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Abstract

The increasing complexity of next-generation services demands efficient orchestration across the edge-to-
cloud continuum to balance computational intensity, latency constraints, and resource availability. These
services are typically decomposed into interdependent sub-tasks, requiring careful synchronization to meet
stringent completion time requirements. The challenge is further amplified in heterogeneous and resource-
constrained edge environments, where multiple providers dynamically compete for sub-task execution. This
paper introduces a game-theoretic stochastic framework that optimizes system welfare from both users’
and providers’ perspectives, ensuring efficient task allocation across distributed computing resources. We
propose a Cumulative Distribution Function (CDF)-driven game, where edge nodes serve as intermediaries
between users and cloud/edge service providers. The framework is structured as a two-level mechanism: (i) a
matching game governing the user-to-edge node association, and (ii) a nested Vickrey-Clarke-Groves auction
selecting the optimal provider, based on a CDF-driven assessment of service completion times. To enhance
feasibility in decentralized edge computing environments, provider bids are represented as uniform CDFs,
establishing a dominance relation that mitigates strategic manipulation. We theoretically analyze cheating
strategies, showing that truthful bidding is a rational provider behavior and that the resulting user—edge
matching satisfies a suitable stability notion. Extensive simulations compare the proposed approach against a
full-knowledge-based allocation, conventional game-theoretic models, and a heuristic recently proposed in the
literature, evaluating the price of anarchy, system welfare, and outage probability. The results demonstrate
the effectiveness of our framework in achieving resilient, cost-efficient, and low-latency orchestration across
the edge-to-cloud continuum in heterogeneous edge deployments.
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The edge-to-cloud continuum has emerged as a fundamental enabler of next-generation intelligent sys-
tems. This paradigm integrates edge computing (EC) and cloud infrastructures to provide seamless, adap-
tive, and efficient processing capabilities for increasingly complex applications, including artificial intelligence
(AI)-driven services. In this ecosystem, edge nodes act as intermediaries, handling latency-sensitive and
computation-intensive tasks before offloading residual workloads to the cloud for large-scale optimization
1,2, 3,4, 5]

Among the most demanding Al-based applications, multi-modal learning, large-scale language models,
virtual and augmented reality, and autonomous systems require extensive data processing before meaningful
insights can be extracted from their embedding space [6, 7]. Unlike traditional networking scenarios where
communication delays often dominate, the processing time for generating actionable intelligence from high-
dimensional data embeddings has become the primary bottleneck.

These Al-driven services typically consist of complex workflows, where each sub-task has strict interde-
pendencies that dictate concurrency and synchronization constraints [6, 8]. A canonical example is real-time
face recognition, which comprises multiple processing steps: object acquisition, face detection, feature extrac-
tion, and classification [9, 8, 10]. In contemporary distributed architectures, each sub-task of the workflow
is typically implemented as an independent microservice under the Service-Oriented Architecture (SOA)
paradigm [11, 12]. We refer to the entity implementing a sub-task as a provider, i.e., a logical service com-
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ponent exposing the functionality of that sub-task. Edge nodes orchestrate workflow execution by selecting,
for each sub-task, the most suitable provider among those available. Service execution is then governed by
Service Level Agreements (SLAs) established between customers and providers [13, 14]. SLAs define the
expected Quality of Service (QoS) through Service Level Objectives (SLOs), while the actual performance
delivered is captured by Service Level Indicators (SLIs). These agreements define the QoS requirements,
which typically include hard or soft deadlines on service completion times. While an SLO is a predefined
benchmark that establishes expected service quality, the SLI quantifies the actual uptime and operational
effectiveness of the system, serving as a compliance measure against the agreed SLA. In dynamic edge-to-
cloud environments, where service execution is influenced by network heterogeneity, fluctuating workloads,
and resource availability, ensuring SLO adherence requires intelligent orchestration and adaptive resource
allocation strategies.

Despite the increasing reliance on distributed computing infrastructures, most existing approaches over-
simplify service orchestration, either neglecting sub-task dependencies or assuming idealized execution envi-
ronments. However, the failure to explicitly model and optimize resource-constrained task execution leads to
suboptimal performance, SLA violations, and significant operational inefficiencies [9, 8]. Optimized service
placement and workload distribution are therefore crucial to mitigating these inefficiencies while ensuring
scalability, robustness, and fairness in resource allocation.

This paper tackles the joint problem of offloading and service selection in edge-to-cloud environments,
addressing the interplay between users, edge nodes, and computational providers. In our framework, users
announce their workflows and specify SLOs through the Cumulative Distribution Function (CDF) of the end-
to-end (e2e) service completion time. Edge nodes mediate the assignment of sub-tasks to providers, which,
in turn, submit completion time bids expressed as CDFs. To enable scalable, low-complexity orchestration,
we adopt matching theory and auction mechanisms, ensuring optimal yet lightweight decision-making for
dynamic service provisioning.

Our proposed stochastic framework leverages: i) matching game to model user-edge node allocation,
capturing the interdependencies within the allocation process; ii) a nested Vickrey-Clarke-Groves (VCG)
auction for provider selection, enforcing truthful bidding strategies and discouraging manipulative behaviors.
By casting providers’ CDF bids into uniform distributions, we reduce computational overhead while enabling
safe predictability of sustainable SLOs. This transformation allows us to model the problem as a game with
partial information, ensuring adaptability to dynamic system conditions [15].

Our main contributions are summarized as follows.

e Joint formulation of offloading and service selection within an edge environment, explicitly considering
sub-task dependencies. We prove the NP-hardness of the problem and propose a game-theoretic
framework based on matching theory and auctions to ensure efficient resource utilization.

e Development of a novel low-complexity CDF-driven VCG auction for provider selection, where bids
are expressed as completion time distributions rather than fixed values. This enables predictable SLO
enforcement and mitigates provider cheating strategies.

e Comprehensive performance evaluation, comparing the proposed framework against full-knowledge
approaches and other baselines, including one decoupled optimization strategy, analyzing metrics such
as price of anarchy, system welfare, and outage probability.

This work provides a scalable, distributed, and adaptive approach to service orchestration in Al-driven edge-
to-cloud environments, ensuring low-latency, high-efficiency execution of computation-intensive workflows.

In the rest of the paper, the problem statement is detailed and the solution approach is outlined in
Section 1, and a review of related literature is presented in Section 2. The auction scheme and the matching
game are presented in Section 3 and Section 4, respectively. Performance analysis is reported in Section 5,
and conclusions are finally drawn in Section 6.



1. Problem Statement and Approach

1.1. System Model

We consider a system model with three types of participants:

e aset C ={1,...,C} of users, each requiring repeated execution of a workflow to be completed with a
required distribution F. of the e2e completion time;

e aset P ={1,..., P} of antagonistic providers, each representing, in the SOA vision, an atomic service
entity that offers the implementation of a specific sub-task composing the workflow. Each provider p
is characterized by an agreed and an actual distribution of the completion time, as observed through
repeated executions [12, 11].

e a set of resource-constrained edge nodes A = {1, ..., A} which intermediate the relation between users
and providers; to this end, each edge node a has access to a subset of available providers P, C P, and
it assumes the responsibility to select a provider for each sub-task in each workflow, to manage SLAs
on both sides towards users and providers, and to orchestrate service delivery. In this sense, edge
nodes act as computational orchestrators with logical access to service interfaces, rather than physical
co-location with provider infrastructures.

The heterogeneous computing environment considered in this work consists of a hierarchical edge infras-
tructure with nodes of varying computational capabilities. Lightweight edge devices, such as gateways or
embedded systems, primarily handle data acquisition, filtering, and pre-processing tasks under strict re-
source limitations. In contrast, micro-edge servers operate as small-scale edge data centers located in close
proximity to end users, equipped with multi-core CPUs, moderate GPU acceleration, and enhanced memory
and storage capacity. Their virtualization layer supports the deployment of containerized applications or mi-
croservices, which can be dynamically orchestrated according to workload variations and latency constraints.
Each edge node a can be selected by multiple users under the limit of a maximum resource capacity L, that
constrains the total complexity of served workflows; each sub-task can be delivered by multiple providers
with equivalent functionality but different qualities.

In this service-oriented model, each sub-task of the workflow is implemented by an independent microservice-
like entity, i.e., a provider. Providers expose the logic of a specific sub-task as a logical service interface,
while edge nodes act as orchestrators that dynamically compose these services to execute the end-to-end
workflow requested by the user. Without loss of generality, the model assumes that each user requires
a single workflow and each provider delivers a single sub-task. Multiplicity can be accommodated in the
framework by introducing multiple virtual users and providers, as also in [16]. Finally, for simplicity but
open to relaxation, each workflow is requested by a single user. Note that a multiplicity of workflows must
be repeatedly executed for a number of times sufficient to let stable statistics of service completion time
emerge.

On the one hand, the SLO in the agreement among an edge node and the provider of each sub-task s is
expressed as a CDF distribution Fy (-) identified through the VCG-inspired second-price rule presented in
Section 3, and the SLI of each sub-task is the statistics of actual completion times tp, emerging in repeated
executions. According to this, we assume that the edge node a will pay the provider selected for sub-task
s € Sareward U, s. The term Fy (tp) is the cumulative distribution function of the completion-time random
variable Y, evaluated at the observed completion time tp. The parameter K is a constant baseline term
introduced to regulate the overall reward level. For simplicity, we assume that all sub-tasks share the same
baseline parameter K. The specific choice of K will be discussed later when analyzing the incentive properties
of the mechanism in Section 3.1. The treatment can be easily extended to encompass heterogeneous baseline
parameters depending on the service type or its position within the workflow topology. Let f(-) be an
increasing function mapping QoS performance into a utility contribution. For analytical tractability, we
adopt the linear specification f(z) = . Thus, we define the provider reward as

ua,s:f(l_FY(tD))+K' (1)
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On the other hand, each user expresses its required SLO as a CDF F on the e2e workflow completion time
tg, and the SLI supplied by the selected edge node is the statistics of actual e2e completion times measured
in repeated executions of the workflow. For the edge node, the workflow execution subtends an outlay cost
for the orchestration of services and the reward of providers. We term this quantity R.. To cover the cost
R., the user pays the edge node a reward b., with b. > R, which accounts for the functional complexity of
the supplied workflow, multiplied by a factor that accounts for the delivered QoS, here expressed in terms of
the e2e time provisioned with respect to the SLO posed by user ¢. According to this, the edge node utility
is expressed as

uc,a = (1 - Fc(tE) + @) ’ (bc - RC)7 (2)

where tg is the actual e2e workflow time, and ® > 0 is an additive corrective factor to induce positive
rewards. The multiplicative structure in (2) reflects the joint dependence of the utility on both profit and
delivered QoS. The term (1 — F.(tg) + ©) acts as a QoS-related weight, modulating the economic margin
(be — R.) according to the achieved service performance. High utility is obtained only when the workflow
yields a positive margin (b, — R.) and satisfies the latency requirements, whereas poor performance in
either dimension proportionally reduces the overall utility. This formulation captures the complementarity
between efficiency and profitability and enforces a balanced incentive mechanism, preventing situations in
which one component alone dominates the utility. The computationally intensive nature of next-generation
services, particularly those based on AI and Large-Scale Data Processing, poses a significant challenge for
the edge-to-cloud continuum. If not properly optimized, computation can become the primary bottleneck in
modern applications. This shift in computational demand is further accentuated by the emergence of high-
velocity network infrastructures. Note that, in scenarios where the communication delay is non-negligible,
the e2e delay can be modeled as a two-node cascade system, where the first subsystem represents the
transmission channel and the second subsystem accounts for the computational processing. However, in
the considered edge-to-cloud continuum, we assume a well-engineered network infrastructure designed to
guarantee negligible communication latency between interacting entities.

This paper builds upon these insights, developing an optimized edge resource allocation strategy that
focuses on processing time, assuming that transmission delays are negligible. This approach allows for
an effective orchestration of Al-driven services, minimizing processing bottlenecks while ensuring seamless
system performance.

1.2. Problem Formulation

The objective of this paper is the maximization of a measure of system welfare accounting for joint rewards
of providers and edge nodes in the answer to the demand specified by users. The inherent interdependence
between user offloading and service selection requires a joint optimization approach, since the efficiency of
the offloading decision directly depends on the QoS obtained, via providers, at the selected edge node, and
conversely, the user—edge association pattern shapes the subsequent service selection dynamics. However, a
decoupled implementation is also considered in the performance analysis to quantify the impact of neglecting
such coupling and to provide a meaningful comparison baseline. The optimization problem can be expressed

as: Cc A S P
IIEI’EK( Z Z Ue,aVe,a + Z Z Rs,p0s,p; (3)

c=1a=1 p s=1p=1
s.t. 265@ <1, VseS (4)
p=1
A
Z%’a <1, VcecC (5)
a=1
C
> ReYea < Lo, Va€ A (6)
c=1



where I is the assignment matrix with 7., equal to 1 when edge node a is selected to serve user ¢, and
0 otherwise. And, similarly, A is the selection matrix with d,, equal to 1 when sub-task s is outsourced
to provider p and 0 otherwise. R, is the reward of provider p in completing sub-task s, as described in
Section 3. In the formulation, when the same sub-task belongs to more than one workflow, sub-task occur-
rences are handled as different sub-task, and a number of rows equal to the number of service occurrences
is added to A.

Constraint (4) imposes that each sub-task s can be outsourced to one and only one provider, and
constraint (5) points out that each user is assigned to at most one edge node. Eq. (6) requires that resources
allocated to the edge node a cannot exceed its maximum resource capacity L.

The formulated problem is NP-hard, as it can be reduced to the 0-1 knapsack problem [17]. Specifically,
by considering a simplified case where the reward maximization for providers is disregarded and by setting
A =1, the optimization problem reduces to maximizing the objective function max Zleu 1.1, subject

to the constraint 25:1 Reven < Ly. Given that ~y,; is binary, it is possible to map L; in the knapsack
capacity, and U* and R, as the weight and volume of the generic item, respectively, confirming the inherent
computational complexity of the original problem [17].

To avoid the complexity of the exact solution, this paper proposes a suboptimal scheme consisting of a
matching game with externalities integrated with an auction mechanism to jointly assign users to edge nodes
and outsource sub-tasks to providers. Experimental evaluation of suboptimality is developed in Section 5.

2. Related Works

Service selection for guaranteeing QoS constraints is addressed in a rich literature. Web service selection
is also addressed in [18], in presence of simultaneous composite service requests. Two simultaneous auction
algorithms have been applied to model the underlying integer linear programming problem, investigating
both the full and the partial assignment. In paper [9], a convex programming optimization algorithm has
been developed to solve the joint problem of offloading dependent tasks and service caching to minimize the
makespan within a mobile edge landscape. As in paper [9], also authors in [8] develop a dependency-aware
heuristic to solve both the offloading and the caching problems. Differently, deep learning has been applied
in [19], where a sequence-to-sequence neural network and the proximal policy optimization technique are
exploited to provide a data-driven solution to the offloading problem in presence of dependent tasks within
a cooperative vehicular network. Differently, a dependency-based clustering algorithm has been developed
in [20] to enhance the flexibility of power systems. In paper [21] the task offloading problem in vehicular
fog computing networks has been addressed proposing a federated learning supporting a deep Q-learning
technique for optimal offloading of tasks in a collaborative computing paradigm. The approach considers
both the latency and energy consumption. The problem of task offloading and scheduling in presence of
dependencies has been also addressed in [22], where dynamic collaborative networks have been studied.
In particular, a data-driven reinforcement learning approach has been adopted. Similarly, an actor-critic
algorithm has been proposed in [23] for offloading with dependent tasks. Graph neural networks have
been proposed in [24] to solve the offloading and scheduling problem. As a common trait, these works
do not consider multiple resource-constrained edge nodes or service selection. Furthermore, existing works
involving task dependencies typically apply data-driven approaches as machine learning, without providing
a quantitative analysis of the problem addressed. Moreover, the service selection problem in the case of
resource-constrained EC infrastructure with dependencies is rarely investigated. In [25], a two-stage auction
mechanism is designed to perform price discovery in the first step, and optimal bidder allocation during
the second phase. The main purpose is the buyer utility maximization, under assumptions of a competitive
market, due to the presence of multiple providers. A multi-attribute combinatorial double auction is the
focus of [26], along with the fairness and robustness. Fairness is considered through an egalitarian social
welfare metric which favors the low value bids in the long term. Robustness is provided introducing provider
reputation, in order to discourage cheating by the provider in form of false QoS guarantee. A multi-seller and
multi-buyer double-auction scheme is also proposed in [27] to properly select cloud federations, arranged to
perform service delivery. In such a scenario, the framework operates considering heterogeneous resources and



it aims at preserving features as truthfulness, individual rationality and budget balance for both the agents
involved in the auction game. Likewise, a buyer cooperative strategy is developed in [28], in which an auction
game is formulated to model the task offloading resource-demanded application problem into a mobile cloud
computing environment. The auction mechanism is designed in a distributed fashion, and its objective is
twofold: to produce a fair task allocation and to determine resource prices. Similarly, auction theory is
applied in [29], where a combinatorial auction is designed within a CC environment. Authors proposed a
time-varying optimization of system efficiency in provisioning heterogeneous virtual machines. The designed
online auction framework results computationally efficient and truthful, guaranteeing competitive social
welfare ratio for the considered scenarios.

A multiseller multibuyer double auction mechanism is developed in [30] to rule the service offloading
assignment within an edge computing landscape. The scheme proposed is movement-aware since existing
social interactions among mobile users are taken into account. An edge computing infrastructure is consid-
ered also in [31], where a multiparticipant double auction for the joint assignment of resources and pricing
between service and providers is developed.

Uncertainty about agent quality has been studied in [32], where a procurement auction is detailed, and
the agents provide estimates about quality they intend to produce. Then, agents and services are matched,
and the auctioneer observes the produced QoS and performs a payment to compensate service delivery costs.
Resource procurement in CC is addressed by authors in [14], in which a multi-parameters reverse auction is
designed to include in the bargaining process price as well as reputation and quality measurements.

While several studies have proposed auction-based mechanisms that account for e2e service-time con-
straints [26], to the best of our knowledge this is the first work to introduce a CDF-driven sub-task selection
scheme in an edge environment, explicitly considering soft-deadline constraints and antagonistic service
providers. Beyond the sub-task selection problem, the paper develops a unified stochastic framework that
jointly optimizes user—edge node association and provider selection. Specifically, we formulate a stable
matching game with externalities and integrate a nested VCG auction mechanism, ensuring strategy-proof
provider selection while capturing inter-task dependencies. This formulation introduces a principled cou-
pling between offloading and service selection through CDF-based bids, a feature that is absent in prior
work, explicitly modeling how the distributional guarantees offered by providers influence the overall sys-
tem performance. Unlike existing approaches that treat computation and service provisioning as separate
auction steps [28, 18, 27|, our framework integrates these two decisions into a unified stochastic mechanism
driven by distributional (CDF') information.

3. Auction-based Service Selection

3.1. A Low Complexity Vickrey-Clarke-Groves Auction

VCG auction is a Nobel-prize winning framework that provides mathematically tractable solutions to
the assignment problem, aiming at simultaneously considering the perspectives of opposite parties involved
in the bargaining process. VCG defines the second price auction mechanism, where the auction winner is
the bidder offering the best bid, but the winning bidder is paid the amount of the second-best bidder. In our
case, the bid is expressed in terms of the earliness that the provider can guarantee, and this is concretely
specified as a CDF of the sub-task time Fy(-). Then, the auctioneer edge node collects the bids from the
antagonist providers and elects the winner on the basis of the received CDFs.

The mechanism subtends the need to identify an order between the best and the second best bid, i.e.,
an order among CDFs, for which we consider the Pairwise-comparison dominance relation:

Definition 1. Let X, Y be independent random variables with probability density function (pdf) fx(t),
fy(t), and CDFs Fx (t), Fy(t), respectively. X and Y are in relation of Pairwise-comparison dominance,
denoted by X <Y, when Prob{X <Y} > %, i.e., when

(7)

N

/00(1 —Fy(t) - fx(t)dt >

=0



The scheme encounters various complexities: providers must be able to estimate the CDFs they claim, and
they have to transfer their values to edge nodes. To circumvent both limitations, the provider is assumed
to cast the claimed CDF into a parametric form with bounded support in a class of distributions for which
the relation of pairwise dominance =< satisfies the property of transitivity.

We assume that claimed CDFs are cast by the provider to uniform distributions. In probabilistic risk
assessment literature, the uniform distribution is commonly recommended to approximate a CDF when no
a priori information about its shape exists, and complexity needs to be reduced [33]. This is often grounded
on the Laplace’s “principle of insufficient reason” as the uniform distribution leads to the most conservative
estimation about uncertainty within a bounded support [33]. Uniform distribution is also often advocated
as an elective distribution when only the minimum and the maximum values are available [33] [34]. It is
relevant to note that restricted to the class of uniform distributions, < is transitive, which is necessary for
the designed scheme to guarantee the efficient and consistent selection of a best and a second best bid. In
turn, transitivity ensures that < becomes a total order, being transitive, reflexive, and total. This ensures
the ability to optimally select the best and the second best CDF, in compliance with Eq. (7).

In this reference, we assume that a provider, able to deliver a sub-task service with general duration X,
where GEN denotes a general service-time distribution with arbitrary shape and support contained in [a, b],
submits as bid the uniform duration X“*“@b) The extremes a and b are derived so that X “* @) is the
most competitive uniform distribution that prevents the possibility of any loss for the provider itself. This
condition is satisfied by any solution of the equation

b 1
/ (1 = Fxunitan(2)) - (@) = 3. (8)

Note that (8) can be developed by parts into

L ' F d ! 9
m /a X (z)de = 9 (9)
Also, note that given the CDF F, equation (9) determines only one of the parameters a,b that identify
the optimal cast of the CDF into a uniform bid. In the experimentation of Section 5, without loss of
generality, we assume that the cast is performed by providers, based on a specified value of the coefficient
of variation cy .

Provider CDFs received by the edge node are ranked according to pairwise stochastic dominance. Each
sub-task is then assigned to the bid that attains the minimum under this order, i.e., any bid X, satisfying
X, =X X; for all other received bids. If multiple bids are equivalent minima, the tie is broken through any
deterministic rule or, alternatively, via randomized selection (e.g., based on higher-order moments), without
affecting the subsequent analysis.

Summarizing, for each sub-task s of a workflow, the algorithm proceeds through the following steps.

1. The edge node performs sub-task auctioning to outsource sub-task exploitation.

2. Each provider competes to win sub-task delivery by proposing the minimum and maximum < a,b >
of the uniform service time distribution that it is able to offer.

3. The edge node receives bids from providers. The provider p, with the best bid, i.e., the bid X, such
that X, < X; for any other received bid, on the basis of Definition 1, is selected.

4. The winning bidder provides service and the auctioning computes the corresponding utilities consid-
ering the actual duration of the service in repeated executions and the second best bid, on the basis
of the pairwise-comparison dominance relation according to Eq. (1).

5. The edge node computes the CDF of the actual e2e time tg, i.e., F;, (tg), on the basis of the sub-task
CDFs received by providers.

As a crucial detail on step 4), the parameter K in Eq. (1) is set equal to —%, so as the expected reward for
the winner is: - )

B[R] = [ (1= Fr(t) - Iy (0t =, (10)
i
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where Fy is the CDF of the second best bid and fg is the actual pdf provided by the winning bidder, i.e.,
the SLI corresponding to the QoS effectively delivered.

3.2. VCG Consequences and Cheating Strategy

We evaluate the consequences of the designed mechanism when the assigned sub-task is repeated a
number of times sufficiently large so as to let emerge stable statistics of the observed QoS provided by
the winning bidder p,. The impact depends on the actual SLI implemented by the provider, i.e., X,, and
the SLO of the second best bid X,. If the QoS provided by the winning bidder actually satisfies the bid,
Le., fz (t) = fx,(t), then E[R,,,] € [0, 3], with a value that is as higher as the probability that the SLI

of the winner provider is lower than the SLO of the second best provider X,. Note that, by definition, the
reward R, p, is the complement to 1 of a CDF and thus belongs to [—1, 1].

The break-even condition occurs if the second best bid Y is equivalent to the best bid X,, which may
occur in a scenario of high competitiveness. In this case, [~ (1 — Fy(t)) - fy(t) - dt = 1, which implies

oo
ERuy) = [ (1= Fy(0) - fi. (0t = 5 =0 (1)
t=

On the other hand, the maximum expected reward % occurs when the second best bid Y is determinis-
tically later than the SLI of the winning provider X, which occurs when Fy (t) > 0 — Fx_(t) = 1, i.e., the
support of X, is before [35] the support of Y.

If the actual QoS provided by the winner is better than its bid, i.e., if X, < X,, then the winner improves
its advantage with respect to the second best bid Y, which will result in a higher value of E[R;p,], but
always under the maximum limit of %

Conversely, the expected reward E[R;p,] falls under 0 if the actual QoS fx (t) lowers so much it does
not dominate the second best bid Y, i.e.,

oo

| a-rm) a0 ) oo (12)

=0 t=0

In the limit case that the actual SLI X of the winner is deterministically later than that of the second
best bid Y, i.e., if Y is before X [35], then the reward of the winner becomes —%. In any case, the reward
cannot fall under —3, being [~ (1 — Fy (t)) - fx,(t)dt lower bounded by 0.

In this picture, these reward bounds also depend on the relation between the SLI that a provider can
deliver and the CDF that it can claim in the bid, which is when the mechanism of the VCG auction comes
into play. To this end, we define as rational a provider that attempts to win all and only the sub-task
outsourcings for which it can have any gain without risking any loss. In light of these assumptions, the
following Lemma can be stated.

Lemma 1. A rational provider will claim a truthful CDF, i.e., a CDF that it is able to satisfy.

Lemma 1 affirms that strategic provider behavior is discouraged. When a provider offers a CDF less
competitive than the actual SLO that it can guarantee, it does not obtain any advantage. In fact, it will
reduce the possibility to be the auction winner. Conversely, if a provider attempts to cheat by submitting
an over-optimistic CDF that reflects an unrealistically favorable completion-time distribution, two cases
may arise. (i) If the second-best bid is still worse than the realistic CDF, the cheating provider gains no
advantage, as the auction outcome remains unchanged; (ii) If instead the second-best bid is better than the
true CDF, the provider may win the auction undeservedly, but it will incur a loss because the delivered
SLI will not dominate the payment CDF. Hence, the mechanism is inherently robust to cheating attempts,
since no provider can anticipate the competitiveness of the second-best bid and any deviation from truthful
bidding exposes the bidder to negative rewards.

The interaction mechanism among edge nodes and users is characterized by parameter © of Eq. (2),
which rules the degree of compliance requested to the edge node, which in turn determines the degree of
compliance that the edge node must request to its providers:
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Behavioral Consequence (C1): The value of © represents the critical value of the proposed strategy.
Necessarily, © € [%, |, but an over-pessimistic choice about ©, i.e., © = %, may penalize the edge node
reward, since it may not cover the outlay cost employed to pay providers when sub-task is completed later
than the agreed SLO. Conversely, © = 1 represents an over-optimistic case that takes away responsibility in
selecting reliable providers from edge nodes.

The value assigned to © also rules the level of competitiveness imposed by edge modes to providers,
controlling race conditions among providers imposed by edge modes, and consequently the profit margin of
edge nodes. In particular, when © = %, the edge node is required to maintain a high level of competitiveness
among its providers for each sub-task so that the second bid CDF is close to the best one, whereas © = 1

implies soft competition conditions.

4. Matching Users with Edge Nodes

Matching theory offers a powerful framework to associate elements from two opposite sets, capturing
how each party evaluates potential partners and enabling a balanced trade-off between their preferences.
Moreover, the matching theory naturally fits a distributed system, since it involves exclusively local utility
metrics to build individual preferences. In our case, the matching game is formulated among the sets of
users C and edge nodes A, in order to establish relations reciprocally advantageous for all the players [15],
taking into account their preferences. Preference relations describe the level of interest of each element of a
set in being matched with each element of the opposite set. In the following, we define the utility functions
involved in the construction process of preference lists.

4.1. User Preference List

Since edge nodes have limited resources, users incur the risk of not receiving service. From the user’s
perspective, the individual utility is designed to avoid as much as possible such a condition, having the
chance to receive the service with a quality appropriate to its SLO. Accordingly, the user ¢, demanding R,
resources, can receive support from edge nodes belonging to 4. having enough available resources £,. On
the contrary, an edge node that does not have sufficient resources to host ¢ cannot offer support to that
user, denying service to c. We thus set the user preferences with the objective of minimizing the probability
of the user being rejected, defining the individual user utility function H.(a) as

H.(a) = L, — R, (13)
where L, is the amount of resources available on edge node a, i.e.,

»Ca = La - Z Rc'Yc,an (14)

ceC

Preferences are sorted in descending order to maximize the acceptance probability for user ¢ on edge nodes.
The most preferred edge node a* is thus

a, = arg max H.(a). (15)

Eq. (15) expresses that the most preferred a} is the edge node having the highest number of available
resources. In this reference, it is important to note that as the algorithm execution proceeds, the number of
users allocated to edge nodes grows.

4.2. Edge Node Preference List

On the other hand, the preference list of each edge node a is built preferring the user ¢* that maximizes
the mean reward of a. In the light of received provider bids, each edge node is able to determine the proper



user. Defining the set of users proposing to the edge node a as C,, the corresponding edge node preference
list E,(c) is built ranking in descending order the following metric

E0) = (- 10| [ io Fe (@)1 F(a))de - 1|, (16)

2

which represents the expected edge node utility, where the term © is neglected to be a constant value, equal
for all users. Thus the most preferred ¢} is given by
* — E,(c). 17
Ca = ATgMAX Fq(c) (17)
Note that this subtends the ability of a to efficiently aggregate CDFs of individual sub-task to derive the e2e
CDF. In our implementation, this is achieved by exploiting the ORIS tool [36, 37]. Besides, the assignment

of users to edge nodes is solved here through a modified version of the Gale-Shapley algorithm (GSA) [15].
Summarizing, the assignment mechanism among users and edge nodes acts as follows.

1. Each unassigned user ¢ € C builds its preferences list on edge nodes according to Eq. (13);

2. Each edge node a, receiving a set of proposals C, C C, builds its preference list performing, for each
user, the VCG auction;

3. Each edge node that receives more than one proposal, i.e., |C,| > 0, selects the most favorite user ¢
in accordance with Eq. (17), and accepts to serve ¢} among those received, rejecting the others;

4. Each unassigned user ¢ € C deletes from the possible edge nodes those having an available resource
capacity lower than R,;

5. Steps 1 to 4 are repeated until all the users have been matched with one edge node.

The developed matching algorithm terminates in a finite number of iterations. It has also the following
implications, in terms of user fully-rational perspective, and provider alternation in winning auction:

Behavioral Consequence (C2): Selfish user behaviors are allowed. This is the practical consequence
of not having bounded above the term b.. As a matter of principle, each user may select an arbitrary large
b. > R. in order to be assigned to its most preferred edge node.

Behavioral Consequence (C3): The proposed market does not safequard alternation in sub-task
adjudication among providers. The possibility of having providers with potentially winning bids linked to
edge nodes unavailable to host users is not excluded. This case stems from the condition in which the
available resources on the edge node, i.e., Eq. (14), are insufficient to accept the user requiring the minimum
cost. Furthermore, the case where a provider offers valuable bids, but it is never the best, may occur.

4.8. Stability Analysis

The algorithm subtends dependencies among the preferences of players [15]. For matching games with
externalities no algorithm exists that guarantees a stable outcome. In order to discuss the stability of the
matching stemming by the proposed framework, we consider an S2ES stability definition, modifying the
original version of [38] to obtain a concept of stability useful in our problem. Specifically, we define outcome
matching as stable when a swap is allowed if an improvement to at least one user and one edge node involved
is provided, and the remaining players participating in the swap do not worsen. Formally, this is expressed
by the following

Definition 2. Let Z be the outcome matching of the developed algorithm, and let Z(c) be the edge node
matched with the user ¢ in the matching Z. The outcome matching Z is an S2ES matching if there not
exists a pair of users (c1,¢a) s.t.:

1. He, (Z(c2)) > He, (Z(c1)) and
2. He,(Z(c1)) > Hey(Z(c2)) and
3. EZ(CI)(CQ) Z EZ(cl)(Cl) and
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4. EZ(CQ)(Cl) > EZ(C2)(C2) and
5. 3P € {c1,ca} s.t. at least one of the conditions 1) — 2) is strictly verified and
6. 3¢ € {Z(c1), Z(ca)} s.t. at least one of the conditions 3) — 4) is strictly verified.

Lemma 2. The outcome matching is a S2ES configuration.

Proof. To prove the stability of the proposed matching algorithm, we proceed by reductio ad absurdum,
assuming the existence of a pair of users (¢, ¢2) for which conditions 1) —2) of Definition 2 hold. Furthermore,
let ¢; and ¢y be such that Z(c;) = a; and Z(c2) = ag, respectively. This necessarily implies that:

HC1 (O‘Q) > Hcl(a1)7 and HCz(a’l) > ch(a2)' (18)

Given the satisfaction of condition 5) of Definition 2, we observe that the proposed assignment policy does
not incorporate any discard strategy. Consequently, the number of available resources at edge nodes cannot
increase during the assignment process. This implies that the preference list of each matched user remains
unchanged after its assignment. Since, upon assigning a generic user to an edge node, the available resources
on that node do not increase, it follows that at most:

H. (a1) = He (a3), and Hg,(az) = He,(a1). (19)

As a direct consequence, condition 5) is not satisfied. Therefore, even if condition 6) holds, the proposed
matching game reaches a configuration that satisfies the S2ES property. O

Although edge nodes can only select their preferred user from the set of received proposals, the algorithm
ensures that if a user c¢ is assigned to an edge node a, which was ranked in position ¢ in its preference list,
then all edge nodes ranked higher in that list have been assigned to other users with whom they achieve a
higher gain than they would have obtained with c. This guarantees that each user is assigned to the best
possible edge node under the given constraints. Such a result can be formally stated as follows.

Lemma 3. Every user is matched with the best possible edge node according to their preferences.

Proof. We prove the result by contradiction. Assume that there exists at least one user who is not assigned
to their best possible edge node. Let ¢ be the first user to receive a rejection from an edge node, and let Z(c)
be the edge node assigned to ¢ by the matching algorithm. This implies that there exists a more preferred
edge node Zpeiter from which ¢ was previously rejected. By construction, ¢ initially preferred Zpeste, and
proposed an assignment to it. However, Zpeser rejected c in favor of another user ¢/, whom Zpeise, preferred
and who also proposed t0 Zpeiter. Therefore, when receiving proposals from both ¢ and ¢/, the edge node
Zetter accepted ¢ and rejected c. Since Zpetrer prefers ¢ to ¢, and ¢ prefers Zpeser to Z(c), the only way
to match ¢ with Zpeier in a stable configuration is if there exists an even more preferred edge node Zéetter
that previously rejected ¢/, thereby inducing ¢’ to propose to Zpester. However, this contradicts our initial
assumption that c is the first user to be rejected by an edge node. Therefore, our assumption must be false,
and every user must be matched with their best possible edge node according to the algorithm’s stability
constraints. O

4.4. Complexity Analysis

To assess the computational complexity of the proposed framework, we consider the worst-case scenario
in which every edge node can potentially serve any user. Each user must rank all edge nodes in the set A
according to the preference relation defined in Eq. (13). For each user, this sorting procedure requires
O(A -log A) operations, leading to an overall complexity of O(C - A -log A) across all users in C. Similarly,
each edge node constructs its preference list over the users in C, resulting in a complexity of O(A-C'-log C).
The construction of these preference lists involves running a VCG auction for each service required by the
workflows. In the worst case, we assume that every provider offers its CDF to all services composing each
workflow, and that every workflow requires all services in §. This results in an additional complexity term
of

O(A-C-(S-P+1log0)),

11



1.046

1.044

1.042

Average PoA
_ e
o o
w S
© o

1.036

1.034

Figure 1: Average Price of Anarchy as the number of mean edge node resources increases

yielding a total complexity of
O(C-A-logA)+O(A-C-(S-P+logC)).

Since typically A < C' and the algorithm terminates within C' iterations, the overall computational com-
plexity can be expressed as:

O(A-C?-(S-P+logC)). (20)

5. Performance Analysis

In this section, we test the applicability and effectiveness of the proposed Auction-to-Matching (A2M)
strategy. We first assess that casting GEN distributions into uniform CDF bids causes a negligible degrada-
tion of system performance. In so doing, it is possible to assess whether the information approximated still
catches the dynamics of the problem without causing excessive losses in terms of the system welfare. Then,
alternative algorithms are implemented to provide performance evaluation, also comparing the A2M with
centralized and user-oriented approaches. Finally, the influence of unexpected delays and competitiveness
among providers is explored. Summarizing, the experimentation objectives are captured by the following
research questions:

e Q1. How does the approach perform in terms of system welfare in comparison to a strategy assuming
full knowledge about providers’ CDFs?

e Q2. How does the combinatorial space dimension affect system welfare and the probability that a
user cannot be served?

e Q3. How do unexpected delays and competitiveness among providers affect system welfare?

In this experiment, the following setting is considered. The cost R, associated to user requests, and the
capacity L, of each edge node a are uniformly selected over [0,3.0], [2.0,20.0], respectively, and terms L,
and R, are used to denote the mean value of the edge node resources and the mean value of request costs,
respectively. Without loss of generality, the price b. offered by user c is set to 20.0 which is reasonable
to illustrate the system dynamics. We assume that constraints about two parameters a and b of Eq. (9)
are set by the edge node by requiring that submitted uniform distributions have a specified value x of the
ratio 3, which in the end amounts to setting a constraint on the coefficient of variation. According to this,
parameters a and b are determined as the solution of the following system of equations

b
{a(xl—n Jo Fx(@)dz = 3

S (21)

12



350

350 —=—_A2M
300 T
w 1 v 1 —— GSA
a 250 & 300 HRMS
T R ]
= = 250
£ 200 E
] w200 A
= >
" 150 ‘3
© 8 150
£ 100 A 5
z z 100
50 1
50 A
1 2 a 8 16 1 2 4 8 16
L, Re
(a) System welfare as the number of mean edge node resources (b) System welfare as the mean value of request costs increases

increases

Figure 2: System welfare under different system parameters: (a) impact of the average edge node resources, and (b) impact of
the mean request cost

We consider 3 distinct workflow topologies, each of which is built by combining 8 individual sub-tasks
orchestrated in sequential, parallel, and mized topology. The mixed topology incorporates elements of both
sequential and parallel topology, enabling services to be combined in both chains of services and patterns
where race conditions among services are present. In particular, the mixed topology is the parallel of 2
sequences, where each sequence is in turn the parallel of 2 services. Without loss of generality, the SLO F
expressed by each user ¢ can be assumed as a uniform CDF whose support is arbitrarily chosen to fit the
expected workflow e2e time E[tg]| and transitions are supported over [2.5,7.5].

For each service s, bids are generated as follows. First, for each provider p bidding for the service s,
a GEN distribution X, representing the delivery duration guaranteed by p is randomly selected from a
set of 100 histograms. For each run of simulations, histograms are generated by sampling the WS-Dream
dataset [39]. The WS-Dream dataset provides response-time measurements collected from a large set of web
services and geographically distributed users. Although originally released in 2008, it remains one of the
most widely adopted public benchmarks for evaluating Web-service QoS and latency prediction, owing to
its scale, accessibility, and standardized structure. Its widespread use in recent studies motivates our choice
of employing it to derive the response-time histograms used in our experiments [40, 41, 42]. WS-Dream
response times are labeled with a service type. To generate a histogram, we select a service type and we
collect all the related response times. Before generating the histogram, we regularized the collected data by
exploiting the inter-quartile range rule, also known as Tukey’s rule of thumb [43]. Finally, regularized samples
are collected in histograms with 64 bins between the lower and the highest values of the samples. Then,
each provider bid is obtained by casting the selected histogram into the uniform approximation defined in
Eq. (21). The best provider and second-best provider are determined by evaluating the pairwise-comparison
dominance on the obtained uniform bids as in Section 3.1. Finally, the stochastic behavior of the considered
service s is characterized as the GEN distribution X, of the best provider p*, which is rewarded according
to the CDF Fy of the second best provider uniform bid. Hence, the reward of the winning provider is
calculated as f;(l — Fyunican) () - 3 (x))dz.

As all actual sub-task durations have been characterized, the completion time tg of the workflow is
evaluated, and the reward of the edge node is computed as fab(l — F.(z) fi(z))dx.

The approach has been implemented in Java, using the SIRIO Library [44] of the ORIS tool [36] to
represent and manipulate CDFs. The implementation exploits also the Eulero library [37] to efficiently
compute the pdf f;,, of the e2e time tx of the workflow of each user ¢ to derive the expected reward of edge
node a serving user ¢ as F [U,]. The experiments illustrated in the following subsections are performed
using a single core of an Intel Xeon Gold 5120 CPU (2.20 GHz) equipped with 32 GB of RAM.
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Figure 3: Impact of increasing average edge node resources on user-side and edge-side utilities

5.1. Analysis of the Price of Anarchy

To answer question Q1, we implement a variant of the proposed approach, where full knowledge about
provider CDFs is exploited. In principle, cast GEN CDFs to the shape of uniform distribution might break
the selection of the actual best and second best bids among all the proposals. To manage this complexity,
an oriented graph G = (V,£) is built to map the mutual pairwise-comparison dominance relations existing
among provider CDFs. The set V is the set of vertices, here represented as provider CDFs. Two vertices X
and Y are connected by an oriented edge (from X to Y'), whose set is £, when X <Y. Then, the vertex X*
with the highest outbound degree (i.e., the highest number of outbound edges) is identified as the first best
bid, while the second best bid is the vertex connected to X* through an inbound edge, having the highest
outbound degree.

To measure the performance degradation due to the uniform cast of the actual provider CDFs, we
compute a Price of Anarchy (PoA) [45, 46], here defined as the ratio between the expected system welfare
achieved by the full-knowledge approach and that achieved by the proposed approach. Specifically, we
consider C' = 20 users, L, uniformly distributed within [2,16], 1 workflow with random topology (among
sequential, parallel, and mixed) for each user. For each value of L, considered, we generate 1000 instances
of the problem, deriving the average PoA.

Results, reported in Fig. 1, show that the average PoA increases with L, which, in turn, determines
the dimension of the combinatorial space of the problem. This means that the proposed approach suffers
only slightly from the lack of knowledge due to the introduction of CDF uniform approximations when the
combinatorial possibilities grow. Results confirm the validity of the proposed low-complexity approach in
achieving satisfactory performance while adopting the lightweight A2M approach.

5.2. Analysis of System Welfare, Outage Probability, and User Utility

To answer question Q2, we implemented the following additional decision-making schemes from the
literature

o Gale-Shapley Algorithm (GSA): the GSA is applied in its traditional form, without updating preference
lists after each assignment [15];

e Enhanced Kolkata Algorithm (KA):

To explicitly quantify the effect of separating offloading from service selection, we design a deliberately
decoupled baseline inspired by the Kolkata repeated game [47]. In this configuration, users construct
their preference lists following Eq. (13), but edge nodes admit users in a fully service-agnostic manner:
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Figure 4: Outage probability under varying system conditions, highlighting the impact of resource availability and request cost
intensity

each edge node independently and randomly selects among the proposing users, without exploiting
any information on service types or provider performance. This mechanism intentionally breaks the
coupling that characterizes the proposed A2M scheme. As a consequence, the offloading decision
(which user attaches to which edge) and the subsequent service selection evolves in isolation, with
no feedback loop between them. The KA mechanism updates user preferences every three iterations,
providing an adaptive yet computationally light comparison baseline.

o Heterogeneous Resource Management Scheme (HRMS):

To enable a fair comparison with recent DAG-based offloading strategies, we adapt the heterogeneous
resource—management scheme proposed in [48] to the context of our workflow-centric model. In doing
so, we redesign the HRMS procedure so that it exploits the same information available to A2M
and follows an analogous decision logic, while preserving its original scalar utility formulation. This
alignment ensures that the two schemes rely on conceptually equivalent inputs and use them in a
comparable manner, which explains why their performance remains largely similar, with only minor
differences arising from the specific form of the HRMS metric. More specifically, for every pair (¢, a),
we compute a scalar score defined as

Meo=wi1(Ly — Re) + (1 —wq) </i00 fx. ()1 - F.(z))dx — ;), (22)

where the first term captures the residual capacity exposed by edge node a, and the second one quan-
tifies the expected reward based on the sub-task completion distributions. In our implementation we
set w1 = 0.5, reflecting an equal weighing between load-awareness and service-performance awareness,
in line with the multi-objective balancing performed by HRMS in [48]. For each user ¢, the adapted
HRMS baseline selects the edge node

a; = argmax Me.q, (23)
thus emulating the frontier-based evaluation logic used in the original algorithm, where candidate
placements are scored through a weighed combination of structural and performance indicators. This
yields a centralized, optimization-oriented reference scheme that leverages the same information prim-
itives available to A2M, while remaining agnostic to the game-theoretic interactions among users and
providers.
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o User-Centric Algorithm (UCA): users build preference lists with the aim of maximizing their individual
utility, expressed in terms of responsiveness in receiving service, thus defined as 1 — F.(tg). Edge node
preference lists are built in accordance with (15).

o Fully Centralized Auction (FCA): users offer to a centralized auctioneer individual bids defined as
1 — F.(tg). Then, the assignment is provided considering the pair user-edge node which maximizes
Eq. (16).

Also in this case, results are obtained averaging 1000 instances of the problem. Recalling that L, and R, are
the mean value of the edge node resources and the mean value of request costs, we can study the behavior of
the system as L, and R, change. In so doing, we explore the ability of the proposed strategy to find suitable
solutions even when the combinatorial space of solutions increases. In this reference, the average system
welfare as a function of L, and R, is plotted in Fig. 2a and Fig. 2b, respectively. In Fig. 2a, the A2M curve
increases as the L, grows, i.e., when the edge node resources become coarser. In fact, the bigger the values
of L, the better the availability of edge nodes in hosting users which, in turn, raises the system welfare.
From Fig. 2a follows that A2M guarantees a better resource exploitation, compared to the alternatives,
in presence of scarcity of edge node capacity, i.e., low values of L,. When L, increases, the system load
decreases, inducing a less congested scenario. In such a situation, the gap between KA e A2M tends to
be neglected, since the resources are abundant. The advantages of the proposed A2M are also evident by
setting in Fig. 2a an average outage probability target equal to 0.8. In this case, with the A2M approach,
target satisfaction can be achieved with mean edge resources L, = 1.8, against the KA and the GSA that
require L, = 2.6 and L, = 4.2, respectively. This implies relevant benefits for the provider infrastructure
due to the effective resource exploitation reached adopting the A2M. On the contrary, in Fig. 2b, the system
welfare drops when R, increases, i.e., when the cost associated with user requests becomes heavier. In fact,
R, rules the impact of users in being allocated on edge nodes. When R, grows, the number of users allocated
decreases, resulting in lower system welfare. Once again, A2M reaches a better optimization of the edge
node capacities when the system is congested. Moreover, the importance of the nested auction serving the
matching game is evident in both Fig. 2a and Fig. 2b when the resources are scarce, i.e., low values of L,
and high values of R., respectively. Both Fig. 2a and Fig. 2b show remarkable performance improvements
of A2M on GSA and KA. HRMS and A2M display similar performance because they are based on the same
set of information and both address the offloading and service—selection problems in a joint manner. The
only additional element used by A2M is the term (b. — R.), which appears in its preference lists. This
extra component introduces a more refined optimization step compared to the mixed criterion employed in
HRMS.

In Fig. 3a and Fig. 3b the behavior of a user utility and edge node utility are illustrated, comparing A2M
with UCA and FCA, respectively. Fig. 3a evidences that the proposed A2M approach does not penalize
the individual interest of users. The reason is that in the A2M the user interests are indirectly safeguarded
by the edge node preference list metric defined in Eq.(16). Accordingly, the edge node increases its utility
when the user receives the service in time. Fig. 3b depicts the trend of the edge node utility when the FCA
is adopted. As it is evident from the Figure, the A2M reaches the same performance as the centralized
approach with a much lower complexity. This is a direct consequence of the metric exploited in the A2M
during the matching game, where not exclusively local performance metrics are involved in the preference
list process construction.

Fig. 4a illustrates the trend of the outage probability, defined as the probability that a user cannot be
served, as a function of L,, keeping R, = 2 for each user. Increasing the available edge node resources, users
have a greater probability to be accepted by edge nodes, implying a lower outage probability. Fig. 4b shows
the outage probability behavior when R, varies and L, = 10 for all edge nodes. Since edge node capacity
is fixed, increasing the values of R., edge node acceptance capability suffers significant limitations, reaching
high outage probability values. In this case as well, A2M and HRMS confirm comparable performance, with
a slight advantage in favor of A2M.
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5.8. Analysis Under Unexpected Delays

To answer question Q3, actual service times are mutated with respect to the expected distribution
expressed in the bidding phase. To this end, since the results of the analysis are invariant with respect to
the number of edge nodes and users considered, we can safely assume A = 1 and C = 1, and a sequential
workflow which is the topology that maximally emphasizes the correlation between the e2e delay and the
individual service delay. Two different kinds of delays are tested: in the former, all services of the workflow
are subject to a delay (balanced delay); in the latter, all the delay is concentrated on a single service
(unbalanced delay). In the nominal case without delay, for each service s supplied by provider p, the CDF
F, of the actual completion time corresponds to the claimed CDF. In the case of balanced delay, each
service s supplied by provider p is delayed by increasing the support bounds (and so the expected value)
by a factor o € {0.1,0.2,...,1}, e.g., if o = 0.1, then the support bounds and the expected service time
are increased by 10% with respect to the nominal case. Conversely, in the case of unbalanced delay, the
variation is applied only to a single service s of the workflow, by increasing the support bounds and the
expected value of a factor of F, by o with o € {8-0.1,8-0.2,...,8- 1}, where 8 is the number of services of
the workflow.

For each value of ¢, 200 instances of the problem are generated, deriving the average edge node utility, as
illustrated in Figs. 5a and 5b, for the cases of balanced and unbalanced delay, respectively. As expected, the
average edge node utility decreases as the slowing factor o increases, since the expected actual completion
time of the workflow increases. Note that, as ¢ increases, the reduction in the average utility is larger in
the balanced case, when an expected delay of 100 - o % affects each of the 8 services, rather than in the
unbalanced case, when an expected delay of 8-100-0 % affects a single service, given that the expected delay
in the e2e workflow time is larger in the first case. Note that for both the considered cases, the workflow
completion time is equally delayed, as a consequence of using uniform distributions to characterize sub-tasks
of the workflow. Since the completion time is identically delayed for the tested cases, the average utility of
the edge node (first addend in Eq. (3)) is the same in both cases. Instead, as the delay amount increases, the
cumulative utility of providers (second addend in Eq. (3)) is more penalized when many edge nodes result
in being delayed. Consequently, the utility of the system tends to decrease more slowly in the unbalanced
delay case than in the balanced case. This suggests that the presence of very reliable providers succeeds in
shielding the presence of an unreliable provider, more than many equally reliable providers are able to.

5.4. Analysis Under Variable Competitiveness
To further answer Q3, the impact of the competitiveness among providers on the edge node utility and
the provider utility is evaluated by varying provider support distributions according to a scaling factor A,.
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Figure 6: Impact of the parameter A, on edge node and provider utilities under different values of the control threshold ©

Factor A, rules the earliness of the expected value and the width of the support of the uniform CDF of
the best bid with respect to the expected value and the width of the support of the uniform CDF of the
second best bid, identified by the VCG auction banned for each service s. Without loss of generality, we
consider the second best bid as a fixed uniform distribution with expected value pon,q = 10 and support
[7.5,12.5]. The best bid is generated as a uniform distribution having expected value iy = ?’QMT"“;d and

support 2#1st+10g22Au,—u2nd/2 2,ulst—log22Au,+#2nd/2 , with A, € {1,2,4,8,16}. In this experiment, we still

)

consider A = 1 and C = 1, where the user requests one workflow with mixed topology. For each value of
A, 200 instances of the problem are generated, deriving the average edge node welfare and the average
provider utility, as illustrated in Figs. 6a and 6b. As A, increases, the average edge node utility in Fig. 6a
increases as (1 — F.(tg)) grows. From a certain value of A, on, (1 — F.(tg)) becomes equal to 1 and thus
the average edge node utility remains almost constant. To analyze average edge node utility under different
market settings, experiments are repeated with © € {%, %, %, %, 1}. For each value of A, the greatest value
of the average edge node utility (Fig. 6a) is obtained with © = 1, which represents the best-case condition
where edge nodes receive the highest possible payment from users according to Eq. (2). According to this,
as the value of © decreases, also the average edge node utility decreases.

Similarly, the average provider utility in Fig. 6b increases with A, up to a certain value after which it
remains constant, which comprises a direct consequence of the VCG mechanism.

6. Conclusion

This paper addressed the joint offloading and service selection problem in a resource-constrained edge
computing environment, where sub-task dependencies play a crucial role in determining service execution
effectiveness. Given the emergence of computational intensive applications such as those Al-driven and their
increasingly complex computational needs, optimizing processing resources is critical to ensuring low-latency
inference and efficient task execution.

To tackle this challenge, we proposed a stochastic framework that integrates a matching game with
externalities to efficiently assign users to edge nodes, while a low-complexity CDF-driven VCG auction
selects the most suitable providers for executing sub-tasks. Unlike traditional approaches that assume static
execution times, our framework introduces probabilistic modeling, where user SLOs are expressed as CDFs
of e2e workflow completion times, and provider bids using CDFs of sub-task completion times, approximated
through uniform distributions.
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Since we assume a high-speed, well-designed communication infrastructure, we disregard transmission de-
lays and focus entirely on computational challenges, making our approach particularly relevant for Al-driven
services requiring intensive processing. The proposed A2M mechanism was evaluated through extensive
simulations, demonstrating its effectiveness in meeting user-defined SLOs, improving resource utilization,
and minimizing service latency. Compared to benchmark methods, A2M achieves superior performance
in terms of both efficiency and scalability, making it a promising solution for large-scale, distributed Al
inference in edge-to-cloud architectures. Future research could extend this framework by exploring adaptive
learning-based allocation policies, and enhancing collaborative federated Al execution models. Additionally,
investigating dynamic pricing strategies in auction-based mechanisms could further improve the fairness and
sustainability of edge service provisioning.
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