks to move from the end device to the edge/cloud and in 
which order to execute these tasks. Following the literature [29], task 
offloading in cloud–edge systems can be characterized along several 
dimensions: task type (independent vs. workflow-based tasks), offloading 
scheme (full vs. partial task migration), control approach (centralized 
vs. distributed decision-making), optimization objectives (energy, cost, 
latency, reliability), and communication infrastructure (single-hop vs. 
multi-hop connectivity).

Within partial offloading, existing approaches differ mainly in terms 
of optimization objectives and solution techniques. A large body of 
work focuses on minimizing response time or task completion de-
lay [30–32], relying on centralized optimization methods [30,33], 
heuristic algorithms [34,35], or learning-based solutions [32,36]. Other 
studies explicitly address cost [37–39] or energy consumption [40–
42], while more recent works consider multi-objective formulations 
that jointly optimize latency, energy, and operational costs through 
mixed-integer programming or reinforcement learning [43,44]. De-
spite these advances, most existing solutions focus on independent 
tasks or assume simplified application models, and often rely on cen-
tralized or loosely coordinated decision-making. As a result, partial 
offloading of workflow-based applications in distributed control set-
tings, especially over multi-hop cloud–edge infrastructures, remains 
comparatively underexplored.

To address this gap, our work focuses on distributed partial of-
floading of workflow-based tasks with multi-objective optimization 
across multi-hop cloud–edge infrastructures, addressing one of the least 
studied scenarios in the literature [29].

2.2. Edge-cloud as a collective adaptive system

Large-scale edge-cloud deployments are more than just distributed 
infrastructure; their behavior is best understood through the lens of 
CASs. CASs are complex systems of numerous autonomous, heteroge-
neous agents whose interactions lead to emergent, system-wide behav-
iors not predictable from individual actions [12]. Key characteristics 
of CAS include distributed control, necessitated by their scale and the 
impracticality of central coordination; self-organization, which enables 
robust adaptation to local changes without explicit global instructions; 
inherent resource constraints (e.g., energy, processing power) that influ-
ence agent decisions; and openness, where agents may join, leave, or 
fail at any time [45].

There is a growing interest in the development of applications that 
leverage the capabilities of cloud–edge systems to provide innovative 
services [46]. Particularly in very large and complex systems, such as 
those found in smart cities, the need to consider both individual device 
constraints and emergent collective behaviors is paramount [47]. The 
following applications motivate why a CAS-based perspective is critical 
for effective offloading.

2.2.1. Motivating examples
Crowd steering. In large-scale events or emergency situations, crowd 
steering applications guide individuals to safe zones or emergency exits, 
minimizing congestion and potential hazards [48]. These applications 
rely on real-time data from individual smart devices (e.g., location, 
movement) and collective information (e.g., crowding density). Col-
lective offloading is critical here: in a normal operational condition, 
devices may offload navigation and route planning task to nearby edge 
servers preserving their battery life. However, in emergency situations, 
devices in a high-density area may experience limited bandwidth and 
network congestion generating communication delays—conditions that 
must be avoided to ensure timely and effective crowd steering. In 
such cases, devices can execute tasks locally to avoid network con-
gestion and communication delays, paying the cost of higher energy 
consumption. This distributed approach ensures responsiveness and 
personalized guidance even under stress conditions.
3 
Swarms surveillance. Consider a scenario where multiple intercon-
nected drones or robots are employed to monitor large areas for 
security, disaster relief, or environmental monitoring [49]. Each device 
collects data (e.g., images or sensor readings) that needs to be processed 
and analyzed collectively to gain a comprehensive understanding of 
the monitored area. In these tasks, devices may face limitations in pro-
cessing power, battery life, and communication bandwidth. Collective 
offloading enables efficient distribution of these computationally inten-
sive tasks. For instance, image recognition tasks can be offloaded to 
edge servers closer to the swarm, while data fusion and analysis can be 
performed on more powerful cloud servers. This hierarchical approach 
optimizes resource utilization and enhances the overall surveillance 
effectiveness.

2.2.2. Macroprogramming and aggregate computing
Programming the desired collective behavior in such systems is a 

long-standing challenge [50]. Traditional bottom-up approaches often 
fail to reliably produce complex behaviors [51,52]. A more effec-
tive, top-down approach is macroprogramming [53], which focuses on 
specifying global behavior. Among macroprogramming models, we 
leverage aggregate computing [22]. It defines system-wide computations 
using computational fields—distributed data structures representing the 
global state—manipulated via a functional language [54]. This model 
is application-agnostic and has proven versatile in domains like smart 
cities and swarm robotics [55–57], making it an ideal foundation 
for modeling our offloading problem. However, applying such models 
effectively requires addressing the fundamental challenges inherent in 
collective offloading. While macroprogramming models like aggregate 
computing provide a powerful, top-down approach for defining the 
desired collective behavior, they do not prescribe how individual agents 
should act to best achieve these goals under dynamic, real-world con-
straints. An agent must still autonomously decide how to contribute to 
the collective computation—for instance, by choosing where to execute 
a specific task—while balancing its own resource limitations (like 
battery life) against fluctuating system-wide conditions (like network 
congestion). This challenge of continuous, adaptive decision-making in 
a complex and uncertain environment is precisely the type of problem 
that Reinforcement Learning (RL) is designed to address.

2.3. Reinforcement learning for decision making

At its core, the task offloading problem is one of sequential decision-
making under uncertainty. Devices must continuously decide where 
to run computational tasks to optimize for certain objectives (e.g., la-
tency, energy consumption) in a dynamic environment where network 
conditions and server loads can change unpredictably. RL provides a 
powerful mathematical framework for addressing precisely this kind of 
problem [11]. In this paradigm, an agent interacts with an environment 
(namely, something external from itself) to achieve a goal. The inter-
action between the agent and the environment is typically modeled as 
a sequence of discrete time steps. At each step the agent observes the 
state, selects an action, and receives a numerical reward or penalty. The 
agent learns a policy 𝜋(𝑎|𝑠)—a mapping from states to actions—that 
maximizes cumulative reward over time. Learning is often model-free: 
the agent improves by trial and error without a prior model of the 
environment’s dynamics.

The standard RL problem can be formalized as a Markov Decision 
Process (MDP), which consists of the following components:

• A set of states 𝑆, which represent all possible configurations of 
the environment that are relevant to the decision. In the context 
of task offloading, a state could include the device’s battery level, 
the current CPU load on edge servers, and network bandwidth.

• A set of actions 𝐴, which represents the set of choices available to 
the agent. For an application device, the action space could be the 
set of all possible offloading decisions for each of its components 
(e.g., execute locally, offload to edge server 1, offload to cloud).
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• A reward function 𝑅(𝑠, 𝑎, 𝑠′), which defines the immediate nu-
merical reward an agent receives for taking action 𝑎 in state 𝑠 and 
transitioning to state 𝑠′. The reward function is designed to align 
with the agent’s high-level goals. For example, a positive reward 
could be given for low latency, while a negative reward (penalty) 
could be associated with high energy consumption or monetary 
cost.

• A transition probability function 𝑃 (𝑠′|𝑠, 𝑎), which defines the 
probability of transitioning to state 𝑠′ after taking action 𝑎 in state 
𝑠.

The goal of the agent is to find an optimal policy, 𝜋∗, that maximizes 
the expected cumulative discounted reward, known as the return. The 
return from a state 𝑠 at time 𝑡 is defined as:

𝐺𝑡 =
∞
∑

𝑘=0
𝛾𝑘𝑅𝑡+𝑘+1

where 𝛾 ∈ [0, 1] is the discount factor, which prioritizes immediate 
rewards over future ones.

To find the optimal policy, RL algorithms often learn an action-
value function, 𝑄𝜋 (𝑠, 𝑎), which represents the expected return for 
taking action 𝑎 in state 𝑠 and subsequently following policy 𝜋.
𝑄𝜋 (𝑠, 𝑎) = E𝜋

[

𝐺𝑡|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎
]

The optimal policy, 𝜋∗, will have a corresponding optimal action-value 
function, 𝑄∗(𝑠, 𝑎), from which the best action in any state can be found 
by simply choosing the action with the highest Q-value. Algorithms 
like Q-learning are designed to iteratively estimate this 𝑄∗ function. 
When the state and action spaces become very large, deep neural 
networks can be used to approximate the Q-function, leading to the 
Deep Q-Learning (DQL) approach that we leverage in this work [11].

In the context of task offloading, recent works have advanced 
reinforcement learning-based decision making by integrating graph 
representations to capture structural dependencies among tasks and 
infrastructure resources. For instance, Li et al. [58] apply deep Q-
learning for partial offloading to multiple access points, balancing 
latency and energy in a distributed manner. Sun et al. [59] and Wang 
et al. [60] leverage GNNs to embed network structures into RL agents 
for improved offloading in MEC systems, but primarily address bi-
nary offloading under centralized control. Similarly, energy-aware task 
offloading in vehicular MEC has been investigated using distributed 
and federated reinforcement learning, such as federated Soft Actor-
Critic frameworks, which focus on per-task local versus MEC execution 
under highly dynamic wireless conditions [61]. However, these ap-
proaches differ from our setting, as they do not consider workflow-level 
offloading or collective decision making across heterogeneous cloud–
edge infrastructures. Task dependency graphs (DAGs) are considered in 
GNN-DRL frameworks such as Cao and Deng [62] and Wu et al. [63], 
which employ graph attention networks and PPO to optimize depen-
dent subtasks on heterogeneous servers, yet rely on centralized training 
assumptions. Multi-agent RL approaches, such as PORA-MATD3 [64], 
introduce distributed offloading in dynamic vehicular scenarios, while 
Pamuklu et al. [65] extend hetero-GNN-RL to smart agriculture by 
modeling UAVs and IoT nodes under failures and topology changes. 
Moreover, recent works [66,67] propose DRL and game-based intelli-
gence for IRS-aided and secure 5G/6G communications, respectively, 
further motivating the use of learning-based strategies in complex 
network optimization.

Despite these advances, existing RL-based solutions often focus on 
homogeneous graph representations, binary offloading decisions, or 
centralized learning paradigms, and rarely capture collective infrastruc-
ture dynamics. To overcome these limitations, the approach proposed 
in this paper integrates heterogeneous graph modeling with aggregate 
computing to provide collective context and adopts a multi-agent deep 
Q-learning framework to jointly optimize latency, energy, and cost in 
dynamic cloud–edge environments. 
4 
2.4. The challenge of collective offloading

The convergence of CAS and edge-cloud computing introduces sig-
nificant challenges for task offloading. Existing offloading strategies, 
which are predominantly designed for independent tasks under cen-
tralized control [3,11,25–28], are ill-suited for the complex dynamics 
of CAS. Three key challenges arise in this context:

• The scale, resource constraints, and real-time needs of CAS de-
mand decentralized and dynamic task allocation. Agents must 
make adaptive offloading decisions based on local and neighbor-
ing information, as static, predetermined schemes quickly become 
suboptimal. This requires lightweight, distributed algorithms that 
can handle partial offloading, where only a subset of tasks is 
moved.

• Offloading decisions cannot depend solely on an agent’s individ-
ual state. They must account for collective dynamics, such as 
network congestion or aggregated server load, which are emer-
gent properties of the system. An effective strategy must therefore 
capture and leverage this collective context to make informed 
decisions.

• Offloading in CAS is inherently a multi-objective problem, re-
quiring a balance between conflicting goals like minimizing en-
ergy consumption, latency, and monetary cost. Addressing these 
trade-offs in a decentralized manner, while accounting for collec-
tive dynamics, presents a significant challenge.

This gap motivates our work, which addresses partial, workflow-
based offloading with decentralized, multi-objective decision-making 
over a multi-hop infrastructure—one of the least-studied scenarios [29].

3. Problem statement

Following the challenges identified in Section 2.4, and the ba-
sic approach of system model introduced in [21], we describe the 
problem of collective component offloading in cloud–edge comput-
ing systems. First, we present the macro-behavior model that lever-
ages device neighborhoods and self-organizing principles to enable 
distributed component deployment, supporting partial offloading of 
workflow-based tasks. Based on this model, we formulate the collective 
component offloading problem in cloud–edge systems as a multi-agent 
reinforcement learning task. Here, agents represent system devices that 
make offloading decisions by considering both local observations and 
collective information while optimizing multiple objectives.

3.1. System model

We introduce a system model that decomposes applications into 
macro-components organized as directed acyclic graphs, enabling par-
tial offloading where components can be selectively migrated across 
the infrastructure. The key innovation lies in supporting both local
and collective components while maintaining self-stabilizing proper-
ties [68] regardless of deployment decisions: (1) a macroprogramming 
model that structures applications as interconnected components with 
defined ports and bindings; (2) an infrastructural model distinguish-
ing between application devices that execute the macroprogram and 
infrastructural devices that provide offloading resources; and (3) a
deployment model that maps component instances to execution devices 
via owner–surrogate relationships.

Table  1 summarizes the notation used throughout this section.
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Table 1
Symbols used to describe the system model.
 Symbol Description  
 𝙼𝙿 Application logic specification defined as a directed acyclic 

graph of components.
 

 𝙲 Minimal unit of computation representing a self-contained 
piece of possibly collective application logic.

 

 𝙲 Set of components in the macro-program 𝙼𝙿.  
 𝙱 Specifies the connection between components via their 

input and output ports.
 

 𝙱 Set of bindings in the macro-program 𝙼𝙿.  
 𝚙 Characterizing element of each component 𝙲 where 

values are produced or received.
 

 𝚙 Set of ports in the macro-program 𝙼𝙿.  
 𝛿 Device available in the system.  
 𝐃𝑃 Set of interconnected physical devices defining all the 

available devices in the infrastructure.
 

 𝑃 Set defining the physical neighborhood relationship 
between physical devices.

 

 𝐃𝐼 Set of infrastructural devices available in the system.  
 𝐃 Set of interconnected logical devices defining the logical 

view of the system.
 

 𝙲𝑗𝑖 Instance of component 𝙲𝑖 in device 𝛿𝑗 .  

3.1.1. Macroprogramming model
Macro-program as a DAG of components. The application logic is spec-
ified as a directed acyclic graph (DAG) of components, captured by a 
single macroprogram 𝙼𝙿. The macroprogram is of the form: (𝙲, 𝙱), where 
𝙲 is the set of components and 𝙱 is the set of bindings. A component 𝙲
is the fundamental unit of collective computation representing a self-
contained piece of application logic. Can be seen as a function taking a 
(possibly empty) set of inputs and producing a single value as output.

Values produced or received by a component are exchanged through
ports 𝚙, which are defining elements of each component. A binding
𝙱 is of the form: component(𝚙, 𝙲, 𝚙), specifies that the component 𝙲
has a list of input ports 𝚙, and an output port 𝚙. When the same 
port is used in different bindings, multiple components are connected 
through that port. For instance, the binding component(⟨𝚙𝟶⟩, 𝙲𝟷, 𝚙𝟷) and 
component(⟨𝚙𝟷⟩, 𝙲𝟸, 𝚙𝟸) specifies that the output of 𝙲1 is connected to 
the input of 𝙲2.

A macroprogram 𝙼𝙿 is said well-formed if: (i) different components 
have different output ports; (ii) each input port of a downstream compo-
nent is connected to the output port of some upstream component; (iii) 
the transitive closure of input-to-output connections is acyclic. Input 
and output ports not connected to any components are defined global
ports of the macroprogram 𝙼𝙿.
Collective and local components. We distinguish between collective and
local components (Fig.  2). A component is said collective (thick border 
square in Fig.  2(a)) if the execution of one of its instance requires 
the interaction with other neighbor instances of the same component. 
Conversely, it is said local (thin border square in Fig.  2(b)) if the 
execution is just a transformation of local inputs to the local output.

For instance a component ‘‘taking the temperature and return a 
boolean holding true if it is above a certain threshold’’ is a pure local 
component, while a component ‘‘taking the temperature and returning a 
boolean holding true only if the temperature is above a certain threshold in 
an area of 200 m in the last hours’’ is a collective component since it 
requires the interaction with neighbor devices to detect a distributed 
situation over time.
Components interaction. Components instance interaction occurs at two 
levels: inter-component interaction and intra-component interaction. The 
former occurs when a component instance—instantiated in a device—
gets inputs from an upstream components instances associated to the 
same device. The latter occurs when given a component instance 𝙲
associated to a device, it exchanges information with the 𝙲 instances 
associated to its neighbor devices.
5 
In other words, the inter-component interaction occurs between the 
components instances in the same device, while the intra-component
interaction occurs between the components instances of the same com-
ponent in neighbor devices. Fig.  2 depicts the intra-component inter-
action for the collective component 𝙲2 (depicted in Fig.  2(a)), and the
inter-component interaction for the local component 𝙲1 (depicted in Fig. 
2(b)).

Inputs, output and state. When a component instance is executed (i.e., a
round is performed), it yields a new state 𝜃 containing—among other 
things—the computation output 𝚟. The collective nature of the compo-
nent can be implemented in several ways, as follows we leverage the 
aggregate computing approach [22] to describe the collective execution 
of the component. The collective behavior is implemented by making 
the component instance of a certain component 𝙲 instantiated on a 
certain device executes against:

1. its state 𝜃 computed in the previous round;
2. the inputs 𝚟 received from upstream components located in the 
same device;

3. (if any) the sensors’ state of the device; and
4. the states 𝜃 of 𝙲 instances located in the neighbor devices.

Note that the fourth element (i.e., the shared state with neighbor 
devices) is not available for local components.

3.1.2. Infrastructural and device model
Physical system. The physical system consists of a network of physical 
devices 𝛿 ∈ 𝐃𝑃  interconnected with each other. Assuming they can ex-
change messages in a peer-to-peer fashion, without a central controller. 
The communications occur in a reflexive and symmetric way, based on
physical neighborhood relationships 𝑃 , where (𝛿, 𝛿′) ∈ 𝑃  represents 
that the device 𝛿 and 𝛿′ can exchange messages. The network on the 
left, depicted in Fig.  3 shows an example of a physical system composed 
of devices interconnected in a peer-to-peer fashion, determining our
physical system model.
Application devices. Given a macroprogram 𝙼𝙿, it is assumed to be col-
lectively executed by a subset of the physical devices 𝐃, which we call
application devices. The network in the middle, depicted in Fig.  3, shows 
an example of a physical system where some devices are application 
devices. The application devices define a neighborhood relationship 
which is a subset of the physical neighborhood relationship 𝑃 .

Infrastructural devices. We define additional devices that we call in-
frastructural devices 𝐃𝐼 ⊆ 𝐃𝑃  of physical devices, that can host the 
computation on behalf of some (zero or many) application devices. The 
network on the right, depicted in Fig.  3, shows an example of a physical 
system where some devices are infrastructural devices. We assume 𝐃 and 
𝐃𝐼  to be fixed and known in advance, so that 𝐃 ∪ 𝐃𝐼 = 𝐃𝑃 , and the 
physical network topology 𝑃  (and consequently  ) may change over 
time, because of node mobility.

3.1.3. Application and deployment model
Device–component relationship. Given a macroprogram 𝙼𝙿, and a set 𝐃
of application devices on which the macro-program will be executed, 
the overall system will run a component instance 𝙲𝑖𝑗 for each pair 
of component 𝙲𝑖 and device 𝛿𝑗 (belonging to 𝐃). We call owner of a 
component instance 𝙲𝑖𝑗 the device 𝛿𝑗 , namely the device on which the 
component instance is intended to be executed. However, there may be 
situations preventing the execution of the component instance on the
owner device, requiring to ‘‘offload’’ the execution of the component 
instance to an infrastructural device. This can be caused by the lack 
of proper capabilities of the device (e.g., memory, processing power), 
or simply because it is more convenient to execute the component 
elsewhere.

When a component is offloaded to an infrastructural device, that 
device is called surrogate since it acts as the owner of the component in-
stance 𝙲𝑗𝑖 . Different components of the same device 𝛿 may be offloaded 
to different infrastructural devices.
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Fig. 2. Graphical representation of collective and local components in the proposed system model.
Fig. 3.  Example of the macroprogramming model composed of devices interconnected in a peer-to-peer fashion (left), where some devices are application devices
(middle), and some devices are infrastructural devices (right).
Offloading resilience. Given the round-based execution model of each 
component instance, the eventual behavior of the system is always 
guaranteed to be self-stabilizing, as discussed in [21]. This property 
holds regardless of the deployment decisions made for each component 
instance, meaning that no matter where each component instance is 
executed (either on the owner device or on a surrogate infrastruc-
tural device), the overall system will eventually converge to a correct 
behavior.

From an offloading perspective, this means we can transparently 
offload any component instance to any infrastructural device, without 
worrying about any constraints when we model an offloading strategy. 
This property greatly simplifies the offloading problem, as we do not 
need to consider any constraint when deciding where to offload a 
component instance. Nevertheless, taking into account the components 
dependencies and the infrastructure conditions can improve the non-
functional properties of the system (e.g., latency, energy consumption, 
monetary cost), while functional correctness is always guaranteed by 
construction. 

3.2. Crowd steering real world example

We consider the Crowd Steering application presented in
Section 2.2.1, and how it can be modeled using the system model 
introduced in Section 3.1. Such modeling will be useful to better 
understand the offloading problem presented in the next sections.

For the sake of clarity, we consider a simple infrastructure composed 
of a set of application devices 𝐃, defined by the smart devices carried by 
6 
the users participating in the event, and a set of infrastructural devices
𝐃𝐼 , defined by some edge servers deployed close to the event. To keep 
the example simple, we consider the 𝐃 set and the 𝐃𝐼  set to be disjoint, 
meaning that no infrastructural device is also an application device.

Topologically, the 𝑃  relationship is defined by the wireless com-
munication capabilities of each device, e.g., Bluetooth connectivity to 
interconnect user devices, and Wi-Fi or 5G connectivity to interconnect 
user devices with edge servers. In this scenario, the   relationship is 
defined by the Bluetooth connectivity only, as a dynamic peer-to-peer 
network among user devices; while all the user devices are connected 
to the closest edge servers via Wi-Fi or 5G. 

The macroprogram can be defined as the interaction between four 
components:

• Position sensor 𝙲𝜎 defining the component responsible for acquir-
ing the device location; this component is local since it does not 
require interaction with other devices;

• Density estimator 𝙲𝜌 defining the component responsible for com-
puting the local density of the crowd; this component is collective
since it requires the interaction with neighbor devices to define a 
distributed collective data structure;

• Route planner 𝙲𝜅 defining the component responsible to compute 
the route towards the safe zone; also this component is collective
since it requires a global view of the system to compute the best 
route; and

• Navigation system 𝙲𝛼 defining the component responsible for in-
terpreting the route and providing the user with the proper 
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guidance; this component is local since no neighbor interaction 
is required.

In this application, the Position sensor acquires, for each application 
device, the current position via a local sensor (e.g., GPS or UWB). 
The output of this component, expressed with the port 𝚙𝜎 , it is then 
used by the Density estimator to compute the density estimation of the 
crowd. This component is collective since the density estimation is 
computed by a global perspective, requiring the continuous interaction 
with neighbor devices. Then, based on the information provided by the
Density estimator and the Position sensor, namely the ports 𝚙𝜌 and 𝚙𝜎 , the
Route planner computes the best route towards the safe zone producing 
as output the route that should be followed by the user. Finally, this 
output, made available through the port 𝚙𝜅 , is taken by the Navigation 
system to provide the user with the proper guidance towards the safe 
zone.

Thanks to the partitioning of the application logic into components, 
the macroprogram 𝙼𝙿 can be deployed on the available devices, ex-
ploiting the infrastructural devices to offload the computation when 
needed. In particular, in a ‘‘steady’’ condition of the system, namely 
when no significant crowd or emergency conditions are present, the 
computation of the Density estimator (𝙲𝜌) and the Route planner (𝙲𝜅) 
can be offloaded to the infrastructural devices 𝐃𝐼  (i.e., edge servers), 
reducing the load on the application devices and ensuring a longer 
battery life. Conversely, whenever a critical situation arises, and a sig-
nificant crowd density is detected, to promptly react to the emergency, 
all the computation is performed on the application devices 𝐃 (i.e., user 
devices), ensuring a faster reaction time and a more responsive system.

The Fig.  4 shows a (simplified) deployment of this system in the 
two conditions: steady (Fig.  4(a)) and emergency (Fig.  4(b)).  The 
solid circles represent the application devices 𝐃, while the dashed 
circles represent the infrastructural devices 𝐃𝐼 . The dashed lines to-
wards the infrastructural devices represent the Wi-Fi/5G connections, 
while the solid lines among application devices represent the Bluetooth 
connections. 

3.3. Problem formulation

Given the system model detailed in this section, our goal is to devise 
a decentralized offloading strategy that optimizes system performance 
across several objectives (e.g., energy consumption, latency, reliabil-
ity) while respecting individual device constraints and the collective 
dynamics of the system. This strategy defines a mapping between the 
components of the macroprogram 𝙼𝙿 and the devices in the system. 
Specifically, this mapping is a function from the set of components 𝙲
to the set of devices 𝐃𝑂 = 𝐃𝐼 ∪ {𝛿𝑗} where 𝛿𝑗 is the current device 
in which the policy is executed. Each application device may locally 
observe several following features like battery level of each application 
device (𝐃), management cost of each infrastructural device (𝐃𝐼 ), and 
the output of its hosted components instances. Notably, not all the 
information described above may be available to the application device, 
like the management costs. They are eventually gathered from the 
neighboring devices and the connected infrastructural devices. There-
fore, from a static point-of-view, the overall system state is represented 
as a heterogeneous graph 𝐺𝑡 = (𝑉𝑡, 𝐸𝑡) at time 𝑡 as follows:

• 𝑉𝑡: the set of nodes, representing application devices 𝐃 and in-
frastructure devices 𝐃𝐼 . Each node 𝑣 ∈ 𝑉𝑡, representing a device 
𝛿 ∈ 𝐃𝑃 , has a type 𝜙(𝑣) ∈ {𝐃,𝐃𝐼}.

• 𝐸𝑡: the set of edges, representing the communication links be-
tween devices. Each edge 𝑒 ∈ 𝐸𝑡 has a type 𝜓(𝑒) ∈ {𝐃𝐼 −𝐃𝐼 ,𝐃𝐼 −
𝐃,𝐃 − 𝐃𝐼 ,𝐃 − 𝐃}.

Each application device 𝛿 ∈ 𝐃 has an associated observation 𝑜𝛿,𝑡
which incorporates both individual and collective information; such 
associated observation comprises:
7 
Fig. 4. Crowd steering application deployment in two conditions. Application 
devices: solid circles; infrastructural devices: dashed circles.

• 𝑖𝛿,𝑡: the local information of device 𝛿 at time 𝑡, including features 
like battery level and CPU utilization.

• 𝙲𝑝,𝛿 : the percentage of the components 𝙲𝑝 executed locally on 
device 𝛿.

• 𝑁𝛿,𝑡: information from neighboring application devices and con-
nected infrastructure devices computed used the information from 
the heterogeneous graph 𝐺𝑡 and following the edge type device-
infrastructural and device–device. This may include the battery 
level of neighboring devices, the cost of the infrastructural de-
vices, and the output of the hosted component instances.

• 𝑐𝛿,𝑡: the collective system state at time 𝑡 perceived locally by 𝛿, 
derived using aggregate computing, which might capture global 
aspects like network congestion or average server load. Formally, 
it is composed of the output of the macroprogram 𝙼𝙿, namely the 
output of the components 𝙲.

Therefore, the observation for device 𝛿 at time 𝑡 is defined as 𝑜𝛿,𝑡 =
(𝑖𝛿,𝑡, 𝙲𝑝,𝛿 , 𝑁𝛿,𝑡, 𝑐𝑡).

To elaborate the dynamics of the system, we formulate this problem 
within a SwarMDP framework modeling the system as a collective 
agent composed of individual devices. This SwarMDP is defined by the 
tuple ⟨A, ⟩, where A represents a prototypical swarming agent and 
represents the environment. The agent A is characterized by:

• : the global state space, representing the system-wide state 
(i.e., the heterogeneous graph 𝐺 ).
𝑡
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• : the set of environment observations available to the agent 
(i.e., 𝑜𝛿,𝑡 for each device 𝛿).

• : the set of actions the agent can perform.
•  ∶  → R: the reward function, mapping observations to a 
numerical reward.

• 𝜋 ∶  → : the agent’s policy, mapping observations to actions.

The environment  is characterized by:

• 𝑃 : the number of agents (devices) in the system.
•  ∶ 𝑃 ×𝑃 → 𝑃 ×R𝑃 : the global transition function, mapping 
the current joint state and joint action to a tuple containing the 
next joint state and a vector of per-agent rewards.

• 𝛷 ∶ 𝑃 → 𝑃 : the observation function, mapping the global state 
to individual agent observations.

The SwarMDP dynamics are governed by:
𝑜𝑡 = 𝛷(𝑠𝑡), 𝑎𝑡 = 𝜋(𝑜𝑡), (𝑠𝑡+1, 𝑟𝑡) =  (𝑠𝑡, 𝑎𝑡)

At time 𝑡, agents observe 𝑜𝑡 = (𝑜1,𝑡,… , 𝑜𝑃 ,𝑡), select actions 𝑎𝑡 according 
to policy 𝜋, and the environment transitions to state 𝑠𝑡+1 with rewards 
𝑟𝑡. The optimal policy 𝜋∗ maximizes the expected cumulative reward:

𝜋∗ = argmax 
𝜋

E

[ ∞
∑

𝑡=0
𝛾 𝑡𝑟𝑡

]

where 𝛾 is the discount factor.
In our case, 𝑃 = |𝐃| agents comprise the system. The action space 

 encompasses all possible offloading decisions for each component 
instance. Formally, it maps each component instance 𝙲𝑗 to a device 𝛿𝑘:

 = {𝙲𝑗 ↦ 𝛿𝑘 ∣ 𝙲𝑗 ∈ 𝙲, 𝛿𝑘 ∈ 𝐃𝑂}

The cardinality of  is |𝙲| ⋅ |𝐃𝑂|. The reward function  is application-
dependent. Here, we employ a multi-objective approach, try to balance 
several objectives, such as energy consumption and system-wide cost. 
Among the possible objectives, we consider a standard linear com-
bination of the objectives. Formally, given a set of reward functions 
𝑖 ∶  → R, we define the multi-objective reward function as:

(𝑜) =
𝑛
∑

𝑖=1
𝜆𝑖𝑖(𝑜) where

𝑛
∑

𝑖=1
𝜆𝑖 = 1

where 𝜆𝑖 are the weights of the objectives.

4. Proposed approach

To address the collective component offloading problem formu-
lated in Section 3, we introduce the Informed Deep Hetero Graph
Q-Learning (IDHGQL) framework. This approach finds a decentralized 
offloading policy that optimizes multiple objectives by leveraging the 
structural and collective properties of the edge-cloud environment. The 
framework, depicted in Fig.  5, integrates: a HeteroGNN to represent 
agent policies and process heterogeneous graph structures; aggregate 
computing to enrich observations with collective state information 
(𝑐𝛿,𝑡); and a multi-agent DQL algorithm with centralized graph replay 
buffer for stable training. The following subsections detail each of these 
components.

4.1. HeteroGNN for Q-function approximation

We employ a HeteroGNN as our deep Q-network to approximate 
the action-value function 𝑄 in the SwarMDP formulation. This choice 
is motivated by three key advantages:

• Structural Awareness: the system state is naturally represented 
as a heterogeneous graph 𝐺𝑡. A HeteroGNN can directly operate 
on this graph, capturing the complex topological dependencies 
between application devices, edge servers, and cloud servers.
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• Handling Heterogeneity: the HeteroGNN architecture uses type-
specific transformations for different node types (e.g., 𝐃, 𝐃𝐼 ) and 
edge types (e.g., 𝐃 − 𝐃, 𝐃 − 𝐃𝐼 ). This allows the model to learn 
distinct representations and interaction patterns for each kind 
of entity in the system, which is essential for making nuanced 
offloading decisions.

• Decentralized Execution: although trained with access to the 
global graph, a trained HeteroGNN can be executed in a decen-
tralized manner. Each device computes its own embedding (and 
subsequent Q-values) by passing messages only with its direct 
neighbors. This aligns perfectly with the operational constraints 
of a distributed edge-cloud system.

The HeteroGNN takes the feature-augmented graph 𝐺𝑡 as input and pro-
duces Q-values for all possible offloading actions for each application 
device. The action with the highest Q-value is then selected by the pol-
icy. More details on the HeteroGNN architecture and message-passing 
formulation follow.

4.1.1. HeteroGNN architecture and message-passing formulation
We now formally describe how the heterogeneous graph structure 

is processed to compute Q-values for offloading decisions (See Fig.  6).
Handling heterogeneous feature spaces. Application devices and infras-
tructural devices have different feature spaces (e.g., 𝐱𝐃𝑣 ∈ R𝑑𝐃  including 
battery level, local CPU usage, and collective density; 𝐱𝐃𝐼𝑢 ∈ R𝑑𝐃𝐼
including cost, available capacity, and latency parameters). To han-
dle this heterogeneity, we adopt a practical approach: we define a 
homogeneous Graph Attention Network (GAT) [69] and automati-
cally convert it into a heterogeneous architecture. This conversion
replicates the message-passing operators for each edge type, creating 
separate weight matrices that learn type-specific transformations. Cru-
cially, while input dimensions vary across node types and are inferred 
lazily at runtime, all replicated operators project their outputs into a
shared hidden space of dimension ℎ. This common embedding space en-
ables the aggregation of messages from different edge types and ensures 
that node representations remain compatible across the heterogeneous 
graph structure.
Edge-type-specific message passing. Following the heterogeneous message-
passing paradigm [70], the replicated GAT layers compute messages 
differently for each edge type 𝜏 ∈ 𝛹 , where 𝛹 = {𝜓(𝑒) ∣ 𝑒 ∈ 𝐸𝑡} denotes 
the set of all edge types in the graph, while operating within the shared ℎ-
dimensional embedding space. For a node 𝑣 with neighbors  𝜏

𝑣  connected 
via edge type 𝜏, the message from neighbor 𝑢 to 𝑣 is computed as: 
𝐦𝜏
𝑢→𝑣 = 𝛼𝜏𝑢𝑣 ⋅

(

𝐖𝜏 ⋅ 𝐡(𝓁)𝑢
)

(1)

where 𝐖𝜏 ∈ Rℎ×ℎ is an edge-type-specific weight matrix, and 𝛼𝜏𝑢𝑣
is a learned attention coefficient that weighs the importance of each 
neighbor. The attention mechanism considers both node embeddings 
and edge features 𝐞𝑢𝑣 (e.g., communication latency), allowing the model 
to learn how structural properties influence message importance during 
aggregation.

Heterogeneous neighborhood aggregation. For each node 𝑣, messages 
from all edge types are aggregated to form the updated node embed-
ding: 

𝐡(𝓁+1)𝑣 = 𝜎
⎛

⎜

⎜

⎝

∑

𝜏∈𝛹

∑

𝑢∈ 𝜏
𝑣

𝐦𝜏
𝑢→𝑣

⎞

⎟

⎟

⎠

(2)

where 𝜎 is a non-linear activation function. This aggregation scheme 
replicates the message-passing operations for each edge type and com-
bines incoming messages. Consequently, the embedding of an applica-
tion device node incorporates: (i) information from neighboring appli-
cation devices (via 𝐃-𝐃 edges), capturing local collective phenomena; 
and (ii) information from connected infrastructural devices (via 𝐃-𝐃𝐼
edges), capturing offloading target characteristics such as cost and 
capacity.
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Fig. 5.  An overview of the proposed IDHGQL framework. The system state is modeled as a heterogeneous graph, which is enriched with a collective perception 
computed via aggregate computing. This informed graph representation serves as the input to a HeteroGNN-based reinforcement learning agent, which learns a 
decentralized policy to determine the optimal offloading strategy for each component instance.
Fig. 6. Conceptual HeteroGNN architecture for Q-function approximation in 
our offloading problem.

Q-value computation. After 𝐿 message-passing layers, the final node 
embeddings 𝐡(𝐿)𝑣  encode both local features and neighborhood context. 
For application device nodes 𝑣 ∈ 𝐃, we compute Q-values for all 
possible offloading actions through a multi-layer perceptron (MLP) with 
𝑀 layers (allowing 𝑀 ≥ 2):

𝐳(0)𝑣 = 𝐡(𝐿)𝑣 ,

𝐳(𝑙)𝑣 = 𝜎(𝑙)
(

𝐖(𝑙)𝐳(𝑙−1)𝑣 + 𝐛(𝑙)
)

, 𝑙 = 1,… ,𝑀 − 1,

𝐐𝑣 = 𝐖(𝑀)𝐳(𝑀−1)
𝑣 + 𝐛(𝑀) ∈ R||,

where 𝐖(𝑙) and 𝐛(𝑙) are the weight matrix and bias of layer 𝑙, and 𝜎(𝑙) is 
the (optional) non-linear activation for layer 𝑙 (e.g., ReLU). The optimal 
action for device 𝑣 is selected as 𝑎∗𝑣 = argmax𝑎𝐐𝑣[𝑎].

Critically, Q-values are computed only for application device nodes, 
as these are the agents making offloading decisions. Infrastructural 
device nodes serve as information sources during message passing, 
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providing features about offloading targets that influence the Q-value 
computation for application devices. 

4.2. Collective information integration via aggregate computing

A key challenge in CASs is enabling individual agents to act on 
collective intelligence. Relying solely on the raw graph structure for 
this can be inefficient, as information must propagate through many 
message-passing layers. To address this, we ‘‘inform’’ the learning 
process by directly embedding a high-level summary of the collective 
state into each agent’s observation.

We achieve this using aggregate computing. Before each decision 
step, an aggregate program runs across the devices. This program 
computes a distributed data structure—a computational field—that 
represents a specific collective property. For instance, in the crowd 
steering scenario, an aggregate program computes the collective device 
density, which serves as a proxy for potential network congestion. 
From an operational perspective, the aggregate computation executes 
in asynchronous rounds (following our system model in Section 3.1): 
each device periodically (i) gathers the most recent messages from its 
neighbors; (ii) runs the aggregate program locally using this informa-
tion and its own state; and (iii) broadcasts the resulting value to its 
neighbors. For a comprehensive formal treatment of aggregate comput-
ing and its operational semantics, we refer the interested reader to [54]. 
This round frequency is a tunable parameter—it can match the learning 
decision rate, or it can run at a higher frequency to provide fresher 
collective estimates before each offloading decision. Regarding commu-
nication delays, aggregate computing is inherently self-stabilizing [54]: 
even when messages arrive late or are temporarily lost, the com-
putation continuously re-executes and converges toward the correct 
global result, so transient inconsistencies are naturally absorbed with-
out requiring explicit synchronization barriers. Finally, the per-round 
computational cost is 𝑂(|𝑁𝛿|)—linear in the neighborhood size—since 
each device only processes data from its direct neighbors, making 
this approach lightweight and practical for resource-constrained edge 
devices. 

The output of this aggregate program, 𝑐𝛿,𝑡, is then appended to the 
feature vector of the corresponding device 𝛿 in the graph 𝐺𝑡. This 
enriched observation, 𝑜𝛿,𝑡 = (𝑖𝛿,𝑡, 𝙲𝑝,𝛿 , 𝑁𝛿,𝑡, 𝑐𝛿,𝑡), provides the HeteroGNN 
with immediate access to both low-level local state and high-level 
collective context.

Compared to relying solely on deep message passing to capture 
collective phenomena, aggregate computing offers distinct advantages. 
Capturing global properties like device density through GNNs alone 
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would require 𝑂(𝐷) message-passing layers (where 𝐷 is the network di-
ameter), whereas aggregate programs achieve this through self-
stabilizing asynchronous rounds with guaranteed convergence even 
under message delays. Moreover, aggregate programs provide inter-
pretable, domain-specific features (e.g., congestion gradients, resource 
hotspots) that complement the HeteroGNN’s learned representations, 
allowing the model to focus on learning optimal decision policies—
such as executing locally in high-density areas to avoid latency, even 
when battery levels would otherwise favor offloading—rather than dis-
covering collective properties from scratch. This integration accelerates 
learning and leads to more robust, context-aware offloading strategies. 

4.3. The Informed Deep Hetero Graph Q-Learning (IDHGQL) algorithm

The IDHGQL algorithm integrates the HeteroGNN policy network 
and the aggregate computing state enrichment into a coherent learning 
procedure. It adapts the core principles of DQL, including experience 
replay and the use of a target network, to our multi-agent, graph-based 
problem.

The algorithm follows a centralized training and decentralized exe-
cution pattern. During training, the algorithm has access to the global 
graph state and can sample transitions from the centralized replay 
buffer to learn optimal policies. However, during execution, each de-
vice makes offloading decisions independently using only its local ob-
servation and neighborhood information, enabling fully decentralized 
operation without requiring a central coordinator.

The key components of the algorithm, detailed in Algorithm 1, are 
as follows:

1. Initialization: the algorithm begins by initializing the Q-
network 𝜃 and the target network 𝜃− with identical weights. A 
graph replay buffer  is also initialized. This buffer is designed 
to store entire graph transitions (𝐺𝑜, 𝑎𝑡, 𝐺𝑟, 𝐺′

𝑜), where 𝐺𝑜 is the 
observed graph state, 𝑎𝑡 is the joint action, 𝐺𝑟 is the graph of 
rewards, and 𝐺′

𝑜 is the next graph state.
2. Action Selection: at each timestep, the current graph state 𝐺
is first enriched with the collective state 𝑐𝑡 computed by the 
aggregate function 𝐴𝑔𝑔 (Line 3). Then, for each device, an action 
is selected using an 𝜖-greedy strategy (Lines 4–11). With proba-
bility 𝜖, a random action is chosen for exploration; otherwise, the 
action with the maximum Q-value, as predicted by the current 
HeteroGNN network 𝜃, is selected.

3. Experience Storage: the joint action 𝑎𝑡 is executed in the envi-
ronment, yielding a reward for each device and the next state 
graph 𝐺′

𝑜. This complete transition tuple is stored in the graph 
replay buffer  (Line 14).

4. Model Training: a mini-batch of transitions is sampled from 
(Line 15). For each transition in the batch, the target Q-value, 
𝑦𝛿 , is calculated using the reward and the maximum Q-value 
for the next state, as estimated by the stable target network 𝜃−
(Line 17). The loss is then computed as the mean squared error 
between this target value and the Q-value predicted by the main 
network 𝜃 (Line 18). The main network’s weights are updated via 
gradient descent to minimize this loss (Line 20).

5. Target Network Update: periodically, the weights of the target 
network 𝜃− are updated with the weights from the main network 
𝜃 to maintain training stability (Line 21).

5. Experimental evaluation

To validate our proposed IDHGQL framework, we conduct a series 
of experiments designed to answer our research question (RQ, Section 
1). Specifically, our evaluation aims to: (i) assess the framework’s 
ability to learn effective multi-objective offloading policies that bal-
ance individual device constraints (battery) and system-wide objectives 
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Algorithm 1 Informed Deep Hetero Graph Q-Learning (IDHGQL)
Require: Environment 𝐸, graph replay buffer , target network 𝜃−, 

current network 𝜃, exploration rate 𝜖, aggregate function 𝐴𝑔𝑔
Ensure: Trained IDHGQL model 𝜃
1: Initialize  with random transitions, 𝜃 with random weights, 𝜃− ←
𝜃

2: while not done do
3:  Observe current graph state 𝐺𝑜 and compute collective 
enrichment 𝑐𝑡 = 𝐴𝑔𝑔(𝐺𝑜)

4:  for each device 𝛿 ∈ 𝐃 do
5:  Obtain device state 𝑜𝛿,𝑡
6:  if random() < 𝜖 then
7:  Select random action 𝑎𝛿,𝑡
8:  else
9:  Compute Q-values: 𝐺𝑞 = 𝑄(𝐺𝑜; 𝜃)
10:  Select action: 𝑎𝛿,𝑡 = argmax𝑎 𝐺𝑞[𝛿](𝑎)
11:  end if
12:  end for
13:  Execute joint action set 𝑎𝑡 = {𝑎𝛿,𝑡 ∣ 𝛿 ∈ 𝐃} in 𝐸
14:  Observe per-device rewards (reward graph) 𝐺𝑟 and next graph 

state 𝐺′
𝑜

15:  Store transition (𝐺𝑜, 𝑎𝑡, 𝐺𝑟, 𝐺′
𝑜) in 

16:  Sample mini-batch {(𝐺𝑏, 𝑎𝑏𝑡 , 𝐺𝑏𝑟 , 𝐺′𝑏)} from 
17:  for each device 𝛿 in batch do
18:  𝑦𝛿 ← 𝐺𝑏𝑟 [𝛿] + 𝛾 max𝑎′ 𝑄(𝐺′𝑏; 𝜃−)𝛿[𝑎′]
19:  𝑦̂𝛿 ← 𝑄(𝐺𝑏; 𝜃)𝛿[𝑎𝑏𝑡 [𝛿]]
20:  end for
21:  Update 𝜃 by minimizing 1

|batch| |𝐃|
∑

𝛿(𝑦𝛿 − 𝑦̂𝛿)2

22:  Every 𝐶 steps: 𝜃− ← 𝜃
23: end while

(cost, server load), and (ii) demonstrate the critical role of integrating 
collective information via aggregate computing to handle emergent 
phenomena like network congestion. The experiments are conducted 
in a simulated environment that mirrors the motivating crowd steering 
application.

5.1. Experimental setup

We use the Alchemist simulator [71] to model a system of 54 
physical devices in a 20 m × 20 m area, configured to form two 
high-density zones.  Alchemist was chosen because it supports the 
simulation of large-scale, complex networks of devices and provides 
seamless integration with macroprograms written in ScaFi, while also 
ensuring coherence with the system model underlying this work, which 
builds upon the macrocomponent pulverization approach introduced 
in [21] and originally evaluated using the same simulator.  The system 
comprises 47 application devices and 7 infrastructural devices (5 edge 
servers, 2 cloud servers). Application devices can communicate with 
others within a 20-meter range and are connected to all edge and cloud 
servers. Each simulation runs for a set number of timesteps (50 or 100), 
where each step represents one minute. Initially, all application devices 
have 100% battery, and all macroprogram components are executed 
locally.

The learning component is implemented using PyTorch [72]. The 
partitioned macroprogram and aggregate computing functionalities are 
built on a modified version of the ScaFi framework [73], enabling the 
distributed execution of application components. For full reproducibil-
ity, the complete source code is available on GitHub.2

2 https://github.com/nicolasfara/experiments-2024-taas-edge-cloud-
intelligence/

https://github.com/nicolasfara/experiments-2024-taas-edge-cloud-intelligence/
https://github.com/nicolasfara/experiments-2024-taas-edge-cloud-intelligence/
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Fig. 7.  Learning results in the sanity check scenario for edge cases. Each row represents the optimization of a single component of the reward at a time. The 
parameters 𝛼, 𝛽, and 𝛾 control the relative importance of the reward signals, corresponding respectively to battery usage, costs, and server load.
5.2. Evaluation scenarios

We design two primary experimental scenarios to systematically 
evaluate the IDHGQL framework.

5.2.1. Scenario 1: Multi-objective optimization capability
Goal. This experiment evaluates the learning process’s stability and its 
ability to find policies that balance the conflicting objectives of battery 
consumption, infrastructure cost, and edge server load.

Baselines. We compare our learning-based approach against three 
static strategies: Local Execution, where all components run on 
the application devices; Edge Offloading, where all components 
are offloaded to a random edge server; Cloud Offloading, where 
all components are offloaded to a random cloud server; and  Random 
Allocation, where at each time step each component is randomly 
allocated. 
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Fig. 8.  Trade-off between battery consumption and total costs. Higher battery 
levels require full offloading, resulting in higher costs, and vice versa.

Learning configuration. The reward function is a weighted linear com-

bination of rewards for battery preservation (𝐵), cost minimization 
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Fig. 9.  Learning results in the sanity check scenario, optimizing all three 
components of the reward simultaneously, but with different levels of impor-
tance..

(𝐶 ), and preventing edge server overload (𝐸𝑆 ):

 = 𝛼 ⋅𝐵 + 𝛽 ⋅𝐶 + 𝛾 ⋅𝐸𝑆 (s.t. 𝛼 + 𝛽 + 𝛾 = 1)

By varying the weights (𝛼, 𝛽, 𝛾), we test the agent’s ability to prioritize 
different objectives. In this scenario, the agent’s observation does not 
include collective information (𝑐𝛿,𝑡) and relies only on local state and 
the graph structure.

5.2.2. Scenario 2: Density-aware offloading with collective information
Goal. This experiment assesses the benefit of enriching the agent’s 
state with collective information. We create a scenario with varying 
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device densities, where regions of high device density induce network 
congestion and increased latency, representing a significant collective 
phenomenon.

Baseline. We use a heuristic-based strategy that offloads components 
based on a local density estimate. A device executes components locally 
if its number of neighbors within a radius 𝑠 exceeds a threshold 𝑡ℎ; 
otherwise, it offloads. This baseline highlights the challenge of setting 
such parameters optimally without a global perspective.

Learning configuration. Here, we fully leverage the IDHGQL framework. 
The agent’s state is enriched with collective information (𝑐𝛿,𝑡), specif-
ically the local device density computed via an aggregate program. 
The agent’s observation also includes local battery level, offloading 
costs, component allocation, and estimated network latency to servers. 
The reward function balances battery, cost, and latency. To prove the 
necessity of collective information, we conduct an ablation study where 
IDHGQL is trained under identical conditions but with the collective 
density information removed from the agent’s observation.

5.3. Metrics

To evaluate the performance of our proposed approach, we measure 
the following metrics:

• Battery Consumption: We measure the average percentage of 
battery remaining on application devices over time. The discharge 
model is based on the work of Grochowski et al. [74], considering 
a 4000 mAh battery, an EPI of 1 nJ/instruction, and a workload 
of 26.5M instructions per component execution.

• Local Executed Components: This metric represents the percent-
age of macroprogram components executed locally on application 
devices versus those offloaded to infrastructure.

• Infrastructural Costs: We measure the total monetary cost in-
curred from offloading. Edge servers have a fixed cost of $1.00/h 
per component instance, while cloud servers cost $10.00/h per 
instance.

5.4. Results and discussion

5.4.1. Analysis of multi-objective optimization
The baseline results in Figs.  7 and 9 establish the fundamental trade-

offs: local execution consumes the most battery but incurs no cost, 
while cloud/edge offloading preserves battery at a high monetary cost.

Fig.  7 demonstrates that IDHGQL can successfully navigate these 
trade-offs. When optimizing solely for battery (𝛼 = 1, top row), the 
agent learns to offload nearly all components, maintaining high battery 
levels at the expense of high costs. Conversely, when optimizing for 
cost (𝛽 = 1, middle row), it learns to execute everything locally, 
minimizing cost but depleting the battery. When targeting edge server 
load (𝛾 = 1, bottom row), the agent effectively avoids offloading 
to the edge, showing its ability to respond to specific infrastructure 
constraints.  Moreover, compared to the optimized parameter settings 
(Figs.  7 and 9), our approach consistently outperforms the random 
allocation baseline, demonstrating that the learning process provides 
a tangible advantage over uninformed policies. 

The Pareto front in Fig.  8 visualizes the direct, competitive relation-
ship between battery and cost optimization, confirming that the learned 
policies exist along this optimal trade-off curve. Furthermore, Fig.  9 
shows a mixed-objective case (𝛼 = 0.3, 𝛽 = 0.1, 𝛾 = 0.6) where the agent 
learns a sophisticated policy. It heavily penalizes edge offloading, re-
sulting in low edge usage, high battery, and correspondingly high costs. 
These results validate that our DQL-based approach can effectively 
learn policies for complex, multi-objective optimization problems.
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Fig. 10.  Density-based offloading strategy with different fringe values 𝑠 and threshold 𝑡ℎ. Yellow nodes execute components locally, violet nodes offload to 
edge/cloud servers.
Fig. 11.  Density-based offloading strategy using IDHGQL with aggregate computing (at the end of the learning process). Color indicates percentage of components 
executed locally. Nodes learn to execute locally in dense areas and offload in sparse areas.
5.4.2. Impact of collective information on offloading policy
This scenario directly addresses the core of our research question. 

Fig.  10 shows the limitations of the heuristic baseline; its performance 
is highly sensitive to the choice of parameters (𝑠, 𝑡ℎ), leading to 
either overestimation or underestimation of density and, consequently, 
suboptimal offloading decisions.

In contrast, Fig.  11 shows the effectiveness of the full IDHGQL 
framework. By the end of the learning process (second row), the agents 
have learned a nuanced, spatially-aware policy: devices in high-density 
areas (high congestion) learn to execute components locally to avoid 
latency, while those in sparse areas learn to offload. Devices at the 
edge of crowded zones learn to partially offload, demonstrating a 
sophisticated balancing act.

The importance of the collective information is starkly highlighted 
by the ablation study in Fig.  12. Without access to the aggregate 
density information (𝑐𝛿,𝑡), the agents are unable to learn a meaningful 
policy. They fail to differentiate their actions based on their location 
and converge to a simplistic partial offloading strategy, regardless of 
the collective context. This directly proves that integrating collective 
perception is crucial for making informed decisions in response to 
emergent system phenomena.

Finally, we test the generalization of the learned policy in a dy-
namic environment where devices move. Fig.  13 shows that when 
three devices move from a high-density to a low-density area (at time 
100), the pre-trained policy correctly adapts their behavior in real-time, 
causing them to switch from local execution to full offloading. This 
demonstrates that the policy learned by IDHGQL is not merely static 
but is robust and adaptive to dynamic changes in the system topology.

6. Limitations

While our proposed IDHGQL framework demonstrates significant 
promise in addressing the challenges of task offloading in edge-cloud 
systems, some limitations must be acknowledged:
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Reality gap. Our evaluation is conducted in a simulated environment, 
which may not capture all the nuances of real-world deployments. 
Although we strive for realism, adopting already validated consumption 
models [17,74] and network conditions, real-world data and deploy-
ments are necessary to fully validate the approach.
Dynamic environments. While our experiments include dynamic scenar-
ios like node mobility, local features changes, and varying network 
conditions (e.g., variable neighbor counts), we did not test highly dy-
namic environments such as rapid topology changes, devices frequently 
joining/leaving the network, or fluctuating workloads. Even though 
a comprehensive evaluation of such scenarios is beyond this paper’s 
scope, we are confident that our approach can handle them due to: 
(i) the inherent adaptability of reinforcement learning, which allows 
agents to continuously learn and adjust their policies based on new 
experiences, and (ii) the self-stabilizing nature of aggregate computing, 
which ensures that collective computations converge to correct values 
even under message delays or temporary inconsistencies [54].
Multi-objective reward scalarization. Our approach employs a linear 
weighted combination of objectives ((𝑜) =

∑𝑛
𝑖=1 𝜆𝑖𝑖(𝑜)), a com-

mon scalarization technique that, while interpretable, cannot capture 
non-convex Pareto regions and may be sensitive to weight config-
urations [75]. The primary focus of this work is on the IDHGQL 
architecture—combining HeteroGNNs with aggregate computing for 
collective-aware decision-making—rather than on multi-objective op-
timization methods per se. The linear scalarization serves as a straight-
forward mechanism to demonstrate the framework’s ability to balance 
competing objectives. More sophisticated approaches exist, such as 
multi-objective RL methods that directly learn Pareto-optimal poli-
cies [76], or adaptive weight schemes that adjust priorities based on 
environmental conditions. Integrating such techniques within IDHGQL 
represents a promising direction for future research. 
Preference polarization. The current framework exhibits preference po-
larization in multi-objective scenarios, where agents tend to select 
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Fig. 12.  Density-based offloading strategy using IDHGQL without collective information (ablative study). Time flows left to right. Colors indicate percentage of 
components executed locally. Without collective information, nodes fail to learn adequate policies and resort to uniform partial offloading.
Fig. 13.  Density-based offloading strategy using IDHGQL with collective information and node movements. Time flows from left to right. Each point represents 
an application node, and the color indicates the percentage of components being executed locally. It can be observed that when, at time 100, the three nodes in 
the bottom-left corner move from a dense area to a less congested one, the system is able to correctly readjust.
either cloud or edge resources exclusively rather than developing more 
nuanced, mixed strategies. This behavior may result from the ho-
mogeneous treatment of application nodes in our HeteroGNN archi-
tecture, which does not differentiate between devices with varying 
characteristics or workload patterns. Future work should explore het-
erogeneous node representations to enable more sophisticated policy 
differentiation. 

Coordination mechanisms. The framework currently lacks explicit co-
ordination mechanisms for joint component offloading, which could 
improve efficiency in scenarios requiring synchronized resource allo-
cation. Investigating coordinated offloading strategies for dependent 
components represents an important direction for future research. 

7. Conclusion

In this paper, we addressed the challenge of collective component 
offloading in edge-cloud computing systems by proposing the IDHGQL 
framework. Our approach combines HeteroGNNs with aggregate com-
puting to enable decentralized offloading decisions that account for 
both individual device constraints and emergent collective phenom-
ena. Our key contributions include: (i) a novel system model that 
supports partial offloading of workflow-based tasks through macro-
component decomposition, (ii) the integration of collective state in-
formation via aggregate computing to inform offloading decisions, (iii) 
and the IDHGQL algorithm that leverages HeteroGNNs for Q-function 
approximation in multi-agent reinforcement learning settings.

Experimental evaluation demonstrates that IDHGQL successfully 
learns multi-objective offloading policies, effectively balancing bat-
tery consumption, infrastructure costs, and server load across differ-
ent weight configurations. The framework shows particular strength 
in density-aware scenarios, where agents learn spatially-differentiated 
policies: devices in high-density areas execute components locally to 
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avoid network congestion, while those in sparse areas offload to pre-
serve battery life. The ablation study confirms that collective informa-
tion integration is crucial, as agents without aggregate computing fail 
to learn meaningful density-aware policies.

Future work should evaluate scalability in larger, more complex 
edge-cloud deployments, and extend the approach to handle time-
varying network conditions and more complex collective behaviors. 
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