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Abstract—Low-latency computational-task execution can be
achieved by leveraging device-to-device offloading and paral-
lel processing over nearby extreme edge devices (EEDs), a
paradigm known as extreme edge computing (EEC). However,
EEC performance is challenged by device spatial randomness
with intermittent wireless connectivity, limited device comput-
ing power, time-varying availability, and device failures. This
paper introduces a novel spatiotemporal analytical framework
for EEC by integrating stochastic geometry with an absorbing
continuous-time Markov chain (ACTMC) to capture the interplay
between communication and computation. Modeling a large-scale
millimeter-wave network, we derive tractable expressions for the
average task response delay and the task completion probability
under both random and location-aware EED selection. Numerical
results quantify the impact of location-awareness and unveil the
existence of an optimal task segmentation that minimizes delay,
which depends on network parameters and EED capabilities.
We also demonstrate that device failures and EED scarcity
exacerbate delay, which can be mitigated through a collaborative
load-balancing approach between EEC and Multi-Access Edge
Computing (MEC) schemes. Simulations and sensitivity analyses
validate the proposed framework and offer design insights for
optimizing system performance.

Index Terms—Extreme edge computing (EEC), multi-access
edge computing (MEC), task offloading, millimeter-wave com-
munication, stochastic geometry, spatiotemporal modeling.

I. INTRODUCTION

Sixth-generation (6G) networks are anticipated to establish
an infrastructure capable of supporting highly interconnected
intelligent ecosystems [2], [3]. The anticipated 6G architecture
features a diverse, intelligent, and perceptive structure facili-
tated by robust edge servers and distributed computing facil-
ities [4], [5]. This enables a wide range of applications, such
as digital twins, remote surgeries, smart cities, autonomous
vehicles, industrial autonomy, and the Tactile Internet [2], [3].
Furthermore, 6G is projected to lead to an increase in device-
to-device (D2D) connections, extensive utilization of artificial
intelligence (AI), and a surge in the Internet of Things (IoT)
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services [2]–[5]. This is expected to trigger an unprecedented
increase in data traffic and a corresponding need for extensive
computations in the network.

Extensive computation is required for many AI workloads
that underpin latency-sensitive IoT applications with strict
quality-of-service (QoS) requirements [6], [7]. One solution to
handle such extensive computations is to utilize cloud com-
puting by offloading tasks to remote data centers. However,
cloud computing fails to adequately satisfy latency-sensitive
applications due to the distant geographical location of data
centers and the huge traffic influx imposed at backhaul links
[6], [7]. Multi-access edge computing (MEC) has emerged as
a promising paradigm that can bring computing services closer
to end devices, effectively reducing latency and meeting the
increasing demands of IoT applications [8]. MEC platforms
typically rely on edge servers co-located with or near base
stations (BSs) to handle offloaded computational tasks, making
efficient task offloading decisions crucial for achieving optimal
MEC performance. The process of task offloading in MEC
environments is significantly influenced by the availability, ac-
cessibility, and resilience of resources [9]. However, managing
these factors can be costly and may not be applicable in certain
scenarios. Additionally, the increasing number of devices
utilizing MEC has given rise to the unresolved challenge of
high congestion.

To overcome these limitations, extreme edge computing
(EEC) offers an attractive alternative that leverages the abun-
dant yet underutilized computational resources of IoT devices,
referred to as extreme edge devices (EEDs), including smart-
phones, laptops, and connected vehicles [10]. While individual
IoT devices possess limited processing power, their collective
computational capabilities, when used in parallel, represent
a significant untapped resource [11]. In EEC, these devices
are harnessed to expand the computational resource pool,
facilitate parallel processing, and improve task offloading by
bringing the computing service much closer to end users,
thus significantly reducing the response delay. Utilizing the
abundant and underutilized computational resources of EEDs
can also disrupt the dominance of traditional cloud service
providers and network operators, fostering a more decen-
tralized and democratized edge computing ecosystem with
substantial advantages.

Despite its promising advantages, the EEC architecture
faces several unique and interrelated challenges: (1) spatial
randomness, (2) limited computational power of individual
EEDs, (3) device vulnerability, and (4) temporal randomness.
Spatial randomness arises from the highly dynamic network
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topology, potentially leading to an insufficient number of
EEDs in certain locations [12]. Unlike conventional MEC or
cloud computing, EEDs have limited computational resources,
making parallel task execution across multiple devices essen-
tial to meet performance requirements. Device vulnerability
presents another significant challenge, as these user-owned
devices are subject to intermittent availability, uncertainty,
and higher failure risks, thereby requiring explicit reliabil-
ity considerations [13]. Furthermore, temporal randomness
emerges from fluctuations in offloading durations and task
execution times, primarily due to the uncertainty associated
with wireless channel conditions, signal-to-interference-plus-
noise ratio (SINR) variability, task size diversity, and het-
erogeneous device capabilities. These intertwined challenges,
including stochastic communication success and the temporal
overlap between computation and communication, highlight
the critical need for a rigorous spatiotemporal mathematical
framework. Such a model is essential for accurately quantify-
ing performance trade-offs in the EEC architecture, a gap that
remains unaddressed in the existing literature.

In this paper, we quantify the interplay between commu-
nication and computation costs within large-scale millimeter-
wave (mmWave) networks for EEC. Our primary contribution
lies in developing the first spatiotemporal analysis for EEC,
combining stochastic geometry (SG) and queueing theory,
and uniquely employing an absorbing continuous-time Markov
chain (ACTMC) to capture the dynamic interaction between
task offloading via D2D communication and parallel computa-
tion across EEDs, which overlap in time. The proposed system
partitions computational tasks into smaller segments, which
are offloaded to multiple EEDs to accelerate execution.

The proposed spatiotemporal analysis is readily applica-
ble to data-parallel IoT workloads. Representative exam-
ples include distributed machine learning inference on sen-
sor readings or image batches and real-time video analyt-
ics [14], feature-map-partitioned deep-learning inference [15],
and privacy-aware task segmentation [16]. More recently, such
latency- and reliability-critical execution has become equally
important for emerging edge-enabled digital-twin services. For
instance, digital-twin pipelines may require the dynamic de-
ployment and continuous update of human digital twins across
edge servers to support timely task execution under mobility
and time-varying conditions [17]. Likewise, interactive digital-
twin services impose tight round-trip communication and com-
putation constraints to deliver responsive feedback and user
experience under evolving twin states [18]. In such digital-
twin pipelines, many update and interaction workloads are
naturally partitionable and can be opportunistically executed
in parallel over nearby EEDs to meet stringent timeliness and
reliability requirements, precisely the regime quantified by our
spatiotemporal EEC analysis.

To this end, we analytically evaluate the average task
response delay, a fundamental performance metric in EEC
that reflects its viability for supporting latency-sensitive appli-
cations such as data-parallel distributed learning and real-time
processing. Specifically, we utilize SG to derive the offloading
success probability, accounting for device locations, mmWave
antenna characteristics, channel conditions, and network-wide

interference. This probability determines the EED offloading
rates utilized in our ACTMC model, which enables precise
evaluation of the average task response delay. In addition
to delay, we consider the task completion probability as a
metric to evaluate system reliability, an essential consideration
in failure-prone EEC environments. This metric captures the
likelihood that all task segments are successfully executed.
Together, these two metrics provide a meaningful assessment
of EEC system performance and guide informed decisions on
task segmentation levels, balancing both latency and reliability
requirements.

To summarize, this paper makes the following contributions:
• We propose the first spatiotemporal analytical framework

for EEC that integrates SG with an ACTMC to jointly
model D2D offloading and parallel computation in large-
scale networks.

• We derive tractable expressions for the average task
response delay and task completion probability, char-
acterizing the communication-computation trade-off that
yields a delay-optimal task segmentation.

• We quantify the performance gains of location-aware
EED selection and incorporate device failures, enabling
explicit analysis of latency-reliability trade-off.

• We introduce a bias-based EEC-MEC collaboration
scheme to mitigate system congestion in mmWave net-
works with limited line-of-sight (LoS) EED availability.

• We validate the analysis via Monte Carlo simulations
and sensitivity studies, yielding robust design guidelines
across diverse network conditions.

The remainder of the paper is organized as follows. Sec-
tion II reviews the related work. Section III introduces the
baseline spatiotemporal model with random EED selection
under abundant EED availability. Section IV extends the
model to practical scenarios with limited EED availability,
incorporating location-aware selection, device failures, and
EEC-MEC collaboration. Section V presents the numerical
and simulation results, and Section VI concludes the paper
and discusses future work.

II. RELATED WORK

Scheduling tasks in centralized cloud data centers has been
extensively studied to improve the efficiency of parallel work-
flow execution across heterogeneous virtual machines (VMs).
Complex applications are typically modeled as directed acyclic
graphs (DAGs), where interdependent tasks are mapped to
VMs and scheduled to optimize multiple objectives. Moham-
madzadeh et al. investigated scientific workflow scheduling in
green-cloud environments and proposed an improved chaotic
binary Grey Wolf algorithm to minimize cost, makespan,
and power consumption [19]. A related study broadens the
optimization scope to a system-level multi-objective frame-
work for enhanced resource efficiency and overall workflow
performance in cloud data centers [20]. Li et al. [21] further
extend workflow scheduling by incorporating security require-
ments, jointly optimizing service cost and data protection
when deploying workflows across cloud-based VMs. Although
effective for centralized infrastructures, these approaches are
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not designed for the latency-sensitive and spatially distributed
requirements of emerging 6G-enabled IoT and AI-driven ap-
plications, motivating the shift toward MEC.

MEC has therefore been widely investigated as a means
to offload computation from resource-constrained devices to
nearby edge servers. In [22], Jiang et al. formulate a real-time
optimization framework for joint task offloading and resource
allocation in MEC under a long-term energy constraint, where
each task is treated as an indivisible unit executed either locally
or at the edge. Liu et al. [23] develop an optimal stochastic
computation offloading policy in a single-user MEC system,
allowing tasks to be processed locally, at the MEC server, or in
parallel across local and MEC processors. In [24], Chen et al.
adopt a game-theoretic approach, designing an algorithm that
converges to a Nash equilibrium and achieves performance
and scalability when many devices share MEC resources.

Queueing-aware MEC control has been studied for delay-
sensitive services; for example, Yi et al. jointly design multi-
user computation offloading and uplink transmission schedul-
ing with pricing-based incentives to mitigate congestion un-
der random task arrivals [25]. Moreover, Cao and Cai [26]
formulate multichannel-contention cloudlet offloading as a
noncooperative game and propose a fully distributed learning
algorithm that converges to a pure-strategy Nash equilibrium
without information exchange among users. In more special-
ized scenarios, Moghaddasi et al. [27] study vehicular MEC
and propose a double deep Q-network (DDQN)-based multi-
objective offloading strategy that jointly optimizes latency,
energy, and monetary cost while integrating a blockchain layer
for data integrity and coordination. Furthermore, Rahmani et
al. [28] focus on IoT-MEC energy management, developing
a decentralized soft actor-critic framework for device-local,
context-aware power control with limited MEC coordination
and reporting substantial energy and battery-life gains in
smart-home environments.

Beyond MEC, EEC further leverages nearby EEDs as
cooperative workers for task execution. Azmy et al. develop
an incentive-vacation queueing framework for reward-based
EEC, where user-owned EEDs act as workers and incentive-
coupled vacation queues with continuous-time Markov chains
are used to characterize queueing delay and worker time
in system, and to derive metrics for predicting worker par-
ticipation dynamics under different incentive contracts [29].
Masoumi et al. apply EEC in industrial settings with mobile
robots, using a hierarchical EEC/edge/cloud architecture with
heuristic queue-aware scheduling and deadlock mitigation to
coordinate movement and onboard processing tasks [30]. For
digital twin services, El-Khatib et al. introduce a proactive
scheme that maximizes a weighted service capacity objective
by predicting EED resource usage and forming collaborating
worker groups to execute partitioned subtasks under deadline
constraints [11].

Learning-based orchestration has also been explored. Safav-
ifar et al. propose a multi-objective deep reinforcement learn-
ing (DRL) workload orchestrator that assigns tasks to het-
erogeneous EEDs to reduce resource waste and energy con-
sumption while maintaining a high task success rate [31].
Moreover, a DRL-based orchestrator for dependent composite

tasks in EEC has been proposed in [32], where applications
are modeled as DAGs and decomposed into partitions that are
offloaded to EEDs to minimize completion time and reduce
MEC usage. From an experimental perspective, Drainakis et
al. demonstrate service orchestration at the extreme edge over
a 5G testbed, where an orchestrator manages containerized
AI tasks on mobile and static EEDs via policy-based EED
selection [33].

The works discussed above primarily focus on task of-
floading, resource allocation, and local dependability metrics
under abstract network models, without explicitly capturing
spatial randomness, network-wide interference, or the impact
of node density and topology on performance. SG is therefore
utilized, as in [12], [34], [35], to capture the effect of network
geometry and interference in large-scale wireless systems with
edge computing. In [12], task offloading in a mobile cloud
computing network is analyzed under heterogeneous compu-
tational resources, and the network-wide outage probability
is characterized. Elbayoumi et al. analyze edge computing in
ultra-dense networks where small cells equipped with edge
computing servers form a Poisson point process (PPP), and
human-type users can associate with multiple small cells to
partition and offload elastic tasks that are processed in parallel
at the edge and locally [34]. More recently, Cheng et al.
consider a MEC-aided uplink LoRa network with randomly
distributed end devices modeled as a PPP and analyze the
computation offloading success probability under interference
and power control [35].

Recent efforts have combined queueing theory with SG
to jointly capture network geometry and temporal dynamics,
enabling a more complete spatiotemporal characterization of
large-scale wireless systems [36], [37]. This spatiotemporal
viewpoint has motivated several MEC studies that jointly
account for communication and computation aspects of task
execution. In [38], a spatiotemporal model is proposed for
large MEC networks, where SG and queueing analysis are
used to characterize both communication and computation
latency. In [39], the scalability of MEC-enabled wireless net-
works is explored, and both communication and computation
performance bounds are derived under a variety of network
parameters. However, each task is modeled as an indivisible
job, and a user can offload to at most a single MEC server. In
[40], Gu et al. study a large-scale MEC wireless network in
which tasks can be computed locally or offloaded to a MEC
server, modeling the spatial distribution of access points (APs)
and users via SG and employing a two-dimensional discrete-
time Markov chain to capture the joint evolution of local-
computation and offloading buffers and thereby characterize
end-to-end task execution performance.

Other works have extended this spatiotemporal modeling to
incorporate dependability and heterogeneous deployments. In
[41], Emara et al. consider the joint impact of network in-
terference and parallel computing with multiple VMs residing
on the same edge server. Although computation is parallelized
across VMs, each task is still offloaded to a single centralized
MEC server. In [42], Park and Lee develop a spatiotemporal
framework for MEC-enabled heterogeneous networks, where
multi-tier MEC servers and users are modeled as PPPs and SG
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is combined with an M/G/1 queueing model to characterize
communication and computation latency. In [43], Gu et al.
develop a spatiotemporal framework for MEC-enabled het-
erogeneous networks with communication-computation-aware
user association, where multi-tier MEC APs and users are
modeled as PPPs and SG is combined with queueing analysis
to characterize the meta distribution of task offloading success
and the resulting latency.

The above works are summarized in Table I, which high-
lights that existing spatiotemporal frameworks remain MEC-
centric. In these models, tasks are typically executed at in-
frastructure MEC servers, and users cannot leverage nearby
EEDs as cooperative workers within the EEC paradigm. To
the best of our knowledge, this is the first work to de-
velop a spatiotemporal analytical framework for EEC, jointly
capturing the interplay between D2D connectivity, network-
wide interference, and parallel computing across EEDs to
analytically characterize EEC performance.

III. THE BASELINE SPATIOTEMPORAL ANALYSIS

This section presents a baseline spatiotemporal model,
where EEDs are the only option that offers computational
services. The EEDs are abundant, and their selection is made
at random.

A. Baseline System Model

The computationally capable EEDs, also referred to as
workers, are modeled via a PPP Φ ⊂ R2 with intensity
νw. The EEDs offer their computational services to resource-
constrained devices (e.g., IoT), which hereafter are referred to
as requesters. The requesters are spatially distributed according
to an independent PPP Ω ⊂ R2 with intensity νr. There is an
edge orchestrator that can be a BS or an AP, which organizes
the offloading process between workers and requesters. In
particular, the EEDs that have available computational power
register their availability at the edge orchestrator, which in
turn informs each requester about the availability of proximate
EEDs. Specifically, when a requester decides to offload a task
to the surrounding EEDs, it requests the edge orchestrator
to assign available nearby EED resources. In that context,
the edge orchestrator does not have the location information,
so it sends the devices in a random order. It is assumed in
this model that νw ≫ νr, and hence, the edge orchestrator
can readily allocate a unique worker to each task segment
without contention. To utilize parallel computing and reduce
response delay, the requester divides each computational task
into n smaller and equivalent segments to be offloaded and
executed at different EEDs. Due to the heterogeneity of the
computational powers of the EEDs, the execution time of each
segment is exponentially distributed with mean 1

nµf
, where µf

is the task execution rate if computed at a single worker.
In compliance with 5G and beyond systems, the requesters

utilize mmWave for D2D communications to offload segments
to their proximate workers. The high vulnerability of mmWave
communications to blockage is considered via the general LoS
ball blockage model [44]. The devices within the distance
of RL from the requester are considered LoS devices, and

Fig. 1: The spatial system model: LoS workers (blue), NLoS
workers (orange), and requesters (green). The typical requester
offloads task segments to LoS workers. The typical worker
receives the intended link from the typical requester, along
with LoS and NLoS interference from other requesters.

otherwise, any device located beyond that point is considered
a non-line of sight (NLoS) device. Distance-dependent power-
law path-loss is considered with exponents αL and αN for LoS
and NLoS devices, respectively. All transmissions experience
Nakagami multipath fading. Hence, the channel power gains
have independent and identical gamma distribution parameters
NL for LoS devices and NN for NLoS devices.

Universal frequency reuse and constant transmit power are
utilized by all requesters. The requester and workers deploy
antenna arrays for mmWave beamforming. The widely adopted
sectored antenna model approximates the array patterns [44].
Accordingly, the main lobe gain is Mx, the side lobe gain is
mx, and the 3-dB beamwidth is θx, where the subscript x ∈
{r, w} is to differentiate between the antenna patterns of the
requesters and workers. Without loss of generality, consider
that a typical requester is located at the origin and can establish
D2D links with proximate LoS EEDs only. Therefore, perfect
antenna alignment is considered for the intended D2D link,
and uniform random antenna alignment is considered for the
interfering links. A pictorial illustration of the system model
is shown in Fig. 1.

The requester is assumed to have one task divided into n
independent and equal segments.1 The segments are encap-
sulated into n packets transmitted via D2D communications
to different proximate workers. The workers are sequentially
allocated since a single mmWave interface is available at the
requester. The workers are selected randomly from the list of
available LoS EEDs provided by the edge orchestrator. Due
to fluctuations in channel conditions, communication between
the requester and the worker may encounter errors, which
may require multiple attempts to deliver the segment and
allocate the worker successfully. Each segment transmission
attempt via D2D communication takes τc seconds. The worker

1Tasks with inter-segment dependencies, intermediate synchronization, or
precedence constraints, as in DAG-structured workflows, fall outside the
present scope of our model.
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TABLE I: Summary of edge computing related works

Work MEC EEC Large-scale modeling (SG) Spatiotemporal (SG+queueing) Spatiotemporal EEC

MEC task offloading and control [22]–[28] ✓ × × × ×
EEC workload orchestration [11], [29]–[31] × ✓ × × ×
Hybrid MEC-EEC workload orchestration [32], [33] ✓ ✓ × × ×
SG-based works [12], [34], [35] ✓ × ✓ × ×
Spatiotemporal-based works [38]–[43] ✓ × ✓ ✓ ×
This work ✓ ✓ ✓ ✓ ✓

begins executing the segment immediately upon receiving
the segment successfully. Upon receiving an acknowledgment
(ACK) indicating a successful transmission, the requester of-
floads the remaining segments to other available LoS workers.
Conversely, if a negative acknowledgment (NACK) is received,
it indicates a transmission failure, prompting the requester to
retransmit the same task segment until successful delivery. The
ACK and NACK notifications are assumed to be transmitted
over a perfect feedback channel. The result of each worker’s
assigned segment is returned to the requester as soon as that
worker finishes executing it. We assume the communication
time for returning these segment results is negligible, which
aligns with our target domain of IoT monitoring and dis-
tributed inference pipelines. In such scenarios, outputs such as
classification labels or control commands are compact relative
to input data like sensor streams or high-resolution images.
This simplification is also consistent with standard practice in
related literature [22], [35], [43].

B. Offloading Success Probability with Random EED Selec-
tion

To calculate the average task response delay, we first need
to obtain the average segment offloading time. The worker
correctly receives the segment if the SINR is above a given
threshold ξ. Otherwise, the segment has to be retransmitted.
Hence, the first step in investigating the response delay is
to find the D2D communication success probability between
the requester and the randomly selected LoS worker. Such
probability will be utilized later within an ACTMC to find
the average task response delay. Following [44], the received
SINR at the intended worker is given by

SINR =
h0MrMwCLr

−αL
0

σ2 + IN + IL
, (1)

and the successful D2D transmission probability of a segment
can be expressed as

ps = P {SINR > ξ} = P
{
h0MrMwCLr

−αL
0

σ2 + IN + IL
> ξ

}
. (2)

Here, h0 is the intended channel power gain, CL is the
intercept of the LoS channel, r0 is the distance between the re-
quester and the intended LoS worker, IL is the aggregate inter-
ference from other active LoS requesters, IN is the aggregate
interference from other active NLoS requesters. Moreover, σ2

denotes the normalized noise power, i.e., σ2 ≜ σ2
th/Pt, where

σ2
th is the thermal noise power over bandwidth B and Pt is

the transmit power of each active requester. Let ΩL ⊂ Ω and
ΩN = Ω \ {(ΩL) ∪ (0, 0)} be the point processes of the LoS

and NLoS requesters, respectively. Then, the LoS and NLoS
interference terms as described in [44], are then expressed by

IL =
∑

i>0:xi∈ΩL

hiDiCL ∥xi∥−αL , (3)

and
IN =

∑
i>0:yi∈ΩN

giDiCN ∥yi∥−αN , (4)

where hi is the ith LoS interfering link channel power gain, gi
is the ith NLoS interfering link channel power gain, CN is the
intercept of the NLoS channel, ∥·∥ is the Euclidean norm, and
Di is the antenna gain for the ith interfering requester in ΩL

or ΩN . Given the sectored antenna model and the uniformly
random alignment between a typical worker and an interfering
requester, Di is a discrete random variable with four possible
outcomes, each corresponding to a specific antenna gain
scenario. These scenarios reflect the four possible alignments
between the worker and the interferer requester, each with a
specific probability. The distribution is P{Di = ak} = bk for
k ∈ {1, 2, 3, 4}, with ak and bk as defined in Table II.

The D2D transmission success probability given by (2) is
characterized in Theorem 1.

Theorem 1: The spatially averaged probability of success-
ful segment offloading via mmWave D2D communication to
a randomly selected LoS worker from Φw is given by

ps =

∫ RL

0

NL∑
n=1

(
NL

n

)
2r0(−1)n+1eMn(ξ)σ

2−Wn(ξ)−Zn(ξ)

R2
L

dr0,

(5)
where Mn(ξ) = − ηLnr

αL
0 ξ

CLMrMw
, while Wn(ξ) and Zn(ξ) are

given by

Wn(ξ) = 2πνr

4∑
k=1

bk

∫ RL

0

(
1− 1(

1 +
ηLāknξ(

r0
x )αL

NL

)NL

)
xdx,

(6)

Zn(ξ) = 2πνr

4∑
k=1

bk

∫ ∞

RL

(
1− 1(

1 +
nLāknξCNr

αL
0

CLxαN NN

)NN

)
xdx.

(7)
Here, āk = ak

MrMw
, and bk along with ak for 1 ≤ k ≤ 4 are

defined in Table II.
Proof: The proof can be found in Appendix A

C. Average Task Response Delay Calculation

The task response delay is defined as the time needed
to process the n segments, beginning when the requester
starts offloading the first segment to the allocated EED
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TABLE II: Directivity Gain and Probability

k ak bk

1 MwMr
θw
2π

θr
2π

2 Mwmr
θw
2π

(
1− θr

2π

)
3 mwMr

(
1− θw

2π

)
θr
2π

4 mwmr

(
1− θw

2π

)(
1− θr

2π

)

and concluding when all n segments have been executed.
This delay encompasses both communication and computation
components, along with their interactions. However, due to the
randomness in factors such as EED locations and availability,
channel gains, computational power, and failure rates, the
delay calculated in this study is represented as an average
measure, referred to as the average task response delay. Note
that the average time that one segment takes to be executed
is To = τh + τf , where τh is the average offloading time
that the requester takes to offload a segment to a randomly
selected EED, and τf is the average time the segment takes to
be executed at the intended EED. In this context, τh = τc/ps,
where ps is the probability given in Theorem 1, and τc is the
average D2D communication time in mmWave networks.

The average task response delay cannot be simply repre-
sented as the sum of individual segment delays (̸= nTo), as this
would ignore both the parallel processing within the system
and the overlap between communication and computation
times. The system’s complexity, influenced by the interac-
tions between simultaneous segment processing, the stochastic
nature of communication offloading, and the overlapping of
communication and computation times, combined with the
fact that allocation and completion events can happen at any
moment, requires modeling using an ACTMC. To this end,
the successful offloading probability estimated in Theorem 1
is a core building block of the ACTMC, where the average of-
floading rate λh = 1/τh. Next, we delve into the foundational
ACTMC and embedded discrete-time Markov chain (EDTMC)
employed.

1) ACTMC and EDTMC: The state set of the ACTMC is
represented as S = {z = (xf , xc) |

∑
j xj ≤ n; j ∈ {f, c}},

where xf ∈ {0, 1, 2, · · · , n} denotes the number of workers
that have finished their assigned segments successfully, and
xc ∈ {0, 1, 2, · · · , n} denotes the number of workers that are
executing the assigned segments. For each task, ACTMC starts
at the state z1 = (0, 0), where the requester has a task that
is sliced to n segments but has not yet allocated any worker.
Each time the requester succeeds in allocating a LoS EED
via mmWave D2D transmission, a transition occurs from the
current state zi = (xf , xc) to the next state zj = (xf , xc+1).
Moreover, each time a worker is retired because of segment
completion, a transition from state zi = (xf , xc) to zj =
(xf + 1, xc − 1) occurs. Since the requester needs only n
workers, then xc + xf ≤ n and zL = (n, 0) is the absorbing
state that implies the termination of the ACTMC, where L is
the total number of states in the system.

Following the criterion mentioned above, segments offload-
ing and execution at the EEDs can be tracked with an ACTMC

with the following two-level hierarchical generator matrix

Q =



xf 0 1 2 3 ··· n

0 K0 H0,1 0 0 · · · 0

1 0 K1 H1,2 0
. . . 0

2 0 0 K2 H2,3
. . . 0

...
...

. . . . . . . . . . . .
...

n−1 0 · · · 0 0 Kn−1 Hn−1,n

n 0 · · · 0 0 0 0


,

(8)
where Q is a block matrix of size (n + 1) × (n + 1) that
tracks the number of finished workers xf . Since the task is
finished upon the completion of the n segments, then the state
xf = n is the absorbing state that indicates the termination of
the edge computing. Within each level of Q, the sub-matrices
Km and Hm,m+1 track the number of allocated workers xc.2

Exploiting the fact that xc+xf ≤ n, the matrix Hm,m+1 is of
size (n−m)×(n−m−1) that tracks xc due to the completion
of a segment by any of the workers. Let Hm,m+1(i, j), with
i ∈ {0, 1, 2, · · · , n − m} and j ∈ {0, 1, 2, · · · , n − m − 1},
denote the (i, j)th element of the matrix Hm,m+1. Then, due
to the parallelism in the computing at the EEDs along with
the fact that only one worker can finish at a given instance,
Hm,m+1 is given by

Hm,m+1(i, j) =

{
i µf , i = j + 1,

0, otherwise.
(9)

Using a similar argument, the matrix Km is of size (n−m+
1)×(n−m+1) that tracks xc upon allocating new workers. Let
Km(i, j), with i, j ∈ {0, 1, 2, · · · , n −m} denote the (i, j)th

element of the matrix Km. Accordingly, due to the sequential
worker allocation, Km(i, j) is given by

Km(i, j) =


−(λh + iµf ), i = j and i < n−m,

λh, i = j − 1 and i < n−m,

−(n−m)µf , i = j = n−m,

0, otherwise,
(10)

where λh = ps/τc is the offloading rate, ps is the D2D
transmission success probability given in (5), and τc is the
time required for each D2D transmission attempt.

The average task response delay cannot be directly obtained
for the matrix Q. Instead, we first need to obtain the EDTMC
of Q and the average sojourn time at each state. The EDTMC

2The hierarchical structure of the proposed ACTMC enables scalable
analysis and eliminates the need to visualize the full (n + 1) × (n + 1)
generator matrix, whose entries are submatrices.
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of Q is given by

P =



xf 0 1 2 3 ··· n

0 K0 H0,1 0 0 · · · 0

1 0 K1 H1,2 0
. . . 0

2 0 0 K2 H2,3
. . . 0

...
...

. . . . . . . . . . . .
...

n−1 0 · · · 0 0 Kn−1 Hn−1,n

n 0 · · · 0 0 0 1


,

(11)
where Km and Hm,m+1 track the transition probabilities due
to worker allocation and segment completion, respectively.
Moreover, the matrices Km and Hm,m+1 are given by

Km(i, j) =


λh

λh + iµf
, i = j − 1,

0, otherwise,
(12)

Hm,m+1(i, j) =


i µf

λh + iµf
, i = j + 1 and i < n−m,

1, i = n−m, j = n−m− 1,

0, otherwise.
(13)

2) Average Time until Absorption: After formulating the
ACTMC and obtaining the matrices Q and P, we now uti-
lize those to calculate the average task response delay. The
ACTMC has an absorbing state that is reached once all n
segments have been successfully executed at the allocated
EEDs. Based on that, the average task response delay is
equivalent to the average time until absorption in that state.
To calculate the average time until absorption, let xci ∈ zi be
the number of allocated workers in state zi, then the average
sojourn time tzi,zj

is given by

tzi,zj
=


1

xci
µf

,
if the transition from zi to zj
is due to segment completion,

1
λh

,
if the transition from zi to zj

is due to worker allocation.

(14)

Equipped with P and tzi,zj , the average task response delay
is given in Theorem 2.

Theorem 2: The average task response delay in the extreme
edge computing networks with mmWave D2D communica-
tions and n randomly allocated workers is given by

TA = α(I−PT )
−1w, (15)

where α = [1, 0, 0, . . . , 0] with a dimension of 1×L represents
the system’s initial state, I is the identity matrix, PT is the
transition probability of the transient states only in P, which
is obtained by excluding the transitions to the absorbing state
(the last row and column of P). The column vector w contains
the average sojourn times at states zi, which are given by
wzi =

∑
zj
P(zi, zj)tzi,zj , where P(zi, zj) is the transition

probability from state zi to zj .3

Proof: The proof can be found in Appendix B

3In line with the hierarchical structure of P, we use two-dimensional in-
dexing for its elements. Specifically, P

(
zi, zj

)
= P

(
(xfi , xci ), (xfj , xcj )

)
is the (xci , xcj ) element of the (xfi , xfj ) sub-matrix in P.

IV. ADVANCED SPATIOTEMPORAL ANALYSIS

To address the limitations of the baseline model, we intro-
duce an advanced model that analyzes location-aware EED
selection and accounts for potential EED failures. In addi-
tion, we propose task completion probability as a reliability
metric, particularly relevant in scenarios with limited and/or
failure-prone workers. This metric enables the quantification
of system robustness under uncertainty and further enriches the
performance evaluation of EEC environments by incorporating
reliability in addition to latency. Furthermore, we investigate
the impact of limited EED intensity relative to requester
intensity on EEC performance and examine a bias model
that enables collaboration between EEC and MEC, aiming
to enhance system performance, particularly when contention
over available LoS EEDs is high.

A. Advanced System Model

The advanced system model still shares some similarities
with the baseline model described in Section III-A. Such
similarities include the fact that workers and requesters are
still modeled as PPPs with intensities νw and νr, respectively.
In addition, the requester can only allocate the LoS EEDs
due to blockages. Thus, offloading is performed after obtain-
ing information on surrounding LoS EEDs from the edge
orchestrator, which maintains EED availability information.
Unlike the baseline model that assumes no scarcity of available
EED, the advanced system model considers a limited number
of available EEDs for each requester. In this case, when a
requester decides to offload a task, the orchestrator maintains
a pool with a limited number of EEDs, where the average
number of available EEDs is νwπR

2
L.

Moreover, when a requester probes the orchestrator for
information about surrounding LoS EEDs, their locations are
also included in the provided EED information. As a result,
the offloading shifts from randomly selecting a device to
preferring the closest ith device for the ith offloading action.
This refined approach aims to improve the probability of
successful offloading. By selecting a nearby device, the signal
quality improves, leading to a decrease in path loss and an
overall increase in both the successful offloading probability
and the offloading rate.

In addition, effectively handling EED failures is essential
for enabling realistic EEC operations; therefore, failure events
are explicitly considered. Specifically, if an EED fails during
task execution, the requester allocates a replacement EED.
It is important to note that the execution time impacts the
failure likelihood: the longer a device operates to complete
a task, the more exposed it is to disruptions and dropouts.
To quantify this, we define the failure rate as γ =

µf

l ,
where l represents the system reliability parameter, indicating
that an EED, on average, fails l times less frequently than
it successfully executes a task. For a task divided into n
segments, the failure rate for each device is expressed as
γn = γ

n .
Finally, to address congestion in practical scenarios resulting

from multiple requesters competing for the limited available
LoS EEDs, a collaborative offloading approach involving both
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EEC and MEC is explored to reduce the average response
delay. This method considers a bias factor, denoted by α,
which represents the proportion of requesters offloading their
tasks to EEDs.

B. Distance-based Successful Offloading Probability

Since EED allocation is done by selecting the closest device
to the requester. Let R = {R(1), R(2), ..., R(k), ..., R(n)} be
the sorted distance vector of all the LoS EEDs, where k
represents the rank of the EED in the sorted vector, such
that R(1) = min{R} and R(n) = max{R}. Theorem
3 represents the segment’s successful offloading probability
when selecting a new device based on its rank.

Theorem 3: The spatially averaged probability of success-
ful segment offloading via mmWave D2D communications for
a distance-based selected LoS worker is given by

ps(k)
=

∫ RL

0

NL∑
n=1

(NL

n

)
(−1)n+1eMn(ξ)σ2−Wn(ξ)−Zn(ξ)f(k)(r0)dr0 ,

(16)

where Mn(ξ) = − ηLnr
αL
0 ξ

CLMrMw
, Wn(ξ) and Zn(ξ) are given in

(6) and (7), f(x) = 2r0/R
2
L, F (x) = r20/R

2
L, V = πνwR

2
L,

and f(k)(x) is given by

f(k)(x) =
V ke−V f(x)F (x)k−1

(k − 1)!
e−V [F (x)−1]. (17)

Proof: The proof can be found in Appendix C
The offloading probability ps(k)

requires changing the
ACTMC and EDTMC to be level-dependent, which means
that any selected device has its own offloading rate. This
offloading rate is represented as λhk

= psk/τc, where psk
is the successful offloading probability of the kth closest EED
to the requester. The updated matrices are given as follows:

Km(i, j) =


−(λhi+1

+ iµf ), i = j and i < n−m,

λhi+1 , i = j − 1 and i < n−m,

−(n−m)µf , i = j = n−m,

0, otherwise,
(18)

Km(i, j) =


λhi+1

λhi+1
+ iµf

, i = j − 1,

0, otherwise,
(19)

and

Hm,m+1(i, j) =


i µf

λhi+1 + iµf
, i = j + 1 and i < n−m,

1, i = n−m, j = n−m− 1,

0, otherwise.
(20)

The practical implementation of distance-based EED se-
lection relies on efficient location acquisition mechanisms
with minimal overhead. The edge orchestrator can obtain
EED location information through several methods native
to modern wireless systems. The orchestrator can leverage
existing uplink reference signals, already transmitted by EEDs
for standard communication functions like channel state in-
formation (CSI) estimation, to determine EED locations [45].
This approach requires no dedicated additional signaling from

the EEDs, shifting the computational burden entirely to the
orchestrator [45]. Alternatively, EEDs can self-report their
positions using onboard GNSS/GPS capabilities by appending
location data to the registration messages they send to the
orchestrator to indicate their availability [46]. This method
introduces only a few bytes of overhead and operates at
a low frequency relative to task offloading cycles, ensuring
the signaling cost remains minimal [46]. Looking forward,
emerging 6G Integrated Sensing and Communication (ISAC)
paradigms are expected to further streamline this process,
as high-precision device location can be inferred directly by
analyzing communication signals and their interactions with
the environment, thereby eliminating dedicated positioning
signaling and its associated overhead [47].

C. Modeling EEDs Failure

To reflect the changes in the proposed model after introduc-
ing the system reliability parameter, the matrices Km and Hm

are now represented as follows:

Km(i, j) =



i γn, j = i− 1,

−i(γn + µf )− λhi+1 , i = j, i < n−m,

−(n−m)(γn + µf ), i = j = n−m,

λhi+1
, j = i+ 1, i < n−m,

0, otherwise,
(21)

Hm(i, j) =

{
i µf , j = i− 1,

0, otherwise.
(22)

Consequently, Km(i, j) and Hm,m+1(i, j) are modified as
follows:

Km(i, j) =



i γn
i(γn + µf ) + λhi+1

, j = i− 1, i < n−m,

γn
γn + µf

, i = n−m, j = n−m− 1,

λhi+1

i(γn + µf ) + λhi+1

, j = i+ 1, i < n−m,

0, otherwise,
(23)

Hm,m+1(i, j) =


i µf

i(γn + µf ) + λhi+1

, j = i− 1, i < n−m,

µf

γn + µf
, i = n−m, j = n−m− 1,

0, otherwise.
(24)

Moreover, the average sojourn time tzi,zj = 1
xciγn

if the
transition from zi to zj is due to a failure.

D. Task Completion Probability

To further assess the resilience of the EEC system under
realistic conditions, we introduce the task completion probabil-
ity metric. It quantifies the likelihood that all parallelized task
segments are successfully executed by dynamically recruited
EEDs under conditions of limited worker availability and/or
potential device failures. While the average task response delay
serves as the primary metric for evaluating latency perfor-
mance and identifying the optimal number of task segments n,
it does not guarantee successful task completion. In contrast,
task completion probability offers insight into the reliability of
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the system by capturing the probability that all task segments
are completed successfully. By analyzing both metrics jointly,
we can determine the segmentation level n that satisfies not
only delay minimization but also a desired reliability threshold.
This enables informed decision-making for applications with
varying priorities. For instance, safety-critical systems may
prioritize reliability, whereas latency-sensitive tasks, such as
real-time video processing, may focus on minimizing delay.

Mathematically, let ρt(i) denote the probability that all n
task segments are successfully completed, starting from system
state i. This probability is computed recursively as:

ρt(i) =


1, if i is a success state,
0, if i is a failure state,∑

j P (i, j) · ρt(j), otherwise (transient state),
(25)

where P (i, j) is the transition probability from state i to state
j, and j indexes the successor state. A success state occurs
when all n segments have been executed, whereas a failure
state corresponds to scenarios in which the system exhausts
its capacity to recover due to persistent failures and/or low
worker intensity. The system-wide task completion probability,
denoted by ρt, is defined as ρt(0), where i = 0 corresponds
to the initial state with no workers recruited and no segments
completed. The transition probabilities P (i, j) are derived
from the failure-aware EDTMC, capturing the effects of failure
events and recovery dynamics.

E. Worker Status and EED Bias Factor

Let α ∈ [0, 1] denote the bias factor, representing the
fraction of requesters that offload to EEDs. This yields a
requester intensity of νrα = ανr for EEC offloading, while
the remaining (1 − α)νr offload to MEC. This approach
enables studying a combined EEC-MEC offloading strategy
that balances computational load between both resources.

The availability of a worker (EED) depends on the following
parameters:

1) The intensity of other workers νw, since the probability
of an EED being available decreases with fewer workers.

2) The task execution rate µf , since the higher the execu-
tion rate, the higher the probability that the EED will be
idle.

3) The intensity of the requesters νr, since each requester
needs to allocate EEDs to execute its task, and thus
the higher the number of requesters, the higher the
probability that the EED will be busy executing a task.

Consequently, the status of each worker is represented by
a continuous-time Markov chain (CTMC), where the worker
can be in one of two states: idle, indicating it has no current
task segment and is ready to receive one, and busy, indicating
it is actively computing a segment. Fig. 2 illustrates the states
and transitions in the worker’s CTMC.

To model congestion, this CTMC determines the intensity of
idle EEDs in scenarios where requesters compete for available
EEDs. Let π = {πidle, πbusy} be the vector that represents
the probability that an EED can be at the idle state or the
busy state, respectively. The value of π is obtained by solving

busyidle

nµf

nνr

νw

Fig. 2: Worker CTMC

πQ = 0 and
∑

s πs = 1 where s ∈ {idle, busy} and Q is the
state transition matrix of the CTMC. After solving, the value
of πidle, which reflects the probability of an EED being idle,
is given by

πidle =
µf

µf + νr

νw

. (26)

Note that the steady state solution πidle does not depend on
the number of task segments n. This is because, as the number
of task segments increases, the probability of an EED being
assigned a task and becoming busy also increases. However,
the EED will complete its task more rapidly, returning to an
idle state again.

Utilizing πidle, the intensity of the EEDs that are idle is
νwidle

= πidle ∗ νw, and the intensity of the EEDs that are
busy is νwbusy

= νw − νwidle
. As explained before, the value

of νwidle
depends on the value of νr, so low values of the

bias factor α can be utilized to reduce the intensity of the
requesters that will offload to EEDs, which will increase the
number of available EEDs. Conversely, decreasing the value of
α will increase the load on the MEC. To achieve the balance
in the average response delay in both EEDs and MEC, let
τα = α× τEEDs + (1− α)× τMEC be the average response
delay for the EEDs and the MEC, and the optimal value of α
will be the one that results in the lowest value of τα.

It is worth highlighting that by congestion we mean sce-
narios where requesters face difficulty in finding available
EEDs due to system wide resource scarcity. This does not
refer to multiple requesters competing for specific idle EEDs,
because the edge orchestrator inherently prevents such device
level contention through centralized management of EED
assignments. The orchestrator maintains exclusive control over
worker allocation, ensuring that each available EED is as-
signed to at most one requester at any time. Instead, congestion
manifests mathematically through the effective idle worker
intensity νwidle , which serves as a fundamental parameter in
our spatiotemporal analysis and directly quantifies the system
wide availability of computational resources. When νwidle is
low, indicating scarce EED availability, the allocation process
becomes more challenging: requesters are forced to connect
to more distant EEDs. This degradation reduces the D2D suc-
cess probability, increases retransmission rates, and prolongs
worker allocation time, thereby increasing the task response
delay. To mitigate these effects, we tune the bias factor α to
control the EEC-MEC split under congestion.

V. NUMERICAL RESULTS AND SIMULATION

This section presents numerical and simulation results to
validate the proposed spatiotemporal models and evaluate their
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TABLE III: Numerical Parameters

Parameter Value
Workers Intensity (νw) 7× 10−4 m−2

Requester Intensity (νr) 1× 10−4 m−2

Carrier frequency 28 GHz

LoS and NLoS path loss exponent (αL, αN ) 2, 4 [48]
Fading values for LoS and NLoS (NL, NN ) 3, 2 [48]
Path loss intercepts (CL, CN ) −61.4 dB, −72 dB [48]
Main lobe gains (Mw = Mr) 5 dBi [49]
Side lobe gains (mw = mr) -5 dBi [49]
SINR threshold (ξ) 5 dB [48]
3-dB beamwidth (θr = θw) 45◦ [44]
Bandwidth (B) 200 MHz [44]
Transmit power (Pt) 30 dBm [44]
Noise figure 10 dB [44]
Thermal noise power

(
σ2
th = −174 dBm/Hz

+10 log10
(
B[Hz]

)
+10 dB (noise figure)) [49]

−81 dBm

Normalized noise σ2 = σ2
th/Pt −111 dB

Task execution rate (µf ) 0.02 task/second
D2D communication time (τc) 1 second
Maximum radius for LoS devices (RL) 100 m
Reliability parameter (l) 3

performance across a wide range of operating conditions. We
first confirm the accuracy of the analytical framework and
then conduct sensitivity analysis that systematically explores
the impact of key system parameters to assess the robustness
of the observed trends. Unless otherwise stated, the default
network parameters are listed in Table III. The key mmWave
communication parameter values are selected in line with well-
established mmWave studies in the literature. We emphasize
that the developed mathematical model remains valid across
a broad range of parameter values; the specific choices are
adopted to demonstrate a typical operating conditions.

The Monte Carlo simulations are conducted over an area of
10 km2, where requesters and EED workers are generated as
independent PPPs, and a typical requester is fixed at the origin.
Around this requester, a disk of radius RL defines the region of
potential LoS links; devices inside this disk are tagged as LoS
and those outside as NLoS. For every D2D link, we apply the
distance-dependent path-loss model and sample channel fading
gains from the corresponding Gamma distribution. Directional
beamforming gain is computed from the actual link angles
at the transmitter and receiver by selecting one of the four
possible combined gains specified in Table II. The typical
requester offloads to LoS workers within radius RL according
to the considered policy (random or location-aware); for each
candidate worker, we compute its received SINR, including
aggregate interference from LoS and NLoS requesters, and
declare the offloading attempt successful if the SINR exceeds
the threshold ξ. Repeating this over 105 independent network
realizations yields the successful offloading probabilities of the
first, second, and subsequent ordered workers, which are then
converted into offloading rates.

Given a segmentation level n, we next simulate the
ACTMC-based queueing model to obtain the end-to-end task
response delay. The task is split into n equal segments, and
we simultaneously track (i) sequential offloading, where an
additional segment is assigned to a worker with an offloading
rate determined following the procedure described previously,

and (ii) parallel execution of the offloaded segments, which
complete with exponential service times of mean 1/(nµf ).
Starting from an initial configuration where no segment has
yet been offloaded, we track the time until all n segments have
completed, which gives one realization of the end-to-end task
response delay. Averaging these delays over 105 realizations
yields the simulated average task response delay.
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Fig. 3: Average D2D offloading success probability vs SINR
threshold ξ.

Fig. 3 shows the average successful offloading probability
ps for the random and ordered EED-selection scenarios as
a function of the SINR threshold ξ for different values of
the LoS radius RL. The case k = 1 corresponds to offload-
ing to the nearest EED relative to the requester. The close
match between the Monte Carlo simulations and the proposed
analytical expressions confirms the accuracy of Theorems 1
and 3 over a wide range of ξ and RL values. As expected,
ps decreases monotonically with ξ because a higher SINR
threshold imposes a stricter link-quality requirement, making
successful offloading less likely. The figure also reveals a
strong sensitivity to the EED-selection strategy: offloading to
the nearest device (k = 1) consistently achieves a much higher
success probability than random selection, owing to the shorter
average distance between the requester and the worker and,
hence, a stronger received signal power. Furthermore, varying
RL illustrates the impact of the propagation environment.
Larger RL values increase the likelihood of longer LoS D2D
links and simultaneously expose the requester to stronger
interference from other LoS transmitters, both of which reduce
the successful offloading probability.

Fig. 4 depicts the average task response delay as a function
of the number of allocated workers (segments) n. The close
agreement between the Monte Carlo simulations and the
proposed analytical expressions validates Theorem 2 over a
wide range of n values. Consistent with Fig. 3, selecting EEDs
based on their distance from the requester significantly reduces
the average response delay compared to random selection.
This improvement stems from reduced offloading time, which
results from the higher probability of successful offloading
when associating with closer devices.

The figure also illustrates the sensitivity of the average
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Fig. 4: Average task response delay vs the number of task
segments.

delay to the segmentation level n, revealing a key design
insight: an optimal number of segments n exists that mini-
mizes the average task response delay. This behavior directly
manifests the fundamental trade-off between communication
and computation. For small to moderate n, increasing the
number of segments reduces computation time because more
workers share the task, while the additional communication
overhead remains limited, thereby decreasing the overall delay.
This trend continues until the communication delay, driven
by longer links and more frequent retransmissions, becomes
dominant and outweighs the reduction in computation delay,
causing the average task response delay to increase.

A. Baseline Model Results

After validating the theoretical analysis against simulations,
we conduct a sensitivity analysis to examine how key system
parameters affect the performance of the baseline model.

Fig. 5 provides a sensitivity analysis of the optimal seg-
mentation level with respect to key system parameters. In all
subfigures, the red dots indicate the minimum average task
response delay, i.e., the operating point where the system
allocates the optimal number of workers n. In Fig. 5(a), we
observe that the optimal number of workers strongly depends
on the task execution rate µf . When µf is small, each worker
is relatively slow, so involving more workers is beneficial to
reduce the computation time, which shifts the optimal point to
larger n. As µf increases, each worker can process tasks faster,
and fewer workers are needed to minimize the response delay.
Beyond the optimal n, adding more workers only increases
the offloading overhead and the likelihood of retransmissions,
which leads to performance degradation and explains the rise
of the curves after the red dots.

Fig. 5(b) explores the impact of the ratio µf/λh, where λh

is the average offloading rate. When µf is low relative to
λh, the system is computation-limited: computation dominates
the total delay, and more workers are required to reduce the
response time. As µf increases relative to λh, the benefit of
parallelism diminishes and the optimal n decreases. The case
µf/λh = 1 corresponds to a regime where communication and

computation delays are of the same order; in this case, offload-
ing to a single worker is sufficient, as further segmentation
would primarily increase communication costs without provid-
ing meaningful computation gains. Finally, Fig. 5(c) shows the
effect of the SINR threshold ξ. Increasing ξ tightens the link-
quality requirement, which reduces the successful offloading
probability and increases the expected communication delay.
In this communication-limited regime, it becomes preferable
to use fewer workers to avoid excessive offloading overhead,
and thus the optimal n shifts to smaller values. Overall,
this figure highlights how the optimal segmentation level is
highly sensitive to these main system parameters and provides
practical guidelines for tuning n under different operating
conditions.

To test the performance of our proposed EEC framework,
we conduct a comparison against centralized MEC systems
under various computational and congestion scenarios. The
MEC employs an advanced parallel architecture [41], [50]
where a single physical machine (PM) hosts multiple VMs for
concurrent task processing. In all MEC scenarios, requesters
within the LoS radius RL offload complete tasks without par-
titioning, with congestion defined by the number of concurrent
requesters served. We analyze a practical MEC that possesses
computational power five times superior to that of an EED,
which is consistent with typical values reported in literature
[50]. We also analyze a more powerful MEC that possesses
computational power ten times superior to that of an EED,
representing a high-performance edge server, to further stress-
test EEC’s capabilities.

While practical MEC implementations suffer from I/O inter-
ference losses between VMs [41], our analysis conservatively
assumes lossless parallelization where computational power is
perfectly divided, presenting a best-case scenario for MEC
performance. The MEC communication delay is computed
similarly to that of the EEDs, while the average computation
delay at the MEC is modeled as an exponential random vari-
able with execution rates of 5µf and 10µf for the 5x and 10x
power ratios, respectively, where µf = 0.007. This establishes
a true parallel-vs-parallel comparison: our distributed EEC
architecture against a centralized but parallel MEC system.

Fig. 6 illustrates the average task response delay as a func-
tion of segmentation count (n) for EEC alongside MEC con-
figurations. The results demonstrate that when (νrMEC

= νr),
EEC achieves significantly superior performance compared to
the practical 5x MEC system, despite our ideal modeling of
MEC capabilities. Remarkably, even when challenged by the
more powerful 10x MEC configuration, EEC with optimal task
segmentation (n = 13) maintains lower average task response
delay. This optimal operating point represents a crucial balance
between communication overhead and computational paral-
lelism: below this threshold, EED computational resources
remain underutilized, while beyond it, communication costs
increase unnecessarily.

Furthermore, the analysis reveals MEC’s inherent vulnera-
bility to requester congestion and underscores EEC’s core ad-
vantages stemming from distributed spatial parallelism. For the
5x MEC case, we observe three distinct performance regimes:
minimal delay under no congestion (νrMEC

= 0), where the
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Fig. 5: Average task response delay (TA) vs the number of allocated workers (n) for different system parameters.
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server dedicates full resources to a single task; significant
degradation under moderate congestion (νrMEC

= νr); and
nearly doubled delay under high congestion (νrMEC

= 2νr).
This pronounced sensitivity to user load contrasts with EEC’s
congestion-resilient architecture, which effectively leverages
underutilized edge resources to enable scalable, low-latency
computation while avoiding the single-point congestion bot-
tlenecks that afflict centralized MEC systems.

B. Advanced Model Results

Here, we conduct a sensitivity analysis of the advanced
system model to investigate how key parameters affect per-
formance and to derive system-level design insights.

Fig. 7 plots the average response delay across different
task execution rates (µf ), comparing random EED selection
(dashed lines) with ordered selection (solid lines). Across all
µf values, ordered selection achieves a lower average delay
and shifts the delay-minimizing segmentation level to a larger
optimal n (red markers). This gain, reaching up to about 22%
delay reduction, is primarily driven by shorter offloading links,
which increase the offloading success probability and reduce
retransmissions, thereby lowering the effective communication
cost and allowing the system to exploit parallelism more
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Fig. 7: Average response delay of random (dashed) versus
ordered (solid) selection of devices under varying µf .

efficiently. When combined with the low-overhead location
acquisition methods discussed in Section IV-B, these results
support the practicality of location-aware selection for improv-
ing EEC performance.

In Fig. 8, as expected, incorporating device failures in-
creases the average task response delay. It also shifts the
optimal number of task segments n to a larger value. This
behavior stems from the coupling between the failure rate
γ and the execution rate µf : when the task is divided into
more segments, each worker handles a smaller portion of the
task, which effectively reduces the per-segment failure rate
γn and lowers the probability of failure events. However, this
trend persists only up to a certain segmentation level. Beyond
that point, further splitting the task requires allocating more
devices, which significantly increases the offloading time;
the resulting communication cost eventually dominates the
reduction in failure probability and causes the average task
response delay to rise. This figure therefore highlights the
sensitivity of both the delay and the optimal segmentation level
to the failure parameter γ and underscores the importance of
jointly accounting for reliability and communication overhead
when selecting n.

To examine congestion due to worker scarcity, we con-
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under the ordered offloading while considering failure.

duct an additional experiment to evaluate the impact of the
worker intensity νw on the average task response delay. As
shown in Fig. 9, lower values of νw lead to significantly
higher delays and a smaller optimal number of task segments.
This behavior is primarily due to the limited number of
available LoS EEDs, which induces congestion as multiple
requesters compete for a scarce set of workers. In such cases,
the few accessible workers are often located farther from
the requester, resulting in weaker D2D links and a reduced
offloading success probability, thereby increasing the time
required to allocate each task segment. The figure further
shows that, under low νw, the average response delay rises
sharply beyond a certain segmentation level and continues
to increase as n grows, reflecting the growing difficulty of
recruiting reliable LoS workers. Consequently, in worker-
congested regimes, deviations from the optimal segmentation
level incur a much larger delay penalty. This sensitivity to
νw highlights the importance of the EEC-MEC collaboration
approach proposed in this work: by offloading excess demand
to MEC resources when worker intensity is low, the system can
effectively mitigate congestion at the EED level and maintain
low response delays under constrained worker availability.

To guide system design, Fig. 10 plots the contour of the
optimal task segmentation, n∗, as a joint function of worker
intensity (νw) and task execution rate (µf ). This design map
reveals three core operational regimes. First, in the high νw
and low µf regime, n∗ is high. This is because abundant
nearby workers minimize the communication overhead of
offloading, while the slow task execution rate ensures that
the computation speedup from parallelization is significant
enough to outweigh these communication costs. Second, under
low νw, n∗ is forced to be low regardless of µf , confirming
that worker scarcity creates a communication bottleneck that
dominates performance. Third, for high µf , n∗ remains low
even with ample workers, as the minimal computation time
makes parallelization gains insignificant compared to the fixed
offloading cost. Collectively, this map provides a vital practical
tool, showing that optimal operation requires matching the
segmentation strategy to the specific environment. Aggres-

sive parallelization is only beneficial in dense networks with
computationally intensive tasks, while simpler tasks or sparse
networks require minimal segmentation to avoid excessive
communication overhead.

Fig. 11 illustrates the task completion probability as a
function of the EED reliability parameter l. As expected,
the completion probability decreases as l decreases, reflecting
a higher likelihood of worker failure and, consequently, a
reduced chance of successful task execution. More impor-
tantly, increasing the number of task segments n consistently
enhances the completion probability. This improvement arises
because smaller segments have shorter execution durations,
which reduces the risk that a worker fails before finishing
its assigned portion. However, beyond a certain segmentation
threshold, the marginal gains in reliability begin to diminish.
As segment sizes become very small, further segmentation
provides limited additional benefit while incurring extra com-
munication overhead, which can increase the total task re-
sponse delay. Hence, achieving very high reliability (e.g., a
completion probability of 0.99) may require operating at a
segmentation level n that is larger than the value minimizing
the average response delay. Such scenarios often arise in
applications with stringent reliability requirements, where the
system designer may deliberately choose a higher n to ensure
task completion, even at the expense of increased latency.

These results highlight the value of considering task com-
pletion probability as a reliability metric alongside the average
task response delay. Together, these metrics provide a more
complete perspective for selecting a segmentation level n that
balances latency and reliability for a given application. It
is also worth noting that the system congestion level plays
a critical role in this trade-off. As discussed earlier, while
increasing n generally improves reliability, the associated
delay penalty is highly sensitive to congestion. For example, in
highly congested scenarios with low worker intensity, pursuing
very high reliability by increasing n can cause a sharp rise in
response delay, as clearly illustrated in Fig. 9.

Next, we investigate EEC-MEC collaboration and how the
optimal α systematically shifts in response to changing con-
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(b) Low worker intensity νw/4, µf = 0.02
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Fig. 12: Average task response delay vs. portion of requesters offloading to EED (α) under different system parameters.

gestion conditions, quantified through the effective idle worker
intensity νwidle

. Using the ordered offloading with MEC
computational power set to five times that of a single EED,
Fig. 12 depicts the average response delay for: the portion of
requesters using EEC exclusively, the portion utilizing MEC
exclusively, and the combined system across varying bias
factor α values. The combined system represents the overall

performance metric we aim to optimize, reflecting the average
response delay experienced by any typical requester in the
system. The depicted scenario begins with a single requester
utilizing EEC, while the others offload to MEC. Subsequently,
as α increases, the situation gradually shifts until one requester
exclusively relies on MEC and the rest use EEC.

Fig. 12(a) shows the average response delay under low task
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execution rate, which inherently reduce idle worker density
and contribute to system congestion. The low execution rate
prolongs task completion times, decreasing the effective idle
worker intensity νwidle

and constraining the available EED
pool. This congestion effect reveals an optimal operating point
at α = 0.4, where the system balances EEC utilization against
resource scarcity. As α increases from zero, growing EEC
usage alleviates MEC congestion, initially reducing combined
system delay. However, beyond α = 0.4, the limited LoS EED
availability becomes critically strained, forcing allocations
to more distant workers and degrading D2D performance,
ultimately increasing the average response delay. The optimal
α thus represents the precise balance that minimizes system-
wide delay by avoiding both excessive MEC load (at low α)
and EEC resource saturation (at high α).

Fig. 12(b) examines the impact of low worker intensity,
revealing how fundamental resource scarcity shifts the optimal
operating point to α = 0.2. The critically low worker density
dramatically reduces νwidle

and limits the availability of LoS
EEDs. This scarcity forces the allocation of more distant work-
ers, increasing communication delays and retransmissions. The
optimal α shift to 0.2 represents the system’s adaptation to this
constrained environment, where only minimal EEC utilization
can be supported without overwhelming the limited worker
pool and degrading overall performance.

Fig. 12(c) presents the average response delay under low
requester intensity, which significantly increases νwidle

and re-
duces system-wide congestion. The optimal operating point at
α = 0 demonstrates that exclusive MEC offloading minimizes
average response delay. In this uncongested regime, MEC’s
superior computational power provides faster task completion
than distributed EEC processing, despite the availability of
LoS EEDs. While EEC performance remains stable across
α values due to ample worker availability, the absence of
requester-level congestion eliminates MEC’s scalability lim-
itations, allowing its computational advantage to dominate.
This result validates our framework’s ability to identify when
centralized MEC resources outperform distributed EEC ca-
pabilities based on system congestion conditions quantified
through νwidle

.
Fig. 12(d) presents a high requester intensity scenario,

where the optimal operating point shifts dramatically to
α = 0.8. This significant result demonstrates that extensive
EEC utilization becomes the dominant strategy under high
congestion, as its distributed nature provides crucial scalability
that centralized MEC cannot match when overwhelmed by
high requester density. The optimal α = 0.8 indicates that 80%
of requesters should be served by EEC resources, leveraging
the parallel processing capabilities of EEDs to alleviate MEC
congestion. This finding clearly validates our paper’s core
contribution: EEC emerges as a vital computational paradigm
in high-density scenarios, where its distributed architecture and
spatial resource pooling overcome the scalability limitations of
traditional edge computing.

VI. CONCLUSION AND FUTURE WORK

This paper presents a novel spatiotemporal framework for
EEC in large-scale mmWave networks, integrating SG with

an ACTMC to jointly model mmWave D2D offloading and
parallel computation, including their temporal overlap. The
framework enables a tractable end-to-end evaluation of two
key metrics, the average task response delay and the task
completion probability, providing a unified view of latency and
reliability. Our analysis, validated by Monte Carlo simulations
and sensitivity studies, reveals a fundamental communication-
computation trade-off. This trade-off yields an optimal task
segmentation level that minimizes delay, balancing the benefits
of parallelism against the overhead of excessive offloading.
This optimum depends critically on operating conditions, such
as D2D link quality, computation speed, and worker density,
making aggressive parallelization beneficial for computation-
heavy tasks with sufficient nearby workers. Furthermore,
location-aware EED selection consistently outperforms ran-
dom selection; by improving offloading success, it pushes
the delay-optimal segmentation level higher, enabling greater
parallelism gains.

Extending the analysis to practical impairments, we find that
EED failures shift the delay-optimal segmentation level higher,
as smaller segments enhance resilience against device failure.
Conversely, worker scarcity reduces the optimal segmentation
level to limit offloading overhead; in such resource-constrained
scenarios, deviating from the optimum incurs a severe delay
penalty. Furthermore, meeting stringent reliability targets may
require operating above the delay-optimal point, underscoring
the trade-off between latency and reliability. Finally, regarding
EEC-MEC collaboration, we demonstrate that the optimal
bias factor adapts to congestion by balancing MEC load
against worker scarcity to minimize system delay. Overall, this
work provides a rigorous analytical foundation and practical,
sensitivity-aware guidelines for EEC system design, enabling
informed decisions on task segmentation, offloading strategies,
and collaboration across a broad range of operating conditions.

Future work will generalize the proposed spatiotemporal
framework to support heterogeneous segment sizes and to
incorporate dependent-task workflows with precedence con-
straints, such as DAG-structured workflows, including syn-
chronization requirements. We plan to explore two comple-
mentary directions: (i) a stage-wise abstraction that repre-
sents the workflow as an ordered sequence of dependency-
constrained stages, where the proposed analysis is applied
at the stage level and the end-to-end delay is obtained by
composing stage delays; and (ii) a partition-based abstrac-
tion that groups dependent subtasks into a small number of
macro-tasks executed under precedence constraints, together
with corresponding readiness-aware extensions to the delay
characterization. In parallel, heterogeneous EED capabilities
will be addressed by incorporating selection policies that map
segments or workflow components to workers according to
their computational power. Finally, we also plan to extend
the framework to applications with non-negligible result pay-
loads. This requires augmenting the ACTMC with an explicit
result-return phase, and studying how result communication
influences segmentation decisions, location-aware offloading
benefits, and the MEC-EEC load-balancing bias factor.
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