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Abstract—Computing Power Networks (CPNs) emerged as a
promising architectural paradigm that unifies the edge and
user-owned eXtreme Edge Devices (XEDs) into an orchestrated
compute fabric. By leveraging opportunistic idle resources at
the eXtreme Edge (XE), CPNs offer a pathway to democratize
generative Al and reduce reliance on cloud monopolies. However,
inference delegation within CPNs is hindered by the volatile and
user-dependent nature of compute availability of XEDs. In this
work, we propose RobGenX, a robust task allocation framework
tailored for inference in XE-enabled CPNs under stochastic
compute capacity constraints. To the best of our knowledge,
RobGenX is the first work to explicitly model the uncertainty of
XEDs’ compute capacity. RobGenX integrates Recourse Program-
ming (RP) to penalize overassignment and Chance-Constrained
Programming (CCP) to enforce probabilistic workload guaran-
tees, respectively. We model the task allocation problem as a
two-stage chance-constrained program and obtain an equivalent
deterministic reformulation using a scenario-based approach. To
overcome the computational burden of the resulting Integer Linear
Program (ILP), we develop a decomposition-based solution using
the Alternating Direction Method of Multipliers (ADMM), which
decouples the relaxed problem into parallelizable subproblems
across uncertainty scenarios. Simulation results demonstrate that
RobGenX and its lower complexity ADMM-based solution con-
sistently outperform the state-of-the-art task allocation baselines,
achieving up to 58% improvement in inference completion rates
and 55% in assignment stability.

I. INTRODUCTION
A. Background

The emergence of generative Large Language Models
(LLMs) has attracted significant attention due to their re-
markable capabilities across a wide range of complex and
multimodal Artificial Intelligence (Al) tasks [1]]. Traditionally
hosted in cloud data centers equipped with high-end graphics
and/or tensor processing units, these models have inspired a
new generation of intelligent services [2]. While inference costs
have dropped dramatically over the recent years, running high-
performing LLMs at scale remains prohibitively expensive due
to their intensive computational requirements [3], [4]. This
economic and infrastructural barrier reinforces the monopolistic
nature of the generative Al ecosystem, limiting accessibility
and slowing innovation [5]]. In parallel, visions for 6G networks
emphasize low-latency, contextualized Al as a core design goal
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[6]-[10]. This has given rise to a growing body of research
advocating for shifting inference workloads from centralized
cloud servers to the eXtreme Edge (XE) of the network [5],
[11], [12]. By harnessing the latent compute capacity of
everyday user-owned devices, referred to as eXtreme Edge
Devices (XEDs), this approach aims to alleviate infrastructure
costs, reduce dependence on centralized infrastructure, improve
responsiveness, and unlock privacy-preserving, personalized
generative Al experiences [5], [[11], [12].

To realize the vision of generative Al beyond centralized
infrastructures, a flexible and adaptive computing architecture
is required to span across edge servers and user-owned end
devices. Computing Power Networks (CPNs) address this need
by integrating traditional Edge Computing (EC) with eXtreme
Edge Computing (XEC) into a unified, orchestrated infrastruc-
ture [13|]. While EC provisions dedicated compute resources
at the network edge (e.g., base stations, gateways), XEC
opportunistically leverages idle capacities on personal devices
at the network’s XE. In scenarios where the XE falls short, the
upper EC tier recovers disrupted computations to ensure service
continuity. Therefore, CPNs emerge as a foundational enabler
of democratized generative Al [[14], offering a resilient multi-
tiered orchestration framework that blends the cost-efficiency
of XEC with the reliability and performance guarantees of EC.

B. Motivation

Recent progress in Small Language Models (SLMs) [15] and
the release of open-weight models such as DeepSeek R1 [16]
corroborate the growing feasibility of running generative Al on
user-owned devices. This is further supported by early commer-
cial deployments of collaborative inference (e.g., EXO Labs[]_-b
and recent testbeds and evaluations demonstrating practical
LLM inference under stringent resource constraints [12]], [17],
[18]. This positions XE-enabled CPNs as a viable paradigm for
democratized generative Al workloads. However, for CPNs to
fully unlock their potential, they must be able to orchestrate
a highly heterogeneous and volatile pool of XE resources. In
particular, achieving inference at the XE requires distributing
computation across multiple XEDs. Contrary to centralized
cloud servers, XEDs possess limited processing capabilities and
exhibit highly dynamic availability patterns due to unique user
behavior and fluctuating background workloads [19], [20].

This volatility poses a key challenge to the success of
inference task allocation, which is anchored in the accurate

Thttps://exolabs.net/
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Fig. 1: Ilustration of task dropping when deterministic schemes assign
tasks based on average capacity, leading to infeasible allocations once
runtime capacity is lower than expected. RobGenX mitigates this by
incorporating uncertainty into allocation decisions, limiting drop risk,
and keeping assignments feasible with high probability.

knowledge of XEDs’ available compute capacity. Existing task
allocation schemes neglect the volatility in XEDs’ compute
availability, relying instead on deterministic formulations that
assume that average capacity is representative of runtime condi-
tions [21[]-[25]. However, this approach degrades performance
when the actual available compute at runtime falls below the
expected levels, as shown in Fig. [T} Specifically, XEDs may be
overassigned beyond their real-time capacity, leading to task
dropping, unstable assignment schedules, and lower inference
completion rates. This mismatch between anticipated and re-
alized allocations creates a gap between expected and actual
gains, undermining the effectiveness of the task allocation.
Besides high computational resource demands, LLM infer-
ence is characterized by its stringent quality requirements.
Specifically, each task is considered a critical component of
the overall computation. The failure of even a single XED
to deliver its assigned task jeopardizes the entire inference
outcome [25]]. CPNs address such disruptions by enabling
recovery procedures through fallback to edge servers within
their hierarchical orchestration. However, when uncertainty is
ignored, a high number of task failures can overwhelm the
fallback mechanism, introducing significant delays and disrupt-
ing the timely execution of inference, especially in scenarios
where edge servers are already overburdened. Simultaneously,
participating XEDs experience excessive workload beyond their
intended contribution, which increases the likelihood of infer-
ence failure and, more importantly, XEDs’ disengagement from
the system [26]]. This in turn shrinks the overall resource pool,
undermining the sustainability of collaborative LLM inference
at the XE, and, by extension, the orchestration effectiveness
of CPNs built to coordinate these distributed resources. As a
result, existing schemes that fail to account for the volatile
nature of XED compute capacity may suffer significant negative
consequences for both service requesters and participating
XEDs. These limitations highlight the need for uncertainty-

aware task allocation strategies that can maintain performance
and engagement despite XE volatility.

To address this gap, we propose RobGenX, a framework
for robust generative Al inference at the XE. RobGenX equips
CPNs with the stochastic intelligence required to manage infer-
ence at the volatile XE layer, enabling informed orchestration
decisions that reduce the need for fallback to higher-tier re-
sources such as edge servers. It does so by leveraging stochastic
optimization tools to: a) model the compute availability of
XEDs as random variables, b) design a task allocation strategy
that accounts for the stochastic nature of XED availability and
minimizes the penalties incurred from fallback to higher-tier
CPN layers, and c) enforce probabilistic constraints that limit
workload violations at the XEDs.

C. Contributions

Our contributions can be summarized as follows:

« Uncertainty-aware orchestration in XE-enabled CPNs: We
propose RobGenX, a robust task allocation framework
designed to support generative Al inference at the XE.
To the best of our knowledge, this is the first work to
explicitly model the stochastic uncertainty of compute
capacity across user-owned XEDs and its detrimental
effects to generative Al inference. By treating compute
availability as a random variable, RobGenX equips CPN
orchestrators with the ability to maximize inference reli-
ability, reduce fallback to higher-tier layers, and sustain
engagement of volatile XEDs, even under highly dynamic
and unpredictable conditions.

o Stochastic modeling of resource fluctuations: We for-
mulate a two-stage stochastic optimization model that
integrates Recourse Programming (RP) and Chance Con-
strained Programming (CCP) to capture and mitigate
the impact of stochastic compute availability. The RP
component quantifies the penalty of over-assignment and
consequently, fallback to the edge server, while the CCP
imposes probabilistic constraints to ensure allocated work-
loads respect actual idle capacities of XEDs. This en-
ables CPNs to sustain reliable service orchestration across
dynamic and uncertain XE layers. To render the model
solvable, we utilize the statistical data of XED owners’
behaviors to derive a deterministic equivalent reformula-
tion that replaces the original stochastic model, resulting in
an Integer Linear Program (ILP) compatible with standard
commercial solvers.

« Time-efficient near-optimal solution: To alleviate the com-
putational burden of the ILP, we develop a decomposition-
based algorithm that applies the Alternating Direction
Method of Multipliers (ADMM) to solve the relaxed deter-
ministic equivalent formulation. We exploit the structure
of the problem to reformulate it into a consensus-based
structure that decomposes the problem across scenarios.
To the best of our knowledge, this is the first work to apply
a consensus-based ADMM to solve a two-stage chance-
constrained inference task allocation problem in the XE.
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TABLE I: Comparison of RobGenX with Existing Work on CPN Hierarchical Collaboration for Generative Al

Reference Target Cross-tier Latency | Infrastructure Fallback to Fallback
tier collaboration cost upper tier? delay
Murthy et al. [27] Cloud None High High No N/A
Du et al. [28] Edge None Low Medium No N/A
Li et al. [6] Edge None Low Medium No N/A
Qu et al. [29] Edge None Low Medium No N/A
Jayanath et al. [30] Edge None Low Medium No N/A
Wang et al. [31] Edge Cloud-Edge Medium Medium Yes High
Xu et al. [32] Edge Cloud-Edge Medium Medium Yes High
Tian et al. [33] Cloud Cloud-Edge Medium Medium Yes High
Chen et al. [34] Edge Cloud-Edge Medium Medium Yes High
Shen et al. [5]] XE None Low Low No N/A
Zeng et al. [11] XE None Low Low No N/A
Zhang et al. [12] XE None Low Low No N/A
Yang et al. [35] Cloud Cloud-XE Medium Medium Yes High
RobGenX (ours) XE Edge-XE Low Low Yes Low

The proposed approach significantly reduces runtime while
preserving near-optimal solution quality.

Extensive performance evaluations show that RobGenX
yields significant improvements, achieving an improvement of
up to 58% and 55% in the inference completion rate and
assignment stability index compared to prominent representa-
tives of task allocation schemes, respectively. The remainder
of the paper is organized as follows. Section [[I] presents the
background and related work. Section [III| presents the system
model, and Section introduces the proposed framework,
the stochastic problem model, and the deterministic equivalent
form. Section [V]introduces the ADMM-based solution. Section
details our performance evaluation experiments. Finally,
Section discusses practical implementations considerations
and Section summarizes our conclusions.

II. BACKGROUND AND RELATED WORK
A. XE-enabled CPNs for Generative Al

XEC has emerged as a transformative computing paradigm,
attracting growing attention for its ability to harness the idle
computational capacity of user-owned devices at the network’s
XE [36]]. Unlike traditional infrastructure-heavy paradigms,
XEC capitalizes on already-deployed devices to enable decen-
tralized, low-cost, and scalable computation. Modern XEDs are
equipped with powerful processors and diverse communication
interfaces, making them capable of exchanging and processing
data in real time. Studies report that battery-powered XEDs
typically maintain more than 55% battery availability and leave
over two-thirds of their computing power underutilized by local
tasks [37]. XEC has demonstrated viability, competing with
traditional cloud and EC services with minimal communica-
tion and coordination overhead [38]]. As such, XEC offers a
compelling alternative that alleviates infrastructure costs and
disrupts the monopolistic nature of generative Al services [12].

However, despite its promise, XEC alone is not sufficient
to guarantee reliable and high-quality generative Al service
delivery. The highly dynamic and opportunistic nature of XED
availability requires a higher-level coordination mechanism to

manage resources effectively. Recently, CPNs have emerged
as a key solution to orchestrate compute across cloud, edge,
and XE tiers into a unified, collaborative system [7], [13].
In this paradigm, different tiers dynamically cooperate to en-
sure service continuity, reliability, and cost-efficiency. CPNs
facilitate intelligent resource pooling and adaptive scheduling,
allowing the system to dynamically offload workloads to the
most appropriate tier based on availability and context [13].
For generative Al services, the architectural value of CPNs lies
in their ability to mitigate performance bottlenecks and sustain
real-time inference quality under volatile XE conditions [33].

Related Work: Several recent works have investigated
deploying generative Al at different tiers of the network.
Murthy et al. [27] present a solution to enhance generative
Al performance in cloud environments through resource scal-
ing, cost containment and model optimization, emphasizing
hybrid-cloud strategies for balanced cost, performance, and
compliance. While centralized cloud infrastructures provide
ample compute and storage, relying exclusively on the cloud
presents key limitations, as discussed earlier. To mitigate these
issues, several works consider edge-centric generative Al. Du
et al. [23] present generative Al as a service and propose a
deep reinforcement learning-based service provider selection
algorithm to dynamically route users to optimal edge providers.
Li et al. [[6] consider an Al edge computing framework that
integrates computing, sensing, and communication through Al
agents that manage both control and user-plane functions. Qu
et al. [29] demonstrate the urgent need for deploying LLMs
at the network edge, and present an architectural overview
of EC for LLMs, outlining its core components and how it
supports the deployment of generative Al. Finally, Jayanath
et al. [30] consider efficient mapping of computations across
multiple cores on an edge server to effectively manage demand-
ing generative Al workloads. These works consider hosting
generative Al workloads exclusively on edge servers, bringing
computation closer to users. This approach offers latency reduc-
tions, improved privacy, and energy efficiency due to localized
inference execution. However, deploying and maintaining edge
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TABLE II: Comparison of RobGenX with Existing Work on Uncertainty-aware Task Allocation

Reference Uncertainty Target tier | Cross-tier Solution strategy
collabora-
tion
Eshragi et Processing cycles Edge None Heuristic solution
al. [39]
Li et al. [40] Processing cycles Edge None Chance constraints + an online algorithm
Chang et Processing cycles Edge None Chance constraints + a decomposition approach
al. [41]
Ji et al. [42] Channel conditions and Edge None Worst-case optimization + extreme value theory
queues sizes
Nguyen et Service demand and Edge Cloud— Column and constraint generation and the
al. [43]] resource size Edge Karush—Kuhn-Tucker conditions
Qin et al. [44] | Channel state information Vehicular None Lyapunov optimization + machine learning
and queuing delays edge
Reifert et Channel and compute Edge None Worst case optimization + deep neural networks
al. [45] information
Lai et al. [46] User arrivals and Cloud- Cloud— Lyapunov optimization
departures Edge Edge
Apostolopoulos User behavior UAV- None Prospect Theory
et al. [47] assisted
edge
Xia et al. [48§] User mobility, network Edge None Multi-stage stochastic programming +
state Lyapunov optimization
Zhang et User mobility Vehicular None Markov decision process
al. [49] edge
Karanika et Task demand and user Edge None Statistical learning and fuzzy logic
al. [50] mobility
RobGenX XED Compute Capacity XE Edge-XE Chance-constraints + recourse programming
(ours) + ADMM

infrastructure remains expensive due to the need for specialized
hardware, which limits widespread deployment by service
providers [51]. Moreover, in high-density scenarios, the finite
compute capacity at the edge can quickly become saturated,
resulting in service delays or denials during peak usage.

To balance the trade-offs between cloud and edge tiers, col-
laborative frameworks have emerged. Wang et al. [31]] propose
that edge-cloud cooperation can offer both computational power
and reduced latency for scalable generative Al systems, and
highlight challenges and design considerations for deployment
at scale using two generative Al applications as examples. Xu
et al. [32] conduct a survey on deploying generative Al services
in mobile edge networks and explore the implementation, and
security and privacy related challenges of cloud—edge—mobile
infrastructures. Tian et al. [33] propose a novel bottom-up
generative Al architecture that combines large cloud models
with lightweight edge models, aiming to address the limitations
of centralized deployments and alleviate edge-cloud burdens.
Finally, Chen et al. [34]] introduce a collaborative cloud—edge
framework for personalized generative Al services that dis-
tributes tasks between edge LLMs and cloud LLMs, optimizing
based on compute capacity and user context. These works
focus on cloud—edge cooperation where inference is split across
infrastructure layers. These designs partially improve latency
and privacy by delegating select tasks to the edge. However,
they inherit key drawbacks from both tiers. On one hand, edge
servers remain costly and limited in availability, while cloud
collaboration constrains performance due to potential network

bottlenecks that affect the timeliness of intermediate result
exchange.

On the other hand, several recent works advocate for XE-
exclusive configurations for generative Al. For instance, Shen
et al. [5] argue that the future of generative Al can be democ-
ratized through distributed training on massive XEDs. They
highlight the limitations of centralized Al scaling in terms of
high-quality data and compute monopolies and present XE-
enabled generative Al as inevitable. Zeng et al. [[11] introduce
a collaborative framework, where trusted XEDs pool their
idle resources to train generative Al models. They consider
scheduling strategies and empirically analyze energy efficiency
using different parallelism techniques on real testbeds, estab-
lishing a foundation for sustainable and decentralized model
training at the edge. Finally, Zhang et al. [|12] propose a model-
centric framework for deploying generative Al on mobile and
edge networks, aiming to overcome the resource limitations
of such environments. They survey compact model techniques
(quantization, pruning, distillation), evaluate key deployment
metrics, and demonstrate feasibility via LLM deployment.
These works propose democratized frameworks that capitalize
on the ubiquity of XEDs to offload generative Al services
from centralized infrastructure. By leveraging idle compute
resources on devices that are widely deployed, these approaches
eliminate infrastructure costs and bring computation closer
to data sources. However, operating exclusively at the XE
introduces critical reliability challenges. Specifically, inference
execution on XEDs is subject to device volatility and uncertain
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availability, making it difficult to ensure robust and consistent
service quality.

To mitigate such issues, Yang et al. [35] propose a cloud—XE
collaborative architecture that balances service-level agreement
requirements and cost-efficiency. They design an end-to-end
system that involves a greedy scheduling algorithm, a hardware
model and a cloud—device compiler framework for deployment.
While this improves reliability, it reintroduces several of the
drawbacks associated with cloud involvement, such as increased
latency, higher costs, and privacy concerns. To the best of our
knowledge, our work is the first to consider an XE-Edge CPN
architecture that empowers the XE as the primary inference
executor, while utilizing nearby edge servers as a recovery
layer in failure scenarios. This edge-backed XE configuration
uniquely balances cost-efficiency, low latency, and reliability by
avoiding costly cloud dependence while still enabling fallback
and continuity of service. A summary comparison is provided
in Table [

B. Task Allocation in XEC

Task allocation in XEC has attracted significant attention
in the last years [26]], [52]—-[56]. Conventional task allocation
schemes adopt a reactive approach, where allocation decisions
are made based on current system states. In particular, reactive
schemes use instantaneous compute resource availability as
reported by XEDs to optimize task allocation under various
objectives. This reactive strategy inherently assumes that the
reported resource availability will remain unchanged and that
devices operate in a stable environment. However, such as-
sumptions often fail in real-world XEC deployments, as XEDs’
resource availability is subject to user-driven dynamicity and
unique access behavior [19], [20]]. As a result, a task assigned
based on an initial resource availability may face disruption,
leading to task failure and degraded generative Al performance.

To overcome the limitations of reactive approaches, several
studies have shown that it is possible to predict XED availability
[I200, [57], [58]], forming the basis for predictive task allocation
schemes in XEC [21]]-[25]]. While these schemes have demon-
strated substantial performance improvements, they rely on
point estimates of future availability and assume those predic-
tions to be fully accurate, overlooking the inherent uncertainty
present in real-world conditions [19], [20]. Such imperfections
are often modeled by utilizing the averages of predicted values,
which leads to deterministic formulations that are vulnerable to
forecast errors and performance degradation, especially when
runtime compute availability falls below the expected values.

In parallel, other research has focused on task allocation un-
der different aspects of uncertainty. Specifically, several works
investigate task allocation under uncertain task demand [39]—
[41]]. Eshragi et al. [[39] consider the joint task offloading and
resource allocation problem under processing cycle requirement
uncertainty. They model the problem as a mixed integer non-
linear program and develop an efficient heuristic algorithm to
solve it. Li et al. [40] examine the impact of uncertain process-
ing cycles on computing time and task deadline compliance,
formulating a chance-constrained problem aimed at minimizing

overall energy consumption. Chang et al. [41]] address the
problem of minimizing average response time under energy
consumption constraints and processing cycle uncertainty for
continuous applications, and propose a heuristic algorithm
solution. In addition, Nguyen et al. [43[] model service demand
uncertainty and formulate a stochastic two stage problem to
find the optimal location for service placement and the amount
of resources to obtain from each location.

On the other hand, Ji et al. [42] examine uncertainties
arising from unknown communication channel conditions and
network queue sizes. They propose minimizing the worst-case
expected energy consumption for time-sensitive applications.
Qin et al. [44]] analyze channel state information uncertainty in
cooperative vehicular offloading systems. They model the joint
task splitting, offloading, and computational resource allocation
problem and employ Lyapunov optimization to decouple it into
tractable subproblems. Similarly, Reifert et al. [45] examine
uncertainties in the channel and computing states information,
and propose a solution that minimizes the worst-case delay
subject to computation and power constraints.

Lai et al. [46] consider uncertainty due to users’ arrivals
and departures, and formulate the stochastic optimal user to
server association with either the cloud or the edge to balance
throughput and queuing delay trade-offs. Apostolopoulos et
al. [47]] consider task allocation in UAV-assisted EC systems.
They capture risk-aware behaviour of users when offloading to
ground-based and UAV-mounted EC servers, the uncertainties
associated with the task allocation via the probability of failure
due to the UAV energy constraints when offloading to the
UAV, and utilize prospect theory to solve the problem. Xia
et al. [48] address uncertainties in user mobility and network
states, and propose a stochastic programming algorithm to
mitigate the effects of inaccurate predictions. Zhang et al.
[49] aim to minimize delay under vehicle mobility uncertainty
and utilize Markov decision processes to model and solve the
problem. Finally, Karanika et al. [50|] propose a geo-referenced
task management scheme that utilizes fuzzy logic to represent
uncertainties due to users mobility.

The above works examined uncertainties due to task demands
[39]-[41]], [43]], communication resources [42], [44], [45], user
behavior [46], [47], and user mobility [48]—[50]. Furthermore,
they primarily focus on task allocation to dedicated edge
infrastructure with stable and high-capacity compute resources.
Consequently, they assume static and predictable availability
at the computing edge servers. This assumption is misaligned
with the dynamic and user-driven nature of XEC environments.
These works do not explicitly consider the uncertainty in
compute availability across user-owned XEDs, nor do they
examine its impact on the reliability, latency, or sustainability
of collaborative inference tasks. In contrast, RobGenX directly
tackles this overlooked challenge. To the best of our knowl-
edge, RobGenX is the first work to model XED compute
capacity as a random variable and propose a robust allocation
framework that incorporates stochastic guarantees for both the
service requesters and participating XEDs for generative Al
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inference tasks. Furthermore, RobGenX extends beyond prior
edge-focused solutions by operating within a CPN hierarchy,
in which edge and XE tiers collaborate dynamically to main-
tain service quality. This multi-tier orchestration introduces an
additional layer of robustness: when XED-side failures occur,
the CPN’s edge tier provides a recovery mechanism, preserving
inference continuity without resorting to costly or latency-prone
cloud intervention. In doing so, RobGenX not only optimizes
allocation efficiency and stability but also ensures service
sustainability by minimizing device overload and encouraging
long-term participation of XEDs in collaborative inference. A
summary comparison is provided in Table [}

C. Stochastic Optimization

Stochastic optimization is a powerful modeling paradigm for
making decisions in the presence of uncertainty. It embeds ran-
dom variables directly into the optimization process, allowing
the solution to reflect the potential variability of inputs that arise
in real-world systems [[59]. Unlike deterministic models, which
assume all parameters are known with certainty, stochastic
models explicitly account for the probabilistic nature of input
data. This enables decision-makers to anticipate variability and
incorporate risks and consequences directly into the planning
process. A central modeling tool within this framework is two-
stage programming (also referred to as RP), which partitions
decisions into two phases: the initial (first stage) decisions
are made before the uncertainty is realized, while recourse
(second stage) decisions are taken after the uncertainty has been
observed to mitigate its impact. On the other hand, CCP tackles
uncertainty in the constraints, where feasibility is enforced
with a specified high probability, thus allowing for controlled
constraint violations while still capturing the underlying risk.

To solve such stochastic formulations using commercial
optimization solvers, the problem must first be transformed into
a deterministic equivalent formulation. This transformation re-
places the probabilistic components with a finite set of scenarios
that approximate the distribution of uncertainty. Such formula-
tions often take the form of ILPs that are notoriously challeng-
ing due to the introduction of binary indicator variables, non-
convex feasible regions, and combinatorial complexity [60],
[61]. Consequently, such formulations are intractable for direct
solution without further structural exploitation. Decomposition
algorithms have therefore emerged as essential tools for han-
dling the scale and complexity of these problems [59]. Classical
methods such as the L-shaped algorithm have been successfully
applied to two-stage linear programs. However, their extension
to programs with integer variables is limited. The non-convexity
of such problems undermines the validity of dual information.
In addition, the L-shaped method requires custom cuts that are
not straightforward to obtain.

To address these limitations, we adopt the ADMM, a widely
used algorithm for solving optimization problems that exhibit
decomposable structure. ADMM decomposes a complex global
problem into smaller, more manageable subproblems that can
be solved independently. Its robust convergence properties and
flexible architecture have enabled its application across a wide
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Fig. 2: System model of an XE-enabled CPN where the edge server
orchestrates inference by fetching compute profiles from XEDs,
delegating tasks to eligible devices with pre-deployed models, and
providing fallback execution when needed.

range of fields [62]]. In the context of stochastic program-
ming, a few studies have applied classical ADMM to solve
problems with uncertainty [63]-[65]. However, these efforts
utilize the classical ADMM form and do not fully exploit the
natural scenario-wise separability inherent in two-stage chance-
constrained stochastic programs. In contrast, our work leverages
the consensus ADMM framework, which introduces auxiliary
consensus variables to decouple scenario-specific subproblems
while enforcing agreement through a central coordination step.
This enables a distributed architecture in which the global
optimization problem is reformulated as a coordination of
multiple scenario-local subproblems, each corresponding to a
specific realization of uncertainty. To the best of our knowledge,
this is the first work to apply consensus ADMM to solve two-
stage chance-constrained stochastic task allocation problem for
generative Al at the XE.

III. SYSTEM MODEL

We consider an XE-enabled CPN, where an edge server over-
sees a large number of user-owned XEDs and acts as the CPN
orchestrator. The devices are first assessed via eligibility criteria
and filtered according to a fitness function [66]], which evaluates
their suitability to participate in orchestration by jointly consid-
ering compute capacity, residual energy, model availability, and
resource reputation. To qualify as a participating worker in the
XE-enabled CPN, an XED must (i) have sufficient memory to
host a pre-deployed replicate of the model [15]], [67] and run the
full model independently on a distinct subset of input data [68]],
(i1) maintain sufficient residual energy and stable connectivity
to contribute reliably, and (iii) achieve a threshold fitness value
as determined by the orchestrator. Devices that fail to meet
these conditions are excluded from orchestration. After this
assessment, the orchestrator organizes XEDs into collaborative
clusters [[68[]-[[70]] by considering factors such as device locality,
similarity in resource profiles, and patterns of user requests.
This hierarchical structure enables robust orchestration at scale,
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where task allocation is executed within clusters, while the
orchestrator manages requests at the cluster level, ensuring
scalability even when thousands of devices are present across
the CPN.

A representative application scenario is the smart home,
where an edge server embedded within the residential network
infrastructure coordinates the execution of generative Al ser-
vices [68]]-[70]. The cluster of smart home XEDs may include
smartphones, laptops, tablets, gaming consoles, and smart TV,
each equipped with varying degrees of idle computational
capacity. In this setting, the edge server manages generative
inference requests initiated by user activity, such as interpreting
voice commands to control devices (e.g., turn a lamp on/off),
generating personalized content recommendations on smart
displays (e.g., reminders about a user’s favorite sports team),
identifying household devices from room images to enable
vision-based control, and issuing context-aware prompts (e.g.,
reminders to discard expired milk upon fridge access) [69].

Within the CPN architecture, the edge server offloads infer-
ence tasks to the cluster of XEDs, leveraging their vast idle
compute resources. The benefits of this layered architecture
are threefold: a) it maximizes resource utilization at the XE
by tapping into the under-utilized computational capacity of
the XEDs cluster; b) it alleviates computational pressure on
the edge server during high-load periods, reducing the risk of
service bottlenecks [71]], [[72]]; and c) it allows to incorporate
a fallback mechanism that enables the edge server to execute
failed tasks when XEDs become unavailable or underperform,
ensuring continuity of inference services despite the volatility
of user-owned resources. The system model is illustrated in
Figure [2|

Let Z denote the set of inference tasks, indexed by ¢ € Z,
and J the set of XEDs within the smart home cluster, indexed
by j € J. Each task ¢ € 7 is associated with a deadline J; by
which it must be completed, a computational requirement c; ;,
an execution delay D; ; and a utility score g; ; that quantifies
the allocation gain if task ¢ is assigned to XED j. To facilitate
collaborative inference at the XE, XEDs engage in negotiated
agreements with the CPN orchestrator, in which they consent
to rent portions of their idle computational capacity to execute
inference tasks locally on pre-deployed models in exchange
for incentives. These incentives may include monetary com-
pensation or access to premium services such as personalized
generative Al models. The negotiation process determines both
the explicit share of each device’s idle capacity allocated
to individual tasks, represented by c;;, and the amount of
incentives the XED receives as compensation for its resource
expenditure in compute, memory, and energy. This ensures that
contributions are clearly specified, that resource consumption
costs are reflected in the agreement, and that participants
receive fair compensation relative to the amount of resources
spent [73].

In addition, XEDs commit to sharing statistical profiles
and/or usage histories that reflect their recent compute activity
over time in a privacy-preserving manner [10]. This enables

the CPN orchestrator to maintain a probability mass function
(PMF) for each XED j € J, denoted by P:]_, which cap-

tures the distribution of the random variable f; representing
the available compute capacity of device j. This modeling
aligns with the quantized resource states and discrete system-
level reporting granularity inherent to user-owned and mobile
platforms. For example, Android devices report CPU utilization
and availability through predefined performance states and
frequency bins [74]]. These profiles can be efficiently estimated
offline from historical idle behavior or updated periodically
using lightweight profiling mechanisms. We denote the mean
of f] by f; = E[ fj] which serves as the expected compute
capacity under deterministic approximations.

To formalize task assignment, we define the binary decision
variable x; ; € {0,1}, where x; ; = 1 if task ¢ is assigned
to XED j, and x;; = 0 otherwise. The deterministic task
allocation optimization problem, based on this formulation, is
expressed as an ILP as follows:

max > > gistig (1)
Ti,j - -
? J
S.t. Z Ci i Ti j < fj, VJ (1b)
Z Di,jxihj S (51', VZ (IC)
J
> @i <1, Vi (1d)
J
Tij € {0, 1}, VZ,] (le)

Constraint (Tb) ensures that an XED is not overloaded by
enforcing that the total assigned workload does not exceed its
expected compute availability, as inferred from its historical
usage profile. Constraint guarantees that task deadlines
are respected, while ensures that each task is assigned
to at most one XED. As discussed earlier, this deterministic
formulation is based on the average of predicted CPU avail-
ability values and therefore does not account for the variability
introduced by the dynamic and user-driven behavior of XEDs.
This model serves as the baseline for the robust stochastic
extension presented in the following section.

IV. ROBGENX

In this section, we mathematically formulate the problem
of RobGenX using stochastic optimization, and then adopt
recourse and chance constraint programming to obtain deter-
ministic equivalent forms.

A. Stochastic Formulation

In our formulation, we adopt a two-stage chance-constrained
stochastic optimization structure to maximize task allocation
gains while simultaneously minimizing the expected losses
caused by uncertainty in XED compute availability. Specif-
ically, the first stage captures the task allocation commit-
ments that must be made by the CPN orchestrator prior to
the realization of XED compute availability. This is because
allocations cannot wait for full knowledge of resource states,
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as this would introduce unacceptable delays and undermine
orchestration [21]]. These allocations are governed by proba-
bilistic constraints, ensuring that the assigned workloads remain
feasible with high confidence based on statistical capacity
profiles. Once the actual compute states of XEDs are revealed,
the second stage activates recourse mechanisms that adapt the
initial allocations to the realized capacities. These recourse
decisions optimize the first-stage outcome by dropping tasks
that exceed available resources and redirecting them to fallback.
Accordingly, the RP quantifies the expected penalty incurred
from these fallback corrections, while the CCP imposes high-
confidence probabilistic guarantees to ensure that allocated
workloads remain within the actual idle compute capacity of
each XED.

To formulate the robust stochastic version of the task alloca-
tion, we redefine the decision variable to explicitly denote its
role in the first stage of a two-stage stochastic program. Let
z,; ; represent the first stage binary decision variable indicating
whether task i is assigned to XED j before the actual compute
availability f~] is realized. The stochastic formulation of the
RobGenX problem is given as:

max Zngx {H(mi’j,fj)} (2a)
Yeijr <fi|=1-8, ¥ (@b
ZDi»jxi,j <6, Vi (2¢)

J
me- <1, Wi (2d)

j
xz,j € {01 1}7 V’L,] (26)

The objective function consists of two components. The first
term captures the anticipated allocation gain incurred by allo-
cating inference tasks to available XEDs. The second term is the
RP, which penalizes task dropping arising from overestimating
XEDs’ compute capacity. The trade-off is governed by the
scalar control parameter v. In parallel, the CCP in Eq. (2b)
enforces a probabilistic constraint on capacity violations per
XED. The scalar control parameter 5 governs the allowable
probability of workload violation per XED, which can be
viewed as a policy parameter selected based on user tolerance to
CPU usage and/or service-level agreement constraints. Lower
values enforce stricter workload guarantees but may result in
more conservative task allocations, whereas higher values allow
more aggressive assignments with acceptable risk trade-offs.
Note that our formulation can be easily adjusted to feature
an XED-specific threshold (i.e., 3;) to reflect heterogeneous
XED tolerance to resource violations. For simplicity, we adopt
a uniform threshold S over all XEDs, while preserving the abil-
ity to guarantee robust service-level assurance under variable
conditions.

B. Deterministic Equivalent Formulation

To construct a deterministic equivalent of the robust stochas-
tic formulation presented in Eq. (2)), we leverage the statistical
compute availability data collected from XEDs. Each XED
j € J shares CPU usage profiles with the CPN orchestrator,
enabling the construction of a PMF P’; that characterizes the
uncertainty in its future compute avallablhty These PMFs are
used to generate a set of scenarios indexed by n =1,2,..., N,
where each scenario n represents a joint realization of the idle
compute capacities of all XEDs in the system, and occurs
with probability p,. This scenario-based model allows us to
reformulate the expectation term in RP into a piecewise linear
function. Let y; ;,, € {0,1} denote the second stage fallback
decision variable, indicating whether task i, originally assigned
to XED j, is dropped in scenario n due to insufficient compute
capacity. This triggers a service recovery mechanism within
the CPN hierarchy, incurring a fallback penalty /; ; > g; ;. The
deterministic RP reformulation is written as:

n li Vi in 3

i >0 Y S, aa

st (= yi,j,n)cz,] <fr. Vivn  (3b)
Yijn < T gy Vi, 5,m (3¢)
Yijn €{0,1}, Vi, j,n (3d)

Here, constraint ensures that accumulative task demand
after task dropping is limited by the realized capacity f;'.
Constraint ensures that no task is dropped in scenario n
unless it was assigned in the first stage.

Similarly, to convert the chance constraint in Eq. 2b) to a
deterministic scenario-based reformulation, we adopt the Big-M
reformulation strategy proposed in [75]]. We introduce scenario-
specific binary slack variables z;, € {0,1} for each XED j
and scenario n, and enforce a two-part constraint as shown in

Eq. @).

Zcz‘,jmi,j < fjﬂ + M1 —-2z2,), Vin (4a)

D Pnzin>1-6, Vj (4b)

Here, the variable z;, takes the value of 1 if the resource
constraint is satisfied under scenario n, and O otherwise, and
M is a sufficiently large constant that effectively disables
the constraint when z;, = 0, allowing the inequality to be
violated in lower probability scenarios. Following the standard
guidance in Big-M reformulations [75], [76]], we set M to
the maximum computational load that can be assigned to a
device M = ), mjax ¢; ;. Constraint (b)) guarantees that

the proportion of satisfied scenarios for each XED j meets or
exceeds the confidence level 1 — 3. By combining the scenario-
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based reformulations of both the RP and CCP components, we
arrive at a unified deterministic reformulation expressed as:

N
Z Z i, %5 — 7 Z Pn Z Z Li jYigm
i J n=1 i K

max
T js Yigms Zjn
(5a)
st Y cigryy S P+ M= 2,), Yin

(5b)
> Puzjin =1-8, Vj (5¢)
> Djju,; <6, Vi (5d)

j
Z(%,j —Yijn)Cij < [ Vin (5e)
Yij,n < L s Vi,j/ﬂ (5%)
Yowiy sl Vi (52)

j
Li s Yigms Zin S {0, 1}, Vi,j,n (5h)

The deterministic reformulation shown in Eq. () is amenable

to standard optimization solvers. However, the problem remains
an ILP, which is inherently NP-hard [77]. Note that as the
number of scenarios increases as a result of fine-grained PMFs
or a growing number of XEDs, the size of the search space
expands exponentially, making exact solutions computationally
expensive. Sampling-based approaches, such as the sample
average approximation, are widely adopted to mitigate this
issue by reducing the scenario space to a representative subset
[75]]. Prior work has shown that even for problems with a
very large number of scenarios, using a moderate sample
size can yield high-quality robust solutions [75]. Nevertheless,
even with SAA, the resulting sampled ILP imposes substantial
computational overhead due to its combinatorial complexity.
To address these limitations, we next develop a distributed
optimization solution based on the consensus ADMM algorithm
that alleviates the computational burden of the problem while
maintaining robust, high quality solutions.

V. DECOMPOSED CONSENSUS ADMM (DC-ADMM)
INFERENCE TASK ALLOCATION

To relieve the computational burdens posed by the intractable
ILP in Eq. @), it is imperative to develop computationally
feasible solutions that offer lower complexity and improved
efficiency, which is critical in the context of robust service
provisioning for generative Al workloads at the XE. We aim to
exploit the structure of the ILP in Eq. @), which can be seen
as two components. The first component comprises the first
stage decision variables x; ; , which represent task allocation
decisions made irrespective of the realization of uncertainty
and must remain consistent across all scenarios. The second
component comprises the scenario-specific decision variables
Yi,j,n and z; ,,, which depend on the realization of the available
compute capacity and are subject to local constraints. Given

fixed values of the first stage variables, the remaining problem
decomposes into a collection of independent subproblems, each
associated with a single scenario n. This structure presents an
opportunity for distributed optimization, where agents solve a
local portion of the problem and coordinate to reach consensus
on the first stage decision variables x; ;.

In this section, we develop the Decomposed Consensus
ADMM (DC-ADMM) task allocation algorithm to enforce
cross-scenario decomposition, thereby enabling time-efficient
and robust decision-making under uncertainty for generative
Al inference at the XE. DC-ADMM relaxes the ILP into a
Linear Program (LP) and decomposes it into scenario-specific
subproblems solved independently, and iteratively reconciles
the shared global variables to ensure consistency across all
scenarios. In order to implement the DC-ADMM solution,
we must reformulate the optimization problem in Eq. into
a form compatible with consensus ADMM. First, we relax the
binary decision variables by replacing them with continuous
variables in [0, 1], thereby obtaining an LP. This renders the
formulation convex. Second, we introduce local agent-specific
copies of the first stage decision variables, denoted by z; ; ,,.
We also define each agent’s full set of local decision variables as
A, = {xi,jm’ Yijny Zjn | Vi,Vj} . Accordingly, each agent n
solves a local task allocation problem based on its scenario’s
realization f'. The contribution of agent n to the global
objective captured by the scenario-weighted cost is written as:

Fu(An) = —Dn > (91j% 0 —lijijn)  (6)
i

Note that the negative sign is introduced to convert the
original maximization objective into a minimization problem,
which is required for compatibility with the standard ADMM
formulation. Additionally, to ensure that each agent respects
the feasibility conditions, we define ®(A,,) as an indicator
function that encodes the feasibility of the local decision tuple
A, expressed as:

B(A,) = 0, if A, 6 r )
oo, otherwise

where I' denotes the set satisfying the constraints @I) @])
(e), ), (5g). Such indicator functions are commonly used
in ADMM to handle hard constraints indirectly by embedding
them into the objective [62]. This allows the algorithm to treat
infeasible solutions as having infinite cost, avoiding the need
for explicit constraint projection or reformulation.

To coordinate the distributed decisions among agents, we
introduce global consensus variables z; ; 5 and z; o, which serve
as coordination shared variables that link the local subproblems
together. Specifically, x; ;o represents the globally agreed-
upon first stage task assignment decision, which must remain
scenario-invariant since it is made regardless of the realization
of uncertainty. On the other hand, the global variable z;q
is introduced to enforce the chance constraint in Eq. (5c).
While each agent independently solves for z;, to determine
whether the capacity constraint for XED j is satisfied under its
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own scenario realization, the global variable z; o ensures that
the proportion of scenarios that meet the capacity constraint
satisfies the probabilistic threshold 1 — 5 as mandated by the
CCP. In this manner, each agent retains full control over its
local decision variables A, based on its realized compute
availability, while the global consensus variables z; ; ; and z;,0
capture system-wide constraints that require coordination. The
consensus global optimization problem is written as:

o R ;Fn(A D(A,) (8a)
St Ty 50 =T 50 Vi, j,n (8b)

Zin = %0, Vi,n (8c)

xi g0 € 10,1],V4, 4, z0 €[0,1],Vy (8d)

The above problem captures the global coordination mech-
anism of the distributed framework. Its role is to enforce
agreement among agents on the shared first stage allocation
variables x; ;o and the scenario-aggregated slack variables
zj,0, both of which are essential to satisfy the global chance
constraints. Specifically, constraint enforces that all local
scenario-specific decisions x; ;, agree on a common global
assignment x; j o, ensuring consistent task allocation across
scenarios, while constraint aligns the local slack variables
Zjn to a shared global value z; o, enabling centralized control
over the allowed probability of workload violations. Note that
the objective function component F;,(A.,,) represents the orig-
inal objective distributed across scenarios via the probability-
weighted cost terms, and each local variable x; ;, is a pro-
jection of the global first stage variable x; ;o onto scenario
n, while ®(A,,) encodes all feasibility constraints from the
original problem, applied independently to each scenario. By
adding consensus constraints (8b) and (8¢, the coordination
problem guarantees consistency across all scenarios, thereby
reconstructing the relaxed problem of the original ILP in Eq. (3]
using a decomposed and distributed formulation.

To construct the Augmented Lagrangian (AL) of Eq. (§),
we introduce dual variables )\“5 in and )\z n» Which repre-
sent Lagrange multipliers assomated with the consensus con-
straints and (8c), respectively. In addition, a penalty
parameter p > 0 is used to penalize the disagreement between
local and global values in a quadratic manner. The AL is
constructed as:

ﬁ(Al An,.’ﬂl ,7,05 25,05 )\la':,j,l’ veny /\;'E,j,Nv )\;-:,1, veey AJZ7N,p) =
N
Z [ n n +CI) +ZA;,DJTL mi,j’ﬂ_xi7j70)
n=1 i,J
p
+3 ;(fﬂm,n — ij0)° + Z Ajn(Zim = %,0)
+ “ Z(Z - %j,0) } ®)
2 ; 7, 7y

We use the ADMM framework to solve Eq. (9) by iteratively
updating the local, global and dual variables, as follows. In the
kth iteration, each agent n solves its local optimization problem

by minimizing the AL with respect to its local variables while
keeping the global and dual variables fixed, which is expressed
as:

AFFD — arg min L(A,,, 2k R

@, (k) (k)
A€l $3,0775,07 >\

%,7,n 7 (k))
(10
Note that the local subproblem balances minimizing the

local incurred costs given the compute capacity realization,

while penalizing the solution’s deviation from the agreed-on
consensus values for z; ;o and z;o. Next, the global first
stage task allocation variables are updated. This is achieved
by minimizing the AL with respect to the global variables. By

deriving Eq. (@) with respect to xg?,o, setting it to zero and
rearranging, we obtain:

1 & 1
(k+1) _ (k+1) @, (k)
Tijo TN > < igm T p())",j,n>

n=1

an

Similarly, by deriving Eq. (9) with respect to 20

5,00 setting it to
zero and rearranging, we obtain:

Sk1) (k+1) 2,(k)
3 NZ( +WAM ) (12)
Finally, the dual variables update can be written as:
(k41 z,(k k+1 k+1
Ai ,j(n ) = )‘i,j(,n) + p(k)( (J n) xE,j,O )) (133)
(k41 k k+1 k+1
Nt =00 1 P =) s

Now that the primal and dual variables are obtained, we
check convergence at iteration k as follows. First, we obtain
the primal and dual residuals as [62]:

4= 3

(k+1)
%,J,n

— 2|3 (14a)

» k+1 (k+1)
Tpv(k+1) — Z H ( %0 ||2 (14b)
n=1
rﬁ’(kﬂ) Np ngkjt)l) — :r 7] (14¢)
ra Y = N2l — 2912 (14d)

In particular, the primal residuals in Eq. (I4a) and (14D)
ensure consistency between each agent’s local decision and
the global consensus, while the dual residuals in Eq.
and (T4d) measure the stability of the global variables across
iterations. Next, the quadratic penalty variable p is updated as
(78]

. z,(k+1 (k41
rp® it e Dy > gl B,
. z,(k+1 k+1
p(k+1) _ p(k)/T if ||Td7( + )HQ > .U||7’p7( + )||2 (15)
ptF) otherwise

where 7 and p are constants that control the update process.
This accelerates convergence and maintains numerical stability.
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Specifically, if the consensus gap as indicated by the primal
residual is significantly larger than the dual residual, the penalty
is increased to force tighter agreement. Conversely, if the
dual residual dominates, the penalty is relaxed to allow more
exploration. This ensures a balanced and adaptive trajectory
towards convergence, as recommended in the literature [|62].
To evaluate convergence, we calculate the stopping thresholds
as:

€pri = el max {mflix ‘ Ty ‘ s ||z }
+ VN (162)
Epri = € max {max ‘ }
+vNA-5) edb“ (16b)
€ = € Af’j(’;“)H + VN e (16¢)
€ = € {7 H +/N ebs (16d)
where ¢ and €™ are control parameters [[62]]. The choice of

dynamic stopping thresholds allows the convergence thresholds
to adapt according to the variable magnitudes and the desired
accuracy mandated by € and €*!. Note that in Eq. and
(T6d), the stopping thresholds €pri and €5, accommodate some
slack variability across agents to avoid overly pessimistic task
allocation decisions by scaling to (1 — 3). This ensures that
the probabilistic guarantee in the original problem is met at
the 1 — § threshold, without enforcing excessive conservatism
by adding more scenarios than necessary. The DC-ADMM
task allocation algorithm is shown in Algorithm [T} Consensus
ADMM is guaranteed to converge under convexity for any
choice of positive p [78]. In our case, this guarantee applies
to the LP-relaxed formulation, where binary decision variables
are replaced by continuous variables in [0, 1], yielding a convex
feasible set. The DC-ADMM algorithm therefore inherits this
convergence property. In practice, after convergence of the
relaxed problem, integrality of the decision variables is restored
through rounding and feasible repair procedures, ensuring that
the final task allocation respects binary requirements.

The time complexity of the DC-ADMM task allocation
algorithm is analyzed as follows. In each iteration, each local
subproblem is solved independently in parallel across the N
agents, as described in lines [BH6] Then, the complexity per
agent is O(I3.J3). The global coordination step, which involves
computing the average of local variables in line [/} incurs a cost
of O(IJN + JN). The dual variable updates in line [§] also
require O(IJN + JN) operations. Additionally, evaluating the
primal and dual residuals in line [9]adds another O(IJN+JN),
and the update of the penalty parameter p in line in-
volves only constant-time operations giving O(1). Therefore,
the total per-iteration complexity of the DC-ADMM algorithm
is dominated by the local convex subproblems, yielding an
overall iteration cost of O(I2J3). In contrast, solving the
original ILP formulation in Eq. (3)) centrally incurs exponential
time complexity of O(2[/(N+D+JN) [77]  highlighting its
intractability. The proposed DC-ADMM method significantly

Algorithm 1: The DC-ADMM Inference Task Allocation
Algorithm

1 Initialize: Variables (%) . 20 A0 =)

4,7, n’ ]71’7,7 l,]ﬂ'L’ J,n 2

tion counter k = 0
while k& < k., or until convergence do

Step 1: Update local variables

for n=1to N do

Solve agent subproblem using Eq.
end for
Step 2: Update global variables using Eq. (IT)) and (12)

8: Step 3: Update dual variables using Eq. and

(13b)

9: Step 4.1: Compute primal and dual residuals using
Eq. (T4a), (T4b), (14d), (T4d)

10: Step 4.2: Update penalty parameter using Eq. (T3)

11: Step 4.3: Compute stopping thresholds using Eq. (16a)),

(16B), (T6d), (16d)

12: Step 5: Check Convergence

set itera-

NN RN

13: if r,‘f’(kﬂ) < €y and rf,’(kﬂ) < €y and rﬁ’(kﬂ) <
ez and 17D < ¢z then

14: Convergence Achieved. Terminate.

15: end if

16: Increment iteration counter: k < k + 1

17: end while

improves the computational efficiency by decomposing com-
putation and enabling parallel execution across agents.

VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the ILP
and the DC-ADMM solutions in comparison to three repre-
sentatives of the state-of-the-art task allocation strategies. The
first scheme, referred to as the Deterministic Task Allocation
Scheme (DTAS), is a representative of a prominent class of
prediction-based approaches that utilize forecasts of compute
capacities [21[|-[24]]. DTAS adopts a deterministic formulation
where the compute capacity of each XED is represented by
the expected value of its PMF. For fairness of comparison,
DTAS solves the optimization problem presented in Eq. (I))
and serves as a baseline that embeds the average of XEDs
computational availability. The second scheme is referred to
as the Hypothetical Knowledge Task Allocation Scheme (HK-
TAS), which models a hypothetical case where the orchestrator
has perfect foresight of each XED’s actual available compute
capacity. Unlike DTAS, which relies on the expected values,
HKTAS solves the task allocation problem using the true
(sampled) values of each XED’s available capacity. Thus, HK-
TAS represents an upper bound on the achievable performance
gains. Lastly, the Worst-case Scenario Task Allocation Scheme
(WTAS) resembles a widely-adopted conservative approach
that prioritizes safeguarding task execution by optimizing for
the worst-case realization of uncertainty [42], [45]]. To ensure a
fair comparison, WTAS solves the same optimization problem
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Fig. 3: Runtime comparison of RobGenX using DC-ADMM against
the ILP baseline under varying numbers of XEDs and 3 values,
showing the scalability advantage of the distributed approach.

as in Eq. (T) with the available capacity per XED substituted
by the minimum value in its PMF.

To substantiate the viability of the DC-ADMM solution,
we evaluate both its runtime speedup and optimality gap
compared to the extensive ILP solution. Additionally, to assess
the effectiveness of the uncertainty-aware task allocation frame-
work, we employ the following performance metrics. First,
the Inference Completion Rate (ICR) measures the fraction of
inference tasks that are assigned and successfully executed by
XEDs, relative to the total number of inference tasks in the
system. Second, the Assignment Yield Gap (AYG) quantifies
the percentage difference between anticipated and achieved
inference allocation gains, capturing the portion of intended
offloading benefit lost due to uncertainty in XED compute
availability. In addition, the Assignment Stability Index (ASI)
represents the proportion of task assignments that remain valid
at runtime despite the uncertainty of XED compute availability
reflecting the robustness of the allocation. Finally, the Fallback
Response Time (FRT) captures the accumulative processing and
queuing delays incurred at the edge server when inference tasks
fail to execute at the XE due to insufficient compute capacity
and are subsequently redirected for completion.

A. Simulation Setup

The ILP, DC-ADMM, DTAS, HKTAS and WTAS are all
implemented using MATLAB. Simulation experiments are car-
ried out in an area of 200m x 200m, within which XEDs
are uniformly distributed. The number of XEDs within the
cluster varies in {5, 10, ..., 25}, each representing a user-owned
device with stochastic compute capacity [68], [69], [[79]. Each
XED j is associated with a PMF with a mean of 3 GHz and
standard deviation in [0.5, 0.9] GHz. XEDs’ arrival times follow
a Poisson process with A = 0.1. The total number of inference
tasks is set to 75, where each inference task is characterized by
an input data size uniformly distributed in [16,64] x 10% bits,

12
—&— bC-ADMM, = 0.1
DC-ADMM, § = 0.3
—¥—DC-ADMM, 3= 0.5

Optimality Gap (%)

5 10 15 20 25
Total number of XEDs

Fig. 4: Optimality gap of DC-ADMM across different numbers of
XEDs and ( values, demonstrating near-optimal performance with
increasing network scale.

and a computational requirement c; ; is uniformly sampled in
[0.5,1.5] GHz.

In the DC-ADMM solution, the maximum number of itera-
tions is set to knax = 50. The algorithm initializes the global
and local primal variables (a:z(-f)j)’n, zj(-?,z,xl(-g-)’o, zj(-?o)) and the
dual variables ()\fj(?l), /\;’7(10)) to zero. The penalty parameter p
is initialized to 1 and is adaptively tuned at each iteration based
on the relative magnitude of the primal and dual residuals,
using the dynamic adjustment scheme governed by parameters
p =10 and 7 = 2 [62]. The residual thresholds for convergence

€™ and € are set to 1072,

B. Simulation Results and Discussion

We evaluate the performance of DC-ADMM against the
extensive ILP formulation in terms of runtime speedup and
optimality gap. All experiments are repeated 50 times for each
instance, and the simulation results are presented with a 90%
confidence level.

Figure [3| depicts the average runtime when the number of
inference tasks is 75 while the number of XEDs varies. The
runtime of the ILP is consistently higher than that of the DC-
ADMM solution, and it increases noticeably as more XEDs are
introduced. On the other hand, DC-ADMM achieves substantial
runtime reductions even as the number of XEDs grows. The
linear upward trend of the DC-ADMM runtimes confirms the
effectiveness of the scenario-wise decomposition and paral-
lelization approach to alleviate the computational burden. This
ensures practical real-time orchestration in CPNs where rapid
decision-making across volatile XEDs is essential to ensure
continuity of generative Al inference. Notably, variations in
the values of the CCP control parameter 5 have negligible
impact for both the ILP and DC-ADMM solutions. This can be
attributed to the relative roles that the decision variables x; ;
and z;, play in the problem structure. Recall from Eq. (§)
that the variable z; ;,, governs the inference task assignment
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Fig. 5: Inference Completion Rate (ICR) comparison of DC-ADMM
with HKTAS, DTAS, and WTAS under varying numbers of XEDs,
showing that DC-ADMM consistently achieves higher task completion
as network scale increases.

and is directly involved in the objective function and the core
constraints, whereas the decision variable z;, governs the
proportion of scenarios in which workload violations are al-
lowed and primarily serves as a near-consensus indicator across
scenarios. For the ILP, variations in S impact what constitutes a
feasible solution, but do not alter the structure or dimensionality
of the problem. In the DC-ADMM experiments, it was observed
that the z; ,, decision variables typically reach 1 — 3 consensus
earlier than the x; ; ,, variables, while convergence is contingent
on both variables achieving the target consensus. Therefore, the
runtime for DC-ADMM hinges on the consensus of the x; ;
decision variable, which is unaffected by variations in /3.

Figure [] presents the average optimality gap of the DC-
ADMM solution relative to the extensive ILP formulation as
the number of XEDs increases. The optimality gap grows
gradually with the problem size, since larger numbers of
XEDs introduce a larger solution space and a more complex
consensus landscape. However, the gap remains consistently
below 10% across all configurations, thereby highlighting the
ability of DC-ADMM to achieve high-quality approximations
with significantly lower computational cost. It is observed that
the DC-ADMM optimality gap exhibits a mild sensitivity to the
CCP control parameter /3. Lower values of 3 (e.g., 5 = 0.1)
result in slightly smaller optimality gaps compared to higher
values (e.g., 8 = 0.5). This is due to the stricter enforcement
of scenario-wide consensus over workload feasibility at smaller
B, which reduces the flexibility of the solution space and pushes
the algorithm towards more conservative and globally aligned
decisions.

On the other hand, larger values of /3 relax the probabilis-
tic constraint to be more permissive and allow greater
variability in the feasible workload allocations, resulting in
greater deviation from the optimal solution. In general, the
observed differences are negligible, indicating that DC-ADMM
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Fig. 6: Assignment Yield Gap (AYG) comparison of DC-ADMM
with HKTAS, DTAS, and WTAS across different numbers of XEDs,
indicating that DC-ADMM maintains low yield gaps relative to
heuristic baselines.

maintains a reliable solution quality across variable stochastic
tolerance settings, allowing the CPN orchestrator to balance
task allocation optimality and runtimes, thereby supporting sus-
tained, cost-effective inference at the XE without over-relying
on fallback mechanisms. Given that DC-ADMM consistently
achieves high-quality solutions with a small optimality gap
and substantially lower runtime compared to the extensive ILP
formulation, we adopt the DC-ADMM as the primary solution
method in the subsequent experiments to evaluate the behavior
of uncertainty-aware task allocation schemes.

Figure [3] illustrates the ICR achieved by DC-ADMM and
the three baselines as the total number of XEDs increases.
The ICR shows a consistent upward trend across all schemes
as the number of XEDs increases. This is due to the ex-
panded resource pool and as a result, the increased scheduling
flexibility. HKTAS consistently yields the highest completion
rates, aligned with its role as an upper bound due to its
perfect foresight into the future computational availability of
XEDs. The performance of the DC-ADMM solution closely
follows, with ICR values increasing steadily across all values
of . Lower values of S (e.g., 8 = 0.1) consistently achieve
higher completion rates compared to more relaxed settings
(e.g., B = 0.5). This aligns with the stricter enforcement
of workload feasibility under smaller 3, which induces more
conservative task assignments and imposes tighter chance con-
straints on the probabilistic workload feasibility condition,
effectively reducing the likelihood of assigning workloads that
exceed the actual observed available capacity of XEDs. As
a result, fewer instances of over-assignment are allowed, and
subsequently fewer task droppings due to capacity violations
are observed at runtime. This directly improves the success
rates of inference tasks. Conversely, higher values of [ relax
the workload constraint, tolerating more instances of over-
assignment and making the task assignment more prone to
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Fig. 7: Assignment Stability Index (ASI) comparison of DC-ADMM
with HKTAS, DTAS, and WTAS under varying numbers of XEDs,
showing that DC-ADMM achieves high stability across scales and
outperforms DTAS.

o

failure under uncertain resource availability.

The DTAS baseline exhibits moderate performance but re-
mains consistently below all DC-ADMM configurations. This
highlights the limitations of average-based deterministic ap-
proximations under dynamic resource variability. In particular,
DTAS fails to safeguard against scenarios where the actual
compute capacity of XEDs falls below the expected value used
in its formulation. Since DTAS optimizes based on the average
capacity derived from the PMF of each XED, it is susceptible
to over-assignment when realizations are unfavorable. This
increases dropped inference tasks and reduced completion rates.
Interestingly, its performance becomes comparable to that of
DC-ADMM under the most relaxed stochastic tolerance setting
(B = 0.5), where the chance constraints allow greater flexibility
in workload assignment. This suggests that when probabilistic
guarantees are loosened, the behavior of DC-ADMM begins to
resemble that of DTAS in terms of permissiveness, resulting in
similar assignment patterns and failure rates. However, unlike
DTAS, DC-ADMM maintains formal control over workload
violations through the tunable parameter (3, offering an explicit
adaptive mechanism for uncertainty management. Finally, the
WTAS scheme exhibits the lowest ICR across all XED counts
due to its overly conservative treatment of capacity uncertainty,
which severely limits feasible task assignment. These results
demonstrate that the DC-ADMM approach offers a strong
trade-off between robustness and utilization, outperforming
existing schemes while remaining close to the theoretical upper
bound.

Figure [6] presents the AYG as the number of XEDs varies.
Recall that the AYG quantifies the discrepancy between the an-
ticipated allocation gains, reflecting the extent to which a given
task allocation strategy is susceptible to over-estimation and
task dropping due to resource uncertainty or capacity mismatch.
As expected, HKTAS achieves an AYG of zero across all values
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Fig. 8: Fallback Response Time (FRT) comparison of DC-ADMM

with HKTAS, DTAS, and WTAS across different numbers of XEDs,

demonstrating that DC-ADMM maintains low response times, unlike
DTAS which incurs significantly higher delays.

of XEDs. This is because it operates with perfect foresight and
produces zero-error task allocations. WTAS also exhibits the
same behavior, due to its conservative approach that relies on
the worst-case value in the PMF to prevent overcommitment.
In contrast, DTAS suffers from the highest AYG across all
schemes, starting above 55% and gradually decreasing as more
XEDs are introduced in the resource pool. This is due to to
load balancing that inherently reduces the likelihood that an
XED will be overburdened relative to its average availability.

All DC-ADMM configurations maintain substantially lower
AYG than DTAS, confirming the benefit of stochastic modeling
of uncertainty in compute capacity. Note that the AYG increases
as 3 becomes more relaxed, increasing from just below 5%
when 5 = 0.1, to exceeding 20% when 5 = 0.5. This is due to
the CCP permitting more optimistic inference task allocations
that are prone to dropping at runtime. Finally, while DTAS
benefits from an increased number of XEDs, DC-ADMM
experiences a degradation in its performance and exhibits an
upward trend in AYG as more XEDs are introduced. This is
due to the inherent exposure to higher levels of uncertainties,
which amplify the variability in feasible task assignments.
Furthermore, note that this trend is more pronounced for higher
values of 3. Recall that larger 8 values permit greater flexibility
in violating workload constraints across scenarios, which can
lead to over-optimistic task assignments that deviate substan-
tially from the optimal solution. This makes the task allocation
more vulnerable to capacity over-estimation. This underscores
the importance of enforcing stricter consensus when operating
under high uncertainty, where a lower 8 can help contain the
effects of increased uncertainty and maintain robust alignment
across scenarios, allowing the CPN orchestrator to deliver
consistent, high-quality inference across fluctuating resource
conditions at the XE layer.

Figure [7)illustrates the ASI across varying numbers of XEDs.
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Recall that the ASI captures the fraction of task assignments
that remain valid at runtime despite fluctuations in compute
availability, serving as an indicator of solution robustness.
As expected, both HKTAS and WTAS exhibit perfect stabil-
ity across all configurations. HKTAS performs with perfect
foresight, ensuring that every task assignment is feasible at
runtime. In contrast, WTAS guarantees stability by design, as
it intentionally under-utilizes XEDs capacities using worst-case
realizations, thereby eliminating any risks of over-assignment.
The tradeoff is shown with comparison of Figure[5] highlighting
a significant loss in ICR. DC-ADMM achieves comparable
levels of ASI, where 5=0.1 consistently approaches the sta-
bility levels of HKTAS and WTAS. Stable task assignments
reinforce CPN resilience by reducing the need for fallback and
ensuring prolonged participation of XEDs, which serves the
long-term sustainability of collaborative inference. In contrast,
DC-ADMM with 8=0.5 shows a notable decline in ASI as the
number of XEDs increases, highlighting the vulnerability of the
relaxed CCP to task droppings at runtime. DTAS demonstrates
an upward trend in ASI as more XEDs are introduced. This
improvement, as discussed earlier, reflects the effect of load
distribution across a larger pool, thereby mitigating the impact
of over-estimations.

Figure [8| reports the FRT across varying number of XEDs.
The FRT accounts for both the queuing and processing delays
failed inference tasks experience at the edge server, which is
typically overburdened and not optimized for direct inference
task execution under high-load conditions. This fallback strat-
egy is key to achieving CPN reliability, by ensuring inference
task execution even if it fails at the XE. These failures stem
from over-assignment instances where the assigned XEDs lack
sufficient compute capacity to process their inference tasks, of-
ten resulting from optimistic task allocations that fail to account
for resource uncertainty. As anticipated, the DTAS scheme
exhibits the highest FRT, especially when the number of XEDs
is low. This is directly linked to the increased task dropping
rates observed under DTAS as shown in Figure [7| which are
attributed its reliance on average capacity estimates and lack of
probabilistic safeguards. As the number of XEDs increases, the
FRT under DTAS declines due to load balancing. Nonetheless,
it remains significantly higher than all other schemes.

In contrast, HKTAS and WTAS maintain zero FRT values
across all configurations, as their respective approaches com-
pletely eliminate runtime task dropping. The proposed DC-
ADMM solution achieves substantial reductions in FRT, where
lower values of 5 (e.g., 5=0.1) consistently result in lower FRT,
reflecting the benefit of conservative allocations in avoiding
overloading and minimizing fallback to the edge server. No-
tably, DC-ADMM with $=0.5 demonstrates a gradual increase
in FRT as the number of XEDs grows. This indicates that while
a larger pool of XEDs provides more assignment flexibility,
insufficiently constrained task allocations under higher 5 values
increase the likelihood of inference failures, triggering fallback
to the edge server. This shifts computational burden back to the
edge layer of the CPN, thereby diminishing the responsiveness

gains that XE-enabled CPNs are designed to deliver.

VII. IMPLEMENTATION CONSIDERATIONS AND SYSTEM
INTEGRATION IN CPNs

In our system, the participating cluster of XEDs share their
PMFs representing idle compute capacity with the CPN orches-
trator. To preserve security and protect the privacy of individual
users and their devices, blockchain-assisted cooperation and
coordination mechanisms can be adopted, as discussed in [10].
However, in real deployments, statistical profiles may be imper-
fect and/or incomplete due to reporting inaccuracies or privacy-
preserving restrictions. RobGenX addresses this challenge by
relying on probabilistic guarantees that tolerate uncertainty in
reported capacities, and by embedding recourse penalties to
account for mismatches. Privacy-preserving methods such as
the one discussed in [10]] reduce data disclosure while still
supporting robust orchestration. Furthermore, incentive mecha-
nisms [73] can be designed to encourage accurate participation,
ensuring that robustness is maintained even under privacy
constraints.

Given XEDs’ PMFs, RobGenX operates at the cluster level
as follows. Consider a scenario where a user initiates a
smart home inference task through a home automation app
by submitting a request, such as: “Optimize my appliance
schedule to minimize tomorrow’s electricity bill.” The CPN
orchestrator analyzes the request, and triggers a multi-modal
generative Al pipeline involving data sources such as smart
meter readings, dynamic electricity pricing forecasts, appliance
usage logs, and occupancy patterns. The CPN orchestrator
decomposes the request into four inference tasks: a) time-
series analysis of electricity pricing data, b) load estimation
for home appliances using recent usage patterns, c) prediction
of occupancy windows based on historical behavior, and d)
generation of an optimized appliance usage schedule using a
generative model.

Next, the CPN orchestrator formulates and solves the Rob-
GenX task allocation problem in Eq. using the distributed
DC-ADMM approach depicted in Algorithm [I] with the CCP
conservativeness parameter set to S = 0.1 to reduce the
likelihood of task overassignment. As demonstrated in our
simulation results (Figure [3]and Figure [d), DC-ADMM obtains
a near-optimal solution with significant runtime reductions
compared to solving the full ILP. After solving the task alloca-
tion problem, the assigned XEDs execute the inference tasks.
Because of the probabilistic guarantees enforced by g = 0.1,
fallbacks to the edge server are rare. Simulation results confirm
that this configuration maintains a high degree of assignment
stability, as depicted in Figure [/| Moreover, Figure (8| shows
that the fallback response delay remains negligible even when
failures occur, reinforcing the value of RobGenX in supporting
robust CPN orchestration across the volatile XE.

In some scenarios, an XED within a cluster may possess
the required input data (e.g., smart meter logs stored on a
home energy monitor or occupancy data logged on a personal
smartphone) but lack the computational capacity to execute the
assigned task. To preserve service continuity in such cases,
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RobGenX can employ secure data offloading and task migration
techniques (e.g., [80]), allowing the input data to be transmitted
from a resource-constrained XED to a neighboring device with
sufficient computational capacity.

To facilitate secure and efficient communication between
the CPN orchestrator and participating cluster of XEDs, the
Constrained Application Protocol (CoAPﬂ offers a practical
solution. CoAP is standardized by the Internet Engineering
Task Force (IETF), and is specifically designed for constrained
environments such as smart homes. Its support for Data-
gram Transport Layer Security (DTLS) ensures end-to-end
data confidentiality and integrity with minimal communication
overhead. CoAP’s asynchronous messaging and multicast ca-
pabilities align with the decentralized orchestration logic of
RobGenX, enabling efficient broadcasting of task assignments
and fallback requests to multiple XEDs. Furthermore, CoAP’s
built-in resource discovery mechanisms allow the orchestrator
to dynamically identify and interact with available XEDs in
real time.

Specifically, CoAP enables the XEDs to report their compute
capacity by sending PMFs to the orchestrator using POST
/compute_capacity requests. To account for device sustainabil-
ity, XEDs can also periodically report their residual energy
through POST /energy_status requests. This allows the or-
chestrator to incorporate energy availability into orchestration
decisions, preventing overburdening of low-battery devices and
ensuring fair task distribution. Once the task allocation decision
is made, the edge server notifies each XED of its assigned
job via POST /assign_task, with the payload detailing the
required inference operation. In cases where one XED holds
the necessary data but lacks sufficient compute, secure inter-
device communication is achieved using PUT /data_transfer
requests, and is safeguarded by OSCORE’SEI encryption to
preserve confidentiality and integrity. CoAP’s message types
CON and ACK are used to confirm and acknowledge reliable
delivery of critical messages, such as task assignments and data
transfers. Finally, the CPN orchestrator can periodically query
device capabilities using GET /capabilities to maintain an up-
to-date view of the available compute landscape.

VIII. CONCLUSIONS AND FUTURE WORK

In this paper, we presented RobGenX, a novel stochastic task
allocation framework for generative Al tasks within XE-enabled
CPNs. RobGenX explicitly models the uncertainty in compute
capacity across user-owned XEDs, a challenge that has been
largely overlooked in prior work. To capture the impact of
such uncertainty on inference reliability, RobGenX formulates
a stochastic optimization problem that integrates RP and CCP.
This formulation allows us to strike a tunable balance be-
tween maximizing inference task gains and minimizing the risk
of workload violations across participating XEDs. RobGenX
enhances the network’s ability to coordinate and efficiently
harness heterogeneous compute resources at the XE.

Zhttps://datatracker.ietf.org/doc/html/rfc7252
3https://datatracker.ietf.org/doc/rfc8613/

We proposed a distributed optimization algorithm, referred to
as DC-ADMM, which builds on ADMM and decomposes the
stochastic problem across scenarios in a consensus-based man-
ner. We validated the effectiveness of the DC-ADMM solution
by comparing it against the RobGenX extensive formulation,
showing that it achieves high-quality solutions with a small
optimality gap and substantial reductions in runtime. In addi-
tion, we conducted extensive performance evaluations of DC-
ADMM in comparison to state-of-the-art baselines, including
prediction-based, worst-case scenario, and hypothetical task
allocation schemes. Simulation results demonstrated that DC-
ADMM consistently outperforms the deterministic and worst-
case schemes in terms of inference completion rate, assignment
stability, yield gap, and fallback response delay. The CCP
control parameter 3 plays a critical role in regulating inference
task allocation reliability and robustness at runtime, where
smaller values enhance the assignment stability and inference
success.

In the future, we plan to extend the current orchestration logic
to support inter-edge collaboration across multiple edge servers,
where CPNs allow the system to elastically reassign workload
between XE clusters based on localized resource bottlenecks.
This will serve to improve the global inference success rates
and system resilience.
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