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Abstract—Real-time wearable systems face a fundamental
tension between deploying accurate AI inference models on
resource-constrained edge processors and guaranteeing that
physiological insights are delivered within clinically meaningful
deadlines. This work presents a deadline-aware performance
model for wearable edge inference using an M/G/1/k priority
queue with load-dependent service vacations, characterizing end-
to-end delay, stability and energy by linking sensing load, model
computational cost and processor capacity. Validation against
trace-driven simulations across profiled fatigue detection and
oxygen uptake estimation models confirms mean delay predic-
tion errors below 10% under well-provisioned, low-utilization
conditions with robustness confirmed under correlated bursty
arrivals, and energy predictions accurate across all load regimes.
For concurrent multi-task execution, progressive task isolation
is formally proven to strictly reduce per-task delay along a
specified isolation sequence. Furthermore, a validated energy-
competitiveness frontier derived from the closed-form relative
energy-overhead expression allows the partitioning of the design
space into three regions that help guide initial architectural
decisions before hardware prototyping.

Index Terms—Edge-AI, wearable IoT, deadline-aware schedul-
ing, energy-latency tradeoff, multi-task edge computing

I. INTRODUCTION

INTELLIGENT wearable systems have emerged as a crit-
ical class of Internet-of-Things (IoT) devices, integrating

multimodal sensing, embedded machine learning, and wireless
communication to enable continuous physiological monitoring
in health and sports environments [1]. The integration of
artificial intelligence (AI) into such IoT infrastructure has
further enhanced the capabilities of wearable systems to
process physiological data at the network edge [2]. Recent
advances demonstrate this capability, from IoT-enabled blood
glucose prediction on embedded devices [3], to deep learning
frameworks for personalized cardiac monitoring via wearable
systems [4], showcasing the fundamental impact of intelligent
wearable systems.

Within this landscape of AI-enabled healthcare IoT are time-
critical physiological monitoring systems that require low-
latency processing to prevent severe and often irreversible
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outcomes, such as detecting cardiac emergencies [5], prevent-
ing fatigue-related injuries [6], [7], or enabling preventive
monitoring in athletic performance [8], [9]. However, the
usefulness of these physiological insights depends entirely
on whether wearable systems can infer in real time [10],
[11], as even systems with sensors capable of capturing
rich multimodal data remain ineffective if embedded models
cannot produce timely predictions [12]. Multiple reviews of
wearable AI systems emphasize that inference delays directly
undermine applications where actionable decisions must occur
within strict deadlines [13], yet latency predictability and real-
time guarantees remain fundamental challenges across IoT
and cyber–physical systems, where heterogeneous sensing and
compute workloads must meet strict timing requirements [14],
[15]. Related edge-health studies have explored wearable-
sensor inference using local edge processing [16] and Mobile
Edge Computing (MEC)-enabled decentralized health moni-
toring for the Internet of Medical Things (IoMT) [17]. How-
ever, these approaches primarily address application-level edge
deployment, task offloading, or system-wide cost optimization,
rather than explicitly characterizing compute-aware queueing
delay, deadline feasibility, and architecture-level tradeoffs for
resource-constrained wearable inference [18].

Further narrowing to the wearable system use case, real-
time inference is also constrained by limited battery capacity
and compute budgets where even state-of-the-art deep-learning
models may consume several joules per inference, making
continuous operation impractical without careful optimization
[19], [20]. Generally, improving accuracy metrics, measured
by F1-score for classification tasks and R2 for estimation tasks,
typically increases computational cost, which increases latency
and energy consumption, whereas reducing the computational
cost risks degrading prediction quality until the model be-
comes operationally ineffective [21], [22].

Developing and validating such systems is further compli-
cated by the high cost of hardware prototyping. Selecting an
appropriate processor, estimating its effective throughput, and
matching it to the model’s computational demands requires
iterative testing with real sensor loads, incurring material cost,
development time, and firmware complexity. Thus, before
committing to hardware, there is a need for a principled
analytical framework to estimate whether a candidate edge
processor can meet latency and energy requirements under
realistic workloads.

Queueing-theoretic approaches have modeled throughput
and stability in communication networks [23], and have more
recently been extended to IoT systems where heterogeneous
traffic and variable service demands introduce non-trivial delay
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Fig. 1. System architecture of an AI-enabled wearable IoT node modeled as an M/G/1/k queue, capturing stochastic sensing arrivals, embedded compute
resources, multi-task interference, and real-time deadline constraints in edge intelligence deployments.

behavior [24], [25]. Further narrowing to the gateway level,
Pagliari et al. [26] demonstrate that concurrent services across
heterogeneous interfaces introduce queueing contention that
produces variable sojourn times, even when individual service
rates appear sufficient in isolation. At the node level, the same
contention produces load-dependent latency that cannot be
captured by static benchmarks, as sensing, preprocessing, and
communication services compete on a shared processor [27].
This is further complicated with multi-task interference on
wearable platforms, which causes the inference latency to
fluctuate unpredictably under realistic workloads [28]. Hence,
inference latency is not fixed but emerges from queueing
effects driven by competing tasks, stochastic service demands,
and fluctuating sensing loads. However, none of these models
capture compute-aware inference cost, energy–latency trade-
offs, or deadline feasibility within IoT nodes, which are
essential under stochastic edge-AI workloads.

This work closes that gap with a deadline-aware queueing
performance model for wearable edge inference, linking sens-
ing load, model cost, and processor capacity to end-to-end
delay, energy, and stability. The main contributions are:

• Queue-based wearable system performance model:
Analytical delay and energy predictions derived under
Poisson arrival assumptions and validated under bursty
arrival conditions across profiled physiological monitor-
ing models.

• Distributed isolation gain: A formal proof that progres-
sive task isolation strictly reduces per-task end-to-end
delay along a specified isolation sequence in concurrent
multi-task inference.

• Closed-form energy-competitiveness frontier: By ana-
lytically deriving the centralized–distributed energy gap,
we obtain a closed-form energy-competitiveness frontier,
providing insights on architecture selection.

• Operating-plane architecture selection: Combining the
energy-competitiveness frontier with the centralized sta-
bility boundary, we partition the design space to map

configurations for initial architecture decision-making or
pre-deployment guidance.

The remainder of this paper is organized as follows: Sec-
tion II presents the system model and analytical framework.
Section III derives the closed-form delay and energy expres-
sions, distributed isolation gain, and energy-competitiveness
frontier. Section IV describes the simulation methodology
and model profiling approach. Section V presents results on
analytical–simulation validation, and multi-task architectural
comparison. Section VI concludes the paper.

II. SYSTEM DESIGN OVERVIEW

Fig. 1 illustrates the proposed wearable inference pipeline
spanning communication, on-device inference, and down-
stream buffering stages. The system workflow is as follows: (1)
Multiple heterogeneous sensors generate inference windows,
fixed-length segments of raw sensor data, to be processed into
physiological metrics, at fixed stride intervals Tstride where
each window constitutes a discrete job submitted to the queue-
ing model for inference. (2) These jobs propagate through
H communication and inference stages. (3) Each stage is
modeled as an M/G/1/k queue [29] where M denotes Poisson
arrivals, G denotes general service times, 1 denotes a single
processor or relay, and k denotes finite buffer capacity, with
arrivals dropped if the buffer is full. For analytical tractability,
the closed-form waiting-time expressions approximate each
finite-buffer M/G/1/k node by its corresponding infinite-buffer
M/G/1 priority queue, while the finite capacity k and associ-
ated overflow behavior are retained explicitly in the simulation.
Table I summarizes the notation used throughout this paper.

The system is characterized by three core parameters: sens-
ing load (λ), computational cost (C), and processor capacity
(F ).

1) Sensing Load (λ): Each sensor outputs one inference
window every Tstride seconds, producing a time-varying Pois-
son arrival rate:

λdata(t) =
Ns(t)

Tstride
(1)
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TABLE I
NOTATION SUMMARY

Symbol Definition
System Parameters
T Number of concurrent inference tasks
τ Task index, τ ∈ {1, . . . , T}
θ Number of deployed processors
H Number of communication hops
k Finite buffer capacity per queue
T

(τ)
stride Sensing stride interval for task τ (s)

Twin Inference window duration (s)
fs Sensor sampling frequency (Hz)
Arrival and Traffic

N
(τ)
s (t) Active sensor count for task τ at time t

λ
(τ)
data(t) Data arrival rate for task τ (jobs/s)

λcontrol Control packet arrival rate (jobs/s)
λH,λL High- and low-priority arrival rates (jobs/s)
λ̄data Aggregate multi-task data arrival rate (jobs/s)
λ
(τ)
eff (θ, t) Effective sensing load on task τ ’s node (jobs/s)

λ∗ Stability limit arrival rate (jobs/s)
pt Probability a data packet is low-priority
γ(τ) Fractional arrival weight of task τ

Computation and Service
C(τ) Model FLOPs per inference window for task τ

C̄ Arrival-weighted average computational cost
F Processor capacity (FLOPs/s)
αmodel Average operations per parameter per sample
Pmodel Number of model parameters
µcomm Communication service rate (jobs/s)
µvac Vacation end rate (s−1)
Queueing and Delay
ρ, ρH, ρL Total system, high- and low-priority class utilization
ρ(τ)(θ) Per-task utilization under architecture θ

R Mean residual service time (s)
RV(ρH) Load-dependent vacation overhead (s)
WH, WL Mean waiting time, high/low priority (s)
Drelay Relay node mean sojourn time (s)
D

(τ)
data(θ) Per-task data-window delay under architecture θ (s)

De2e,(τ)(θ) Per-task end-to-end delay under architecture θ (s)
Energy
Pactive Active-state processor power (W)
Psleep Sleep-state processor power (W)
Psensor Per-sensor power allowance (W)
Ptx Transmission power per hop (W)
Φ

(τ)
θ Per-processor power draw under θ (W)

Eper job(θ) System-level energy per arriving job (J)
Architecture Thresholds and Frontiers
ε Engineering tolerance for energy competitiveness
ρ∗ Utilization threshold for energy competitiveness
η∗ C/F coordinate of the energy-competitiveness frontier
E∗ Energy per job at the energy-competitiveness frontier (J)
∆E Energy gap: distributed minus centralized (J)
N̄s Average active sensor count across tasks

where Ns(t) denotes the number of active sensors at time
t. When Ns(t) = 0, no inference windows are generated
and λdata(t) = 0, eliminating the data-traffic contribution to
utilization. The sensing load is time-varying at runtime as
sensors activate or deactivate.

2) Computational Cost (C): For a model with Pmodel pa-
rameters operating on a window of duration Twin sampled at

fs, the total FLOPs per inference are

C = αmodel Pmodel fs Twin, (2)

where L = fsTwin denotes the input sequence length and
αmodel is the effective model-level operation factor, normalized
by the model parameter count and input sequence length for
the specified architecture and input configuration.

3) Processor Capacity (F ): The embedded processor’s
capability is summarized by its effective compute rate F
(FLOPs/s) which determines the mean service time per in-
ference,

E[S] =
C

F
, µ =

1

E[S]
=

F

C
. (3)

Queue stability requires

ρ =
λ

µ
= λ

C

F
< 1 =⇒ F > λC, (4)

showing that the tuple (λ,C, F ) fundamentally determines
whether real-time performance is achievable.

A. Modeling Assumptions

The analytical model assumes independent Poisson arrival
for data (λdata) and control (λcontrol) traffic, a standard model
for sensor-driven IoT systems where sensing events occur
independently across heterogeneous devices [25], [30]. Service
times follow a general distribution: communication latency
per hop is exponential Scomm ∼ Exp(µcomm), consistent with
wireless hop latency models in IoT gateways [26], so that
the aggregate communication latency across H independent
hops follows an Erlang(H,µcomm) distribution, and inference
time is deterministic Sinf = C/F , appropriate for fixed-
graph models on dedicated hardware, where every inference
job executes the same computation graph at a fixed clock
frequency, with negligible execution time variance under de-
terministic RTOS scheduling on embedded wearable proces-
sors [28]. The system operates under non-preemptive priority
scheduling as each fixed-graph neural network inference job
is executed to completion once dispatched on the target ARM
Cortex-M-class processor, making mid-execution preemption
impractical under embedded memory and compute constraints.
The processor alternates between active and sleep states with
exponential vacation times V ∼ Exp(µvac). For multi-stage
pipelines, the underlying system retains the M/G/1/k finite-
buffer representation, while each stage is treated as an indepen-
dent M/G/1 node in the closed-form analysis; output processes
remain approximately Poisson under short vacation durations,
preserving analytical tractability — a standard decomposition
result for lightly-loaded multi-stage queueing networks [29].

B. Priority Traffic Model

Inspired by the analytical framework of Alabdulmohsin et
al. [30], the system handles two traffic classes: high-priority
control packets, λcontrol (synchronization, MCU coordination,
safety), and low-priority data packets, λdata(t) (inference win-
dows). Control packets are protocol-driven and always as-
signed high priority, as they carry system-level coordination
signals that must be processed immediately. Data packets are
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application-driven: a sensing window that crosses a clinical
threshold warrants immediate inference and may be promoted
to high priority, while routine monitoring windows are pro-
cessed at low priority. Data windows may be elevated to high-
priority under urgent conditions with probability (1 − pt),
yielding:

λH = λcontrol + (1− pt)λdata(t) (5)
λL = pt λdata(t) (6)

Although control packets and urgent data windows share
the same high-priority queue, their service requirements differ.
Control packets require communication service only, whereas
data windows, regardless of priority queue, require both com-
munication and inference service. Hence, the mean service
time for control packets is E[Scontrol] = 1/µcomm, while the
mean service time for data windows is E[Sdata] = 1/µcomm +
C/F , respectively.

The priority promotion mechanism accommodates urgent
physiological events by elevating inference windows to high
priority. Under non-preemptive scheduling, an arriving high-
priority job may experience additional waiting due to the resid-
ual service time of a job already in service, which includes the
applicable communication and inference service components.
Since control packets and urgent data windows have distinct
service requirements, the high-priority utilization is written
directly as ρH = λcontrolE[Scontrol] + (1 − pt)λdata(t)E[Sdata],
while the low-priority utilization is ρL = ptλdata(t)E[Sdata],
such that ρ = ρH + ρL. Expanding these terms recovers the
total system utilization:

ρ =
λcontrol

µcomm
+ λdata(t)

(︃
1

µcomm
+

C

F

)︃
(7)

such that ρ = ρH + ρL < 1 is within stable conditions. Here,
urgent high-priority data windows contribute both commu-
nication and inference service to ρH , routine data windows
contribute both communication and inference service to ρL,
while control packets contribute communication service only.

C. Multi-Task Extension

The wearable system executes T = {1, 2, . . . , T} con-
current inference tasks, each characterized by a sensing
stride T

(τ)
stride, model complexity C(τ), and active sensor count

N
(τ)
s (t). The execution architecture is governed by θ ∈
{1, . . . , T}, the number of deployed distributed processing
nodes, which is an architectural decision independent of T .

Centralized, distributed, and hybrid task-allocation strate-
gies have been considered in edge-computing systems [31].
Here, the closed-form comparison focuses on two boundary
configurations: centralized execution (θ = 1), where all tasks
share one processor, and fully distributed execution (θ = T ),
where each task has a dedicated processor, eliminating cross-
task interference. Intermediate hybrid configurations (1 < θ <
T ) remain admissible, but their performance depends on task-
to-processor grouping, requiring assignment-aware optimiza-
tion that is left for future work.
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Fig. 2. Distributed multi-task execution architectures for AI-enabled wearable
systems for two tasks (T = 2), where each task has its own designated
processor, θ = T

The effective sensing load seen by the processor handling
task τ under architecture θ is:

λ
(τ)
eff (θ, t) =

∑︂
τ ′ co-located with τ

λ
(τ ′)
data (t) (8)

where the sum is over all tasks sharing the same node as
τ , including τ itself. As θ increases, fewer tasks share each
processor, reducing cross-task interference.

III. PERFORMANCE ANALYSIS

A. Analytical Delay Analysis

The end-to-end pipeline consists of H sequential hops: one
inference node and H−1 communication-only relay nodes. For
tractable closed-form analysis, the finite-buffer M/G/1/k sys-
tem is approximated by its corresponding infinite-buffer M/G/1
priority queue; such approximations are commonly adopted
in the analysis of finite-capacity M/G/1/k systems [32]. Con-
sequently, the finite-capacity parameter k does not appear
explicitly in the analytical waiting-time expressions. For the
inference node delay, under non-preemptive priority with mean
residual service time R and utilization-dependent vacation
overhead RV (ρH), the mean waiting times are determined by
the mixed control and data traffic.

The mean residual-service term explicitly accounts for their
distinct service-time distributions as,

R =
1

2

[︁
λcontrolE[S2

control] + λdata(t)E[S2
data]
]︁
. (9)

with the adopted exponential communication service and
deterministic inference service, E[S2

control] = 2/µ2
comm and

E[S2
data] = 2/µ2

comm + 2C/(Fµcomm) + (C/F )2. Since urgent
and routine data windows have the same service-time distribu-
tion, their contributions combine through the total data arrival
rate λdata(t). The mean waiting times are then,

WH =
R+RV(ρH)

1− ρH
(10)

WL =
R+RV(ρH)

(1− ρH)(1− ρ)
(11)

where the load-dependent vacation overhead is:

RV(ρH) =
ρH

µvac(1− ρH)
(12)
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This vanishes as ρH → 0, reflecting negligible queue buildup
during vacations at low load, and diverges as ρH → 1, cap-
turing the vacation-induced backlog near saturation consistent
with embedded processor sleep-state behavior.

Under the adopted non-preemptive priority discipline, a low-
priority job already in service is not interrupted. However,
queued low-priority data windows are delayed by both high-
priority control packets and urgent high-priority data windows.
This interaction is explicitly captured through the dependence
of WL on ρH in Eq. (11). Since the high-priority queue
contains both control packets and urgent inference windows
with different service requirements, their sojourn times are
distinguished explicitly according to traffic type:

DH,control = WH + E[Scontrol], (13)
DH,data = WH + E[Sdata], (14)
DL,data = WL + E[Sdata]. (15)

Thus, control packets and urgent data windows share the
same high-priority waiting time WH , while their service
requirements are retained through E[Scontrol] and E[Sdata],
respectively. Routine data windows experience the low-priority
waiting time WL with service requirement E[Sdata].

For communication-only relay nodes, all packets are served
FIFO with no inference stage. The relay utilization ρrelay is
simply the total arrival rate normalized by the communica-
tion service rate. For exponential relay service, the second
moment of the service time is E[S2

relay] = 2/µ2
comm. With

ρrelay = (λcontrol + λdata(t))/µcomm, the residual-work term
becomes Rrelay = ρrelay/µcomm. Accordingly, the mean relay
sojourn time is

Drelay =
ρrelay/µcomm

1− ρrelay
+

1

µcomm
=

1

µcomm(1− ρrelay)
(16)

The overall processing-node delay is obtained by arrival-
weighting the traffic-specific sojourn times of control packets,
urgent data windows, and routine data windows:

Dnode =
λcontrolDH,control + (1− pt)λdata(t)DH,data

λcontrol + λdata(t)

+
ptλdata(t)DL,data

λcontrol + λdata(t)
.

(17)

The total end-to-end (e2e) delay then accumulates the
processing-node delay and the delay across the subsequent
H − 1 relay hops:

De2e = Dnode + (H − 1)Drelay. (18)

For inference-window timing, we separately define the data-
window delay by averaging only urgent and routine data-
window sojourn times according to their respective priority
probabilities:

Ddata = (1− pt)DH,data + ptDL,data + (H − 1)Drelay. (19)

This separates inference-window latency from the overall
system-level delay De2e by excluding control-packet sojourn

times from the reported data-window average. Control traffic
nevertheless continues to affect Ddata through the residual-
service term R, high-priority utilization ρH , and the resulting
waiting times WH and WL.

Since Tstride specifies the timing requirement associated with
successive inference windows, deadline feasibility is evaluated
using the data-window delay:

Ddata ≤ Tstride (20)

The analysis is valid when each hop operates below sat-
uration (ρ ≪ 1) and vacation durations are short relative
to service times, so that output processes approximate inde-
pendent Poisson streams across hops. The approximation de-
grades near ρ→ 1, where departure processes become bursty
and correlated, or under long vacation times that introduce
synchronized wake-up patterns violating the independence as-
sumption. Real-time feasibility is achieved whenever Eq. (20)
holds across all operating points in the (λ̄data, C/F ) plane.

The single-task delay characterization above extends nat-
urally to the multi-task setting by substituting the per-
architecture effective load, replacing λdata(t)← λ

(τ)
eff (θ, t) and

C ← C(τ) into Eq. (7) yields the per-architecture utilization.
For the centralized case (θ = 1), all T tasks aggregate onto a
single node, giving:

ρ(θ = 1) =
λcontrol

µcomm
+ λ̄data(t)

(︃
1

µcomm
+

C̄

F

)︃
(21)

where λ̄data ≜
∑︁T

τ=1 λ
(τ)
data denotes the aggregate multi-task

data arrival rate, and C̄ denotes the arrival-weighted aver-
age computational cost across co-located tasks. The arrival-
weighted average computational cost C̄ is sufficient for uti-
lization in Eq. (21), which depends on the mean service time.
However, the residual-service term in Eq. (9) depends on
the second moment, which is computed by weighting the
individual task-specific second moments by their respective
arrival rates, rather than using the average computational cost.
For the distributed case (θ = T ), each node sees only its
own task load λ

(τ)
data and C(τ), so ρ(τ)(T ) follows directly by

substitution. The full delay analysis of (10)–(18) applies under
each architecture. Likewise, the data-window delay D

(τ)
data(θ)

follows from Eq. (19) using the corresponding task-specific
effective load and computational cost. The per-task inference-
window deadline constraint is therefore:

D
(τ)
data(θ) ≤ T

(τ)
stride ∀ τ ∈ T (22)

A key consequence of the multi-task formulation is that, for
a fixed task τ , delay strictly decreases along a progressive-
isolation sequence that removes positive-load co-located tasks
from its processor at each step. Intuitively, adding a dedicated
processor removes cross-task interference, reducing both the
residual service time R and the effective utilization seen by
each task. Hence, we introduce the first theorem in this work,

Theorem 1 (Distributed Isolation Gain). For T > 1 concur-
rent inference tasks, consider a progressive isolation sequence
in which increasing θ by one removes at least one co-located
task τ ′ with λ

(τ ′)
data (t) > 0 from the processor serving task
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τ . Under stable operation, for a fixed task τ along this
progressive-isolation sequence, the per-task end-to-end delay
is strictly monotone decreasing in θ:

De2e,(τ)(1) > De2e,(τ)(2) > · · · > De2e,(τ)(T ). (23)

At θ = T , task τ has no co-located inference tasks, so
De2e,(τ)(T ) reduces to the single-task result of Eq. (18).

The monotonicity follows because each incremental node
removes at least one positive-load co-located task τ ′, reducing
λ
(τ)
eff by λ

(τ ′)
data (t) > 0. This strictly decreases the residual

service term R, the high-priority utilization ρH , and the
total utilization ρ in Eq. (10)–(11). Since the waiting-time
expressions are strictly increasing in these quantities over
the stable region, De2e,(τ) strictly decreases. Accordingly,
Theorem 1 characterizes the structural effect of progressive
task isolation along a specified sequence of task assignments.
The intermediate terms D(2), . . . , D(T − 1) represent the
delay values associated with the corresponding assignments
along this isolation sequence and do not imply optimization
over all possible task assignments for each intermediate value
1 < θ < T . The formal proof is provided in Appendix A.

B. Analytical Energy Analysis

The energy consumed per arriving job accounts for pro-
cessor state, active sensor power, and transmission across H

hops. The power draw Φ
(τ)
θ follows a two-state active/sleep

model widely adopted in edge computing task allocation and
hardware-aware neural architecture search [33], [34]:

Φ
(τ)
θ ≜ Pactive ρ

(τ)(θ) + Psleep

(︂
1− ρ(τ)(θ)

)︂
+N (τ)

s (t)Psensor (24)

where the sensing term N
(τ)
s (t)Psensor introduces a direct

trade-off between sensing sampling and energy efficiency
where sensor power is consumed continuously as long as
N

(τ)
s (t) > 0, independent of processor load or arrival rate.

The sensing workloads remain identical across centralized
and distributed configurations. For energy accounting, the
analytical model applies a fixed per-sensor power allowance
at each deployed processor to represent the assumed overhead
of sharing sensor data in the distributed configuration.

Since θ nodes are deployed, the total modeled system
power is the sum of the power draw across deployed nodes,∑︁θ

j=1 Φ
(j)
θ , which reduces to θΦ

(τ)
θ under the symmetric-task

setting. Dividing by the total job arrival rate (λcontrol + λ̄data)
gives the system-level energy per arriving job — the energy
consumed by all deployed processors amortized over each
arrival into the system:

Eper job(θ) =

∑︁θ
j=1 Φ

(j)
θ

λcontrol + λ̄data(t)
+

H Ptx

µcomm
. (25)

For symmetric tasks, this reduces to

Eper job(θ) =
θ · Φ(τ)

θ

λcontrol + λ̄data(t)
+

H Ptx

µcomm
. (26)

Both the centralized (θ = 1) and distributed (θ = T ) cases
use the same denominator, ensuring a consistent per-arriving-
job comparison across architectures. Here HPtx/µcomm cap-
tures the cumulative transmission energy across all H hops,
independent of θ. This formulation captures utilization-driven
energy variation across configurations and is suitable for pre-
hardware architecture comparison, but assumes static power
states and does not account for dynamic voltage/frequency
scaling, memory hierarchy effects, or peripheral power;
platform-specific calibration is required for absolute energy
predictions.

C. Energy-Competitiveness Frontier for Architecture Selection

A natural question arising from Eq. (26) is: under what con-
ditions does the delay-optimal distributed architecture become
energy-competitive with the centralized one? The following
theorem establishes that for symmetric tasks (C(τ) = C̄,
λ
(τ)
data = λ̄data/T ), this energy-competitiveness frontier admits

a closed-form characterization.

Theorem 2 (Closed-Form Energy-Competitiveness Frontier).
For T > 1 symmetric concurrent inference tasks where each
task contributes λ̄data/T to the aggregate arrival rate λ̄data

and C(τ) = C̄, with N
(τ)
s = N̄s, while θ = T is strictly

delay-optimal (Theorem 1), the aggregate active-utilization
contribution is identical under centralized and fully distributed
execution. Consequently, the additional deployed-node base-
lines yield a strictly positive distributed-minus-centralized
energy gap, while for a fixed aggregate arrival rate, the
relative distributed energy overhead decreases monotonically
with utilization. For any tolerance ε for which the energy-
competitive set is nonempty, there exists a utilization threshold
ρ∗ ∈ [0, 1) such that θ = T is energy-competitive whenever
ρ(1) ≥ ρ∗, in the sense that ∆E/Eper job(1) ≤ ε. From ρ∗,
a corresponding frontier energy E∗ and a C/F threshold η∗

follow by direct analytical projection, jointly partitioning the
(λ̄data, C/F ) operating plane into unambiguous architecture
regimes.

The energy gap follows from Eq. (26) by noting that the
transmission terms cancel:

∆E
(︁
ρ(1)

)︁
≜ Eper job(T )− Eper job(1)

=

T∑︂
τ=1

Φ
(τ)
T − Φ1

λcontrol + λ̄data

=
(T − 1)

(︁
Psleep + N̄sPsensor

)︁
λcontrol + λ̄data

> 0.

(27)

Under the convention ∆E = Eper job(T )−Eper job(1), ∆E >
0 means distributed execution is more energy-expensive, while
∆E < 0 means distributed execution is cheaper. For the
symmetric case considered here,

∑︁T
τ=1 ρ

(τ)
T = ρ(1), so

the aggregate active-utilization contribution is identical under
centralized and fully distributed execution. With N

(τ)
s = N̄s,

the additional deployed-node sleep-state and sensing baselines
therefore produce the strictly positive gap in Eq. (27). At
low utilization (ρ(1) → 0), the T distributed processors
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collectively spend most of their time in sleep state, making dis-
tributed execution more expensive due to the aggregate base-
line overhead of T idle nodes. As ρ(1) increases, the relative
energy overhead decreases toward the energy-competitiveness
frontier. The threshold ρ∗ is defined as the first utilization
at which distributed execution becomes energy-competitive
within engineering tolerance ε, such that:

ρ∗ ≜ min

{︄
ρ(1) ∈ [0, 1) :

∆E
(︁
ρ(1)

)︁
Eper job(1, ρ(1))

≤ ε

}︄
(28)

Crucially, ρ∗ is a utilization-space threshold. Because the
centralized energy reference includes the transmission-energy
term, ρ∗ depends on the aggregate arrival rate λcontrol + λ̄data,
while remaining independent of the particular C/F value used
to realize a given centralized utilization ρ(1). However, ρ∗

still depends on the fixed power, sensing, architecture, and
tolerance parameters (Pactive, Psleep, Psensor, N̄s, T, ε), as well as
the communication parameters (H,Ptx, µcomm). Similarly, η∗

is a projection of ρ∗ onto the workload plane and therefore
necessarily depends on workload-related terms such as λ̄data
and λcontrol. The monotonicity proof and existence condition
for ρ∗ are provided in Appendix B.

From ρ∗, the corresponding centralized energy per job at
the energy-competitiveness frontier E∗ follows directly:

E∗ ≜ Eper job(1, ρ
∗)

=
Pactive ρ

∗ + Psleep (1− ρ∗) + N̄s Psensor

λcontrol + λ̄data
+

H Ptx

µcomm
(29)

A C/F threshold η∗ follows by inverting ρ(θ = 1) =
f(C/F, λ̄data, Ns) at ρ∗:

η∗ ≜
ρ∗ − λcontrol/µcomm − λ̄data/µcomm

λ̄data
(30)

The stability limit λ∗ gives the maximum feasible arrival rate
for θ = 1 before the centralized shared processor reaches
saturation:

λ∗ ≜
1− λcontrol/µcomm

T∑︂
τ=1

γ(τ)

(︃
1

µcomm
+

C(τ)

F

)︃ (31)

Tightening ε or increasing T raises ρ∗, while higher arrival
rate lowers η∗, meaning a distributed architecture becomes
energy-competitive at smaller C/F ratios under heavier load.
The thresholds ρ∗, η∗, and λ∗ provide an initial pre-hardware
architecture-selection guide, as detailed in Corollary 1. The an-
alytical thresholds hold for any T > 1 under these symmetric
extremes; intermediate distributions (θ ̸= T , T > 1), where
the task-to-processor assignment introduces a combinatorial
problem, are identified as a direction for future work.

Corollary 1 (Unified Architecture Selection Rule). Given the
thresholds ρ∗, η∗, and λ∗ from Eqs. (28), (30), and (31), the
operating plane partitions into three regimes:

1) Designer trade-off (ρ(1) < ρ∗, equivalently C/F <
η∗): θ = 1 is energy-cheaper while θ = T is faster; the
optimal choice depends on application requirements. A

delay-critical application favors θ∗ = T ; an energy-
critical application favors θ∗ = 1.

2) Distributed Energy-Competitive (ρ∗ ≤ ρ(1) < 1, equiv-
alently C/F ≥ η∗ within the centralized stable region):
θ = T is strictly faster and its relative energy overhead
satisfies ∆E/Eper job(1) ≤ ε; θ∗ = T is the preferred
choice under the adopted energy-tolerance criterion.

3) Stability-constrained (λ̄data(t) ≥ λ∗): θ = 1 is in-
feasible; provided the distributed nodes remain stable,
θ∗ = T is the only feasible architecture.

IV. SIMULATION METHODOLOGY

The proposed infinite-buffer M/G/1 closed-form approxima-
tion is evaluated against an M/G/1/k priority-queue simulator
with service vacations, which retains the finite buffer capacity
and associated overflow behavior of the modeled system. The
evaluation follows a three-stage validation strategy: (i) single-
task case under Poisson arrivals (T = 1, θ = 1) to validate the
analytical model, (ii) MMPP-2 burstiness sensitivity to charac-
terize the robustness boundary under correlated arrivals, and
(iii) multi-task settings for architecture comparison (T = 2,
θ ∈ {1, T}) using the validated model. The simulator sweeps
across (λ,C, F ), estimating end-to-end delay and energy per
job from both simulation and analysis with parameters chosen
to reflect realistic embedded system behavior.

To ensure practical relevance, simulation parameters are
aligned with representative embedded platforms used in wear-
able IoT systems. Specifically, processor capacity (F) and
power states are selected to reflect characteristics of ARM
Cortex-M class microcontrollers and comparable edge pro-
cessors [35]. The computational cost (C) is obtained via
layer-wise FLOP profiling and mapped to hardware execution
through effective throughput (FLOPs/s). This abstraction en-
ables hardware-aware performance estimation without requir-
ing platform-specific implementation, while omitting lower-
level effects such as memory hierarchy, peripheral overhead,
and dynamic voltage and frequency scaling (DVFS).

A. Edge-AI Model Profiling

Systematic performance modeling of deep learning infer-
ence has recently been explored in IoT system-on-chip plat-
forms, where layer-level execution behavior is analyzed to
predict throughput and hardware utilization under pipeline
strategies [36]. In contrast to hardware-level microarchitec-
tural execution modeling, the goal of this study is to con-
struct workload-level computational cost estimates that drive
queueing-based delay and energy analysis under stochastic
sensing loads.

Floating-point operation counts are estimated from the re-
constructed model architectures using the layer-wise operation
terms and coefficients summarized in Table II. Here, αℓ

denotes the operation coefficient associated with layer type ℓ
and is distinct from the effective model-level factor αmodel.
For each evaluated architecture, Pmodel is obtained directly
from the reconstructed model, while the architecture-specific
layer dimensions and coefficients in Table II are used to
determine the aggregate operation count. This quantity is
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TABLE II
LAYER-WISE OPERATION TERMS AND COEFFICIENTS.

Layer Type Layer-wise Operation Term αℓ

Fully Connected (Linear) in features × out features × seq len 2

Convolution kernel size × in channels ×
out channels × out len

2

LSTM hidden size (in size + hidden size)×
seq len × num layers

4

Attention seq len × embed dim × (seq len +
embed dim)

4

normalized by PmodelL, to obtain the effective αmodel. The
resulting Pmodel, αmodel, and L then instantiate Eq. (2) to obtain
the total inference cost C. Since αmodel is normalized by L,
the sequence length fsTwin is applied only once in Eq. (2).

The pipeline is instantiated using two recent edge-AI appli-
cations that report complete model configurations and input
settings: (1) fatigue detection using ECG-based architectures
of Mu et al. [37], a binary classification task whose model per-
formance is reported in F1-score, and (2) oxygen uptake (VO2)
estimation using the temporal models of Yang et al. [38],
a continuous estimation task whose model performance is
reported in R2. The reported architectures were reconstructed
in Python 3.10.18 and PyTorch 2.5.1 using their published
layer configurations, model dimensions, and input settings,
while fs and Twin were taken directly from the respective
source studies. Computational profiling was performed using a
custom Python calculation script implemented with PyTorch.
The resulting Pmodel, sequence length L, effective αmodel, and
computational cost C are reported in Table III.

Table III summarizes the profiled models, spanning a broad
range of sensor modalities and computational costs. The
sensing stride Tstride = Twin×(1−0.95) is adopted consistently
to both tasks to maximize temporal resolution while ensuring
each stride delivers sufficient new sensor data for inference,
as shown in Table III, fixing the per-task deadline constraint
D

(τ)
data ≤ T

(τ)
stride used throughout the performance analysis.

B. Single-Task Discrete-Event Simulation

The profiled models in Table III are embedded into a
discrete-event M/G/1/k simulator implementing the system
model of Section II. Each profiled model is simulated in
isolation (T = 1, θ = 1) under Poisson arrivals to validate
the single-task analytical model. The design space is swept
across (λdata, C, F ), where λdata follows Eq. (1), with Ns ∈
{1, 2, 3, 4, 5, 6, 7, 10, 15, 20} sensors, C taken directly from
the model profiles in Table III, and F swept log-uniformly
over [50MFLOPs/s, 5GFLOPs/s] across 12 points. For
each configuration (λdata, C, F ), 30 independent replications
are run with a 100 s warm-up and 1000 s measurement horizon,
yielding 95% confidence intervals with half-widths below 5%
of the mean for stable configurations.

Table IV summarizes the four event types handled by the
simulator. Two Poisson streams are modeled per task: a data
stream at rate λdata and a control stream at λcontrol = 0.5 jobs/s,
corresponding to one control packet every 2 s, consistent with
BLE connection supervision intervals and MCU coordination

overhead typical of ARM Cortex-M class wearable proces-
sors [35].

Upon arrival, each data job joins QH with probability 1−pt
or QL with probability pt; the baseline value pt = 0.9 is
adopted as a modeling assumption, corresponding to 10% of
data windows being promoted for urgent high-priority pro-
cessing. Sensitivity analysis over pt ∈ {0.70, 0.80, 0.90, 0.95}
showed mean absolute delay differences below 0.11% for
fatigue detection and 0.08% for VO2 estimation; control jobs
always join QH . Both queues have finite capacity k = 5,
reflecting typical embedded memory constraints where larger
buffers amplify queueing delays that violate real-time dead-
lines. All packet drops in the simulation arise exclusively
from finite-buffer overflow; wireless channel effects and packet
erasure are not modeled, with communication latency captured
entirely by the exponential service time Scomm ∼ Exp(µcomm).

The processor uses exponential vacations with µvac =
10 s−1, with Pactive = 50mW and Psleep = 10µW, con-
sistent with ARM Cortex-M7 active core power of 58.5–
72.2µW/MHz at 100 MHz and ultra-low-power sleep mode
via the Wake-up Interrupt Controller (WIC), as reported in
the ARM Cortex-M7 datasheet [35].

The following metrics are evaluated at each operating point:
end-to-end delay (deadline feasibility), energy per job (energy
efficiency), server utilization (stability), and packet drop rate
and deadline miss rate (QoS degradation under finite buffer
constraints), where together are essential to characterize the
system’s objectives for pre-deployment decisions, especially
in resource-constrained wearable systems.

C. MMPP-2 Burstiness Sensitivity

To simulate realistic wearable workloads beyond the Pois-
son assumption, the discrete-event simulator is extended
to support two-state Markov-Modulated Poisson Process
(MMPP-2) arrivals [39], characterizing the robustness bound-
ary of the analytical model under correlated bursty traffic. The
MMPP-2 model alternates between a slow state (rate λ0) and
a fast state (rate λ1) governed by a symmetric Markov chain.
The process is parameterized via the burstiness coefficient cb,
preserving the mean arrival rate λ̄data exactly, as follows:

λ0 = λ̄data(1− d), λ1 = λ̄data(1 + d),

d =

√︄
2q(c2b − 1)

λ̄2
data

(32)

where q = λ̄data/r with r = 50. At cb = 1, both states fire
at the same rate and the process reduces to standard Poisson
arrivals, recovering the single-task Poisson case. For cb > 1,
arrivals become increasingly clustered relative to the Poisson
case. The switching rate ratio r = 50 places the process in the
slow-switching regime, where burst durations are long relative
to individual inter-arrival times. Hence, this represents the
worst-case scenario for Poisson approximation because tempo-
ral correlations persist over extended periods. The burstiness
coefficient is swept over cb ∈ {1.0, 1.5, 2.0, 3.0, 5.0} across
the full design space for both tasks, with the Poisson-based
analytical model used as the analytical reference throughout,
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TABLE III
PROFILED EDGE-AI MODELS AND COMPUTATIONAL PARAMETERS USED FOR M/G/1/K SIMULATION.

Task Model Name Input Modality Pmodel fs
(Hz)

Twin
(s)

L αmodel Comp. Cost
(C)

Tstride
(s)

Reported
Performance

Fatigue

1D CNN [37] ECG 161,314 500 20 10,000 1.7814 2.87 × 109 1 0.719 (F1)
LSTM [37] ECG 133,250 500 20 10,000 0.8626 1.15 × 109 1 0.751 (F1)
Bi-LSTM [37] ECG 4,862 500 20 10,000 0.4476 2.18 × 107 1 0.774 (F1)
CNN–LSTM Hybrid [37] ECG 278,114 500 20 10,000 1.2708 3.53 × 109 1 0.742 (F1)
LSTM–CSA [37] ECG 100,482 500 20 10,000 0.6574 6.61 × 108 1 0.788 (F1)
Hierarchical Transformer [37] ECG 967,330 500 20 10,000 0.00337 3.26 × 107 1 0.937 (F1)

Oxygen Uptake
(VO2)

TCN [38] HR, HRR, BF, VT 38,529 0.5 200 100 3.9667 1.53 × 107 10 0.81 (R2)
Stacked LSTM [38] HR, HRR, BF, VT 201,345 0.5 200 100 1.3554 2.73 × 107 10 0.82 (R2)
TFCN [38] HR, HRR, BF, VT 194,394 0.5 200 100 3.9428 7.66 × 107 10 0.91 (R2)
TFLSTM [38] HR, HRR, BF, VT 211,546 0.5 200 100 3.3134 7.01 × 107 10 0.92 (R2)

TABLE IV
EVENT TYPES IN THE DISCRETE-EVENT M/G/1/k SIMULATOR.

Event Server Action
Data arrival Enqueue in QH (prob. 1− pt) or QL (prob. pt); drop if

full. Wake server if sleeping.

Control arrival Enqueue in QH ; drop if full. Wake server if sleeping.

Departure Record D = tcurrent − tarrival. Serve head of QH , then
QL; if both empty, enter sleep and schedule wake-up at
t+ Exp(µvac).

Wake-up Serve head of QH then QL if non-empty; else reschedule
wake-up.

so that the error between simulation and analytical prediction
directly quantifies the sensitivity of the closed-form expres-
sions with regard to the Poisson assumption.

D. Multi-Task Simulation Extension
Using the validated analytical model, the system is extended

to T = 2 concurrent tasks to compare centralized (θ = 1)
and fully distributed (θ = T = 2) architectures. Fatigue
detection and VO2 estimation are evaluated jointly across the
(λdata, C, F ) design space, with Theorem 1 characterizing the
delay benefit of task isolation and Theorem 2 providing a
symmetric-workload analytical reference for energy competi-
tiveness. In the distributed configuration, control traffic is split
proportionally by task arrival rate across the two processors.
All other simulation parameters are identical to those of the
Single-Task Discrete-Event Simulation.

V. RESULTS AND DISCUSSION

A. Analytical–Simulation Evaluation and Baseline Feasibility
Fig. 3 plots normalized analytical estimates against sim-

ulation outcomes across all profiled models. An aggregated
summary table is also presented in Table V. The analytical
model closely tracks simulation results for both end-to-end
delay and energy per arrival across the full design space. VO2

estimation workloads exhibit particularly strong performance,
with an average delay prediction error of 3.5%, reflecting
their lower arrival rates and more stable service behavior.
Fatigue detection workloads exhibit larger variance under
high-load configurations, where finite-buffer priority effects
amplify queueing delay and packet loss; only 26.5% of config-
urations remain stable compared to 96.5% for VO2 estimation
(Table V).

In terms of prediction quality, delay achieves strong agree-
ment under low load (R2 = 0.991 for fatigue, 0.998 for VO2,
at ρ < 0.75), but degrades sharply near saturation: fatigue
reaches R2 = 0.678 at ρ ≥ 0.75, reflecting the improvement
from the corrected load-dependent vacation overhead, while
VO2 reaches R2 = −0.186 at high load — indicating that the
analytical model performs worse than a mean baseline for VO2

estimation at high load. This degradation reflects the sensitivity
of queueing-theoretic models to high-variance service times
and finite-buffer effects near saturation, where small changes
in arrival rate or computational cost produce large, non-linear
increases in delay. For unstable configurations (ρ ≥ 1), ana-
lytical formulas correctly return unbounded delays, as queues
grow without bound when arrival rates exceed service capacity.
Energy prediction, by contrast, remains accurate across all
regimes (R2 ≥ 0.974 for both tasks), since energy depends
primarily on utilization rather than queueing dynamics and
remains tractable even when ρ > 1.

Fig. 3(d) and (e) show the delay prediction error distribu-
tions stratified by load regime for fatigue detection and VO2

estimation respectively. For fatigue detection, errors are tightly
concentrated below 10% at low load (ρ < 0.75, n = 168,
µ = 8.7%), with the distribution broadening at high load
(n = 23, µ = 32.8%) consistent with finite-buffer saturation
effects. For VO2 estimation, errors remain below 10% across
nearly all low-load configurations (n = 456, µ = 3.5%).
Together, these results indicate that the infinite-buffer approx-
imation has limited impact in the intended low-load operating
region, while the increasing error near saturation reflects the
growing influence of finite-buffer effects.

Table VI reports the worst-case prediction errors strati-
fied by load regime, including mean, 95th-percentile, and
maximum errors. For safety-critical deployment, these results
confirm that the analytical model provides reliable delay
predictions when the processor is provisioned to operate below
ρ = 0.75, and that designers should treat high-load predictions
as conservative upper bounds rather than precise estimates.

The Shapiro–Wilk normality test (Table VII) across 30
replications confirms that average delay and energy estimates
are normally distributed across all profiled models (p > 0.05),
with the exception of TFLSTM delay under high-load condi-
tions, consistent with heavy-tail effects near queue saturation.
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Fig. 3. Comparison of analytical predictions and simulation outputs for delay
and energy per job across all model configurations. (a) End-to-end delay;
(b) Energy per arrival; (c) Overall distribution of delay prediction errors;
(d) Fatigue delay error by regime (ρ < 0.75 vs. ρ ≥ 0.75); (e) VO2 delay
error by regime.

TABLE V
AGGREGATE SIMULATION STATISTICS AND ANALYTICAL VALIDATION

QUALITY OVER THE FULL DESIGN SPACE (MEAN ± 95% CI)

Metric Fatigue VO2

Stable Configurations 26.5% 96.5%
Packet Drop Rate 57.3 ± 2.9% 1.0 ± 0.5%
Deadline Miss Rate 67.5 ± 3.1% 0.5 ± 0.4%
Avg Utilization 84.3 ± 2.1% 17.8 ± 2.1%
Avg Delay 20.55 ± 2.87 s 0.31 ± 0.07 s

R2 (ρ < 1) 0.877 0.923
R2 (ρ < 0.75) 0.991 0.998
R2 (ρ ≥ 0.75) 0.678 -0.186

Avg Energy 869.2 ± 55.9 mJ 688.9 ± 68.4 mJ
R2 (ρ < 1) 0.999 0.999
R2 (ρ < 0.75) 1.000 1.000
R2 (ρ ≥ 0.75) 0.999 0.974

B. Burstiness Sensitivity Analysis

Fig. 4 and Table VIII report prediction errors across cb ∈
{1.0, 1.5, 2.0, 3.0, 5.0}. Delay prediction error remains below
8% for fatigue detection and below 11% for VO2 estimation
across all evaluated cb values, confirming robustness of the
Poisson-based analytical model under correlated bursty ar-
rivals. Fatigue delay error decreases slightly with increasing cb
as burst-induced packet drops remove high-load configurations
from the stable region. Energy prediction error remains below
1.2% for fatigue and below 3.5% for VO2, consistent with
the energy model’s dependence on mean utilization rather
than queueing dynamics. Deadline miss rates remain negligible
(< 0.5%) across all cb values, confirming that the analytical
model provides reliable pre-deployment design predictions
under realistic bursty wearable workloads.

TABLE VI
WORST-CASE DELAY PREDICTION ERRORS BY LOAD REGIME. LOW LOAD:

ρ < 0.75; HIGH LOAD: ρ ≥ 0.75.

Task Regime n Mean P95 Max
Fatigue Low (ρ < 0.75) 168 8.7% 21.4% 32.3%
Fatigue High (ρ ≥ 0.75) 23 32.8% 52.9% 55.0%
VO2 Low (ρ < 0.75) 456 3.5% 5.4% 9.6%
VO2 High (ρ ≥ 0.75) 7 25.1% 32.8% 33.2%
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Fig. 4. Mean delay and energy prediction errors as a function of burstiness
coefficient cb under MMPP-2 arrivals (r = 50). Shaded regions indicate ±1
standard deviation. (a) Delay prediction error. (b) Energy prediction error.

C. Delay–Energy Trade-offs and Pareto Front Analysis

Given the validation of the single-task Poisson arrival
(T = 1, θ = 1, cb = 1) in the previous subsections, this
subsection provides its design space results. Fig. 5 presents
volumetric 3D visualizations of the complete design space,
showing delay and energy as functions of λdata, C, and F . A
red surface marks the inference-window feasibility boundary
Ddata(λdata, C, F ) = Tstride (Eq. (20)), separating feasible con-
figurations (below the plane, Ddata ≤ Tstride) from infeasible
ones (above the plane, Ddata > Tstride); the boundary is applied
per-task independently at its respective Tstride: 1 s for fatigue
detection and 10 s for VO2 estimation, since Fig. 5 presents
single-task results (T = 1, θ = 1). Fatigue detection occupies
a large infeasible region, with deadline violations concentrated
at high C or insufficient F . VO2 estimation lies almost entirely
below the deadline surface, confirming that latency is not its
limiting constraint. The energy surfaces show complementary
behavior where the deadline plane is copied from the delay
surfaces to show how much energy was consumed per arrival
to meet the task’s deadline.

Pareto-optimal configurations are identified by first filter-
ing the full design space to deadline-feasible configurations
(Ddata ≤ Tstride), then selecting configurations that achieve the
best delay–energy trade-off, where no other feasible configu-
ration simultaneously achieves lower delay and lower energy
per job.

Table IX reports results across two processor regimes: the
full design space (0 < F ≤ 5GFLOPs/s) and the wearable-
constrained regime (0 < F < 175MFLOPs/s). The globally
Pareto-optimal configurations reveal a sharp contrast between
tasks. For fatigue detection, the front collapses to two points
— Bi-LSTM at Ns = 1 and Ns = 20 — reflecting the
narrow feasible region imposed by the tight Tstride = 1 s real-
time constraint; Bi-LSTM is the only architecture light enough
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TABLE VII
SHAPIRO–WILK NORMALITY TEST FOR DELAY AND ENERGY DISTRIBUTIONS ACROSS 30 REPLICATIONS.

Task Model Delay Mean (s) Delay Std (s) p (Delay) Energy Mean (mJ) Energy Std (mJ) p (Energy)

Fatigue

1D CNN 45.8890 0.9343 ✓ 0.3247 1112.77 0.83 ✓ 0.1953
LSTM 19.1679 0.1882 ✓ 0.9295 1057.72 0.99 ✓ 0.4682
LSTM–CSA 11.5010 0.1033 ✓ 0.2049 1000.09 1.02 ✓ 0.8003
CNN–LSTM Hybrid 55.4398 1.5268 ✓ 0.9649 1119.11 0.72 ✓ 0.3735
Bi-LSTM 0.4586 0.0009 ✓ 0.5800 428.86 0.90 ✓ 0.8737
Hierarchical Transformer 0.7190 0.0023 ✓ 0.0943 497.46 0.90 ✓ 0.4382

Oxygen Uptake
(VO2)

TCN 0.0785 0.0003 ✓ 0.6448 353.72 1.25 ✓ 0.9532
Stacked LSTM 0.1397 0.0008 ✓ 0.7963 497.99 1.94 ✓ 0.5528
TFCN 0.5527 0.0052 ✓ 0.4240 980.79 4.997 ✓ 0.9892
TFLSTM 0.4876 0.0045 × 0.0003 923.98 4.28 ✓ 0.6596

TABLE VIII
ANALYTICAL MODEL PREDICTION ERRORS, DEADLINE MISS RATE, AND

UTILIZATION UNDER MMPP-2 BURSTY ARRIVALS (MEAN ± STD).

Metric Fatigue VO2

Delay Prediction Error (%)
cb = 1.0 7.16± 3.31 3.49± 1.35

cb = 1.5 6.78± 3.49 3.99± 2.20

cb = 2.0 6.51± 3.45 4.26± 2.63

cb = 3.0 6.07± 3.10 4.93± 3.82

cb = 5.0 5.08± 3.70 5.50± 5.00

Energy Prediction Error (%)
cb = 1.0 0.28± 0.22 0.56± 0.47

cb = 1.5 0.39± 0.36 1.60± 2.13

cb = 2.0 0.50± 0.53 2.23± 2.61

cb = 3.0 0.77± 0.77 2.94± 3.20

cb = 5.0 1.17± 1.51 3.44± 3.32

Deadline Miss Rate (%)
cb = 1.0 0.43± 2.19 0.00± 0.00

cb = 1.5 0.35± 1.96 0.00± 0.01

cb = 2.0 0.13± 0.71 0.00± 0.01

cb = 3.0 0.13± 0.72 0.00± 0.00

cb = 5.0 0.04± 0.28 0.00± 0.00

Avg Utilization (%)
cb = 1.0 25.91± 13.32 11.54± 11.31

cb = 1.5 25.29± 12.83 11.07± 10.52

cb = 2.0 24.31± 12.13 10.32± 9.35

cb = 3.0 22.73± 11.02 9.65± 8.25

cb = 5.0 20.76± 9.63 9.03± 7.32

to meet the deadline across the full design space. For VO2

estimation, the front collapses to a single point — TCN at
Ns = 1 — confirming that latency is not the binding constraint
and energy efficiency governs architecture selection. Under the
wearable-constrained regime (0 < F < 175 MFLOPs/s), the
feasible region contracts further: Fatigue remains dominated
by Bi-LSTM at Ns = 1 and Ns = 6, while VO2 retains TCN
at Ns = 1, though energy per job increases substantially due to
higher active-state utilization at lower processor speeds. Over-
all, delay–energy optimality is strongly task-dependent: fatigue
detection admits only compact recurrent architectures within
the feasible region, while VO2 estimation offers flexibility
governed by processor capacity rather than model selection.

Fig. 6 shows the delay and energy distributions at two
representative operating points per task within the wearable-
constrained regime (0 < F < 175MFLOPs/s): the Pareto-

TABLE IX
GLOBALLY PARETO-OPTIMAL CONFIGURATIONS FOR FATIGUE DETECTION

AND VO2 ESTIMATION ACROSS THE FULL DESIGN SPACE.

Task Model Sensors Energy (mJ) Delay (ms)
Full design space (0 < F ≤ 5 GFLOPs/s)
Fatigue Bi-LSTM 20 170.13 75.66
Fatigue Bi-LSTM 1 170.59 33.97
VO2 TCN 1 169.93 30.81
Wearable-constrained (0 < F < 175 MFLOPs/s)
Fatigue Bi-LSTM 6 762.27 945.11
Fatigue Bi-LSTM 1 788.04 186.13
VO2 TCN 1 280.71 53.79

optimal configuration and the most-expensive stable config-
uration. Shapiro–Wilk normality tests confirm normally dis-
tributed estimates at all four operating points (p > 0.05),
validating the use of mean ± 95% confidence intervals even
at both extreme cases of optimality and instability.

In practice, a designer first filters candidate models by a
minimum accuracy threshold — e.g., F1≥ 0.9 for fatigue
detection or R2≥ 0.9 for VO2 estimation — then applies
the framework to identify feasible operating points, with the
Pareto front representing the accuracy-constrained optimal
configurations.

D. Utilization-Dependent Energy Scaling

To explain the Pareto structures summarized in Table IX,
we examine how energy per arrival scales with processor
utilization as sensor count increases. Fig. 7 shows the per-
centage change in energy per arrival relative to the single-
sensor baseline at F = 5.0 GFLOPs/s — the highest pro-
cessor capacity in the design search space, chosen to span
the widest utilization range as sensor count increases from
Ns = 1 to Ns = 20, independently of processor-induced
saturation. Unlike static delay–energy projections, this view
reveals how workload aggregation and architectural scaling
properties interact under realistic compute budgets.

For fatigue detection, most architectures exhibit clear
economies of scale: energy per arrival decreases substantially
(up to 90%) as sensor count grows, reflecting amortization of
fixed inference overhead across larger aggregated workloads.
These gains occur well below saturation, indicating efficiency
improvements rather than queueing effects. Consequently, fa-
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tigue sensor selection is governed by accuracy requirements
rather than energy constraints.

For VO2 estimation, architectural divergence dominates.
TCN maintains near-flat scaling (≤ 3% variation) across
the full sensor range, whereas TFCN and TFLSTM exhibit
moderate energy growth (22–25%) and Stacked LSTM shows
negligible degradation (≈ 5%) — a direct consequence of
attention-based fusion scaling superlinearly with input dimen-
sionality versus the linear scaling of temporal convolutions.
This explains why TCN uniquely dominates the VO2 Pareto
front across all sensor counts in Table IX.

E. Architectural Impact on Multi-Task Inference Performance

The evaluation of centralized execution (one shared proces-
sor) versus distributed execution (two independent processors)
is presented in this subsection. Fig. 8(a) compares the stability
regions of both architectures across model pairs and processor
capacities. Under centralized execution, several model pairs
exhibit deadline misses or instability when higher-complexity
VO2 models share a processor with delay-sensitive fatigue
inference. Long VO2 service times and high-rate fatigue

TABLE X
ANALYTICAL VS. SIMULATED ENERGY-COMPETITIVENESS FRONTIER AT

ε = 0.05.

Threshold Definition Analytical Simulation Error
ρ∗ Utilization

threshold
0.373 0.331 11.4%

η∗ (s) C/F
coordinate
of frontier

1.841× 10−1 1.561× 10−1 15.2%

E∗ (J) Energy at fron-
tier

1.122× 10−2 1.095× 10−2 2.4%

arrivals interact on the same server, amplifying waiting-time
variability and shrinking the feasible design space. Distributed
execution eliminates this contention by isolating the two
pipelines onto independent processors, making previously in-
feasible pairings stable and deadline-compliant at moderate
processor capacities. The heatmap directly reveals the isolation
benefit: distributed execution expands the feasible region most
significantly for lighter fatigue detection models (Bi-LSTM,
Hierarchical Transformer), whose FLOPs are within the same
order of magnitude as the VO2 models. This load balance
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Fig. 6. Delay and energy distributions at the Pareto-optimal and most-
expensive stable configurations within the wearable-constrained regime (0 <
F < 175MFLOPs/s). (a) Fatigue Detection. (b) VO2 Estimation.
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across the two distributed processors enables even the most
accurate VO2 models to remain feasible at moderate pro-
cessor capacities (50 MFLOPs/s). Fig. 8(b) further illustrates
this effect: under centralized execution, many configurations
satisfying the fatigue deadline nonetheless exhibit inflated VO2

delay due to residual service interference. Distributed execu-
tion causes VO2 delay to collapse toward intrinsic service time,
enlarging the jointly feasible region.

Table X compares the analytical thresholds from Theorem 2
(derived under symmetric-workload assumptions) against sim-
ulation at ε = 0.05. The C/F threshold η∗ differs by 15.2%,
while ρ∗ differs by 11.4%. The corresponding energy at the
energy-competitiveness frontier E∗ exhibits particularly close
agreement, with a deviation of only 2.4% between the analyt-
ical and simulated values. The corrected analytical thresholds
therefore remain in reasonable agreement with simulation,
while preserving the same energy-competitiveness behavior
predicted by Theorem 2. The residual error is attributed

to the finite-buffer M/G/1/k approximation and the use of
median λ̄data in the analytical model, which smooths over the
operating-point variation visible in simulation.

Fig. 8(c) illustrates the energy-competitiveness frontier be-
tween the two architectures across the full C/F operating
range. At low C/F , both architectures operate at low utiliza-
tion and spend most of their time in the sleep state. However,
the distributed architecture (θ = 2) consistently incurs higher
Eper job in this regime because two idle nodes each drawing
Psleep must amortize their cost over the same total job arrival
rate — the idle overhead of T = 2 processors is not recovered
at low load.

As C/F increases, utilization ρ(1) rises and the centralized
per-job energy reference increases. For a fixed aggregate ar-
rival rate, the positive distributed-minus-centralized energy gap
remains constant, so relative energy overhead ∆E/Eper job(1)
shrinks monotonically until it falls below the engineering
tolerance ε = 0.05 at the analytical threshold η∗ = 1.84 ×
10−1 s, with a corresponding analytical frontier energy of
E∗ = 1.12×10−2 J, marked by the orange star. The simulation
frontier (green diamond) occurs at ηsim = 1.56× 10−1 s with
Esim = 1.09×10−2 J. These correspond to deviations of 15.2%
in the C/F threshold and 2.4% in frontier energy, respec-
tively. Despite the quantitative shift in η∗, the analytical and
simulated results preserve the same energy-competitiveness
behavior across the operating range.

Beyond the stability limit λ∗ (C/F ≥ 5.26×10−1 s, purple
line), the centralized architecture saturates: ρ(1) → 1 and
Eper job(θ = 1) flattens as the queue can no longer keep
pace with arrivals. The distributed architecture, by contrast,
continues to accommodate increasing computational demand
while its processors remain below saturation, with energy per
job increasing as their active utilization rises.

The three shaded regimes in Fig. 8(c) provide a direct
design guide: (1) operating points to the left of η∗ (De-
signer trade-off) require an application-driven choice where
centralized execution is energy-cheaper while distributed exe-
cution is faster; (2) between η∗ and λ∗ (Distributed Energy-
Competitive), distributed execution remains faster while its
relative energy overhead is within the prescribed tolerance
ε; and (3) beyond λ∗ (Stability-constrained) the centralized
architecture is infeasible regardless of energy preference.

Fig. 9 shows that the relative distributed energy overhead is
large at low C/F due to idle-node power, but decreases with
utilization until reaching the prescribed tolerance ε = 0.05.
As sensing load increases from 0.5 to 3.0 jobs/s, the frontier
η∗ shifts from 4.960 × 10−1 s to 7.367 × 10−2 s, a 6.7×
reduction, making distributed execution energy-competitive
across a broader range of model–processor configurations. The
corresponding frontier energy E∗ decreases from 2.02×10−2 J
to 5.77 × 10−3 J as baseline power is amortized over more
jobs. At the nominal λ̄ = 1.3 jobs/s, simulation follows the
analytical gap envelope, with a 15.2% deviation in the frontier
coordinate.

By characterizing energy competitiveness analytically, a
complementary view quantifies the realized benefit of dis-
tributed execution across the full simulated design space. The
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normalized improvement metric,

∆(%) =
Mcent −Mdist

Mcent
× 100 (33)

TABLE XI
AVERAGE IMPROVEMENT OF DISTRIBUTED EXECUTION RELATIVE TO

CENTRALIZED EXECUTION.

Metric Avg % Impr Avg Abs Impr Impr Ratio (D:C)
Fatigue Delay +5.31% +0.034 s 113:29

VO2 Delay +33.19% +0.196 s 142:0
Energy -2.37% -12.6 mJ 7:135

Avg=Average; Abs=Absolute; Impr=Improvement; D=Distributed; C=Centralized.

quantifies this benefit across configurations, where positive
values indicate improvement under the distributed architecture
as summarized in Table XI and visualized in Fig. 10.

Across the full design space, distributed execution consis-
tently reduces fatigue delay and substantially improves VO2

delay, with the average reduction exceeding 30%, reflecting
the elimination of cross-task queueing effects. Energy remains
largely comparable between architectures, with distributed
execution incurring a modest average energy increase of
2.37% across the evaluated configurations. By decoupling
delay-sensitive and compute-intensive workloads, distributed
architectures improve schedulability and expand the feasible
operating space for heterogeneous edge-AI systems.
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Fig. 10. Relative improvement of distributed execution over centralized
execution across processor capacities. Positive values indicate reductions
under distributed execution. Points are colored by total compute cost, and
the dashed curve highlights the trend across F .

VI. CONCLUSION

This paper presented a deadline-aware performance model
for resource-constrained AI-enabled wearable edge inference,
grounded in an M/G/1/k priority queue with service vaca-
tions, using an infinite-buffer M/G/1 priority approximation
for closed-form analysis, and extended to centralized and
distributed processor architectures for concurrent multi-task
execution. By linking sensing load (λ), model cost (C), and
processor capacity (F ), the model yields closed-form predic-
tions for end-to-end delay, stability, and energy consumption
under realistic edge-AI workloads with non-preemptive pri-
ority scheduling, while finite-buffer effects are retained in
the M/G/1/k simulation — before committing to hardware
prototyping.

Simulation validation confirms mean delay prediction errors
below 10% for well-provisioned configurations (ρ < 0.75) and
energy predictions accurate across all load regimes (R2 ≥
0.974). Burstiness sensitivity under MMPP-2 arrivals (cb ≤
5.0) further confirms delay error below 8% for fatigue and
11% for VO2, validating the model under realistic correlated
wearable workloads. Pareto analysis reveals strongly task-
dependent delay–energy optimality: fatigue detection admits
only compact recurrent architectures within the feasible region,
while VO2 estimation admits broad flexibility governed by
processor capacity rather than model selection.

For multi-task execution, Theorem 1 formally establishes
that per-task delay strictly decreases along the specified
progressive-isolation sequence as cross-task queueing interfer-
ence is removed, while Theorem 2 characterizes the energy-
competitiveness frontier via ρ∗, η∗, and E∗. Together, the
energy-competitiveness frontier and the centralized stability
boundary partition the (λ̄data, C/F ) operating plane into three
architecture-selection regimes (Corollary 1): a designer trade-
off region where application context governs the choice, a dis-

tributed energy-competitive region where θ = T remains faster
while its relative energy overhead is within the prescribed
tolerance, and a stability-constrained region where distributed
execution is the only feasible architecture.

From these analytical and simulation findings, three co-
design rules follow: provision F with margin below the dead-
line boundary, prefer architectures with linear compute scaling
under increasing sensor density, and default to distributed
execution for heterogeneous concurrent workloads.

The model’s predictions degrade near saturation (ρ → 1)
and when service times exhibit heavy-tailed variance beyond
the deterministic Sinf = C/F assumption. These limitations
motivate future extensions of the framework to intermediate
hybrid architectures with 1 < θ < T , where task group-
ing across processing nodes becomes an additional design
variable requiring assignment-aware optimization beyond the
closed-form treatment considered here. Future work will also
investigate dynamic task partitioning and runtime architecture-
switching policies that leverage ρ∗ and η∗ as triggers for
adapting to time-varying sensing loads and more complex
heterogeneous computing architectures.

APPENDIX A
FORMAL PROOF OF THEOREM 1

When θ = T , each task is assigned to a dedicated processor.
Hence, no other inference tasks are co-located with task τ , and

λ
(τ)
eff (T, t) = λ

(τ)
data(t). (A1)

Therefore, Eq. (18) reduces to the single-task delay expression
independently for each task.

For strict monotonicity, it suffices to show

De2e,(τ)(θ) > De2e,(τ)(θ+1), θ ∈ {1, . . . , T − 1}. (A2)

Under the progressive isolation sequence assumed in Theo-
rem 1, increasing θ by one removes at least one co-located
task τ ′ with λ

(τ ′)
data (t) > 0 from the processor serving task τ .

This strictly reduces the effective arrival rate seen by task τ :

λ
(τ)
eff (θ, t)− λ

(τ)
eff (θ + 1, t) ≥ λ

(τ ′)
data (t) > 0. (A3)

The removal of task τ ′ induces strictly positive reductions
in the residual service term, the high-priority utilization, and
the total utilization:

∆τ ′R =
1

2
λ
(τ ′)
data (t)E

[︃(︂
S
(τ ′)
data

)︂2]︃
> 0, (A4)

∆τ ′ρH = (1− pt)λ
(τ ′)
data (t)

(︄
1

µcomm
+

C(τ ′)

F

)︄
> 0, (A5)

∆τ ′ρ = λ
(τ ′)
data (t)

(︄
1

µcomm
+

C(τ ′)

F

)︄
> 0. (A6)

Hence,

R(θ + 1) < R(θ), (A7)
ρH(θ + 1) < ρH(θ), (A8)
ρ(θ + 1) < ρ(θ). (A9)
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Over the stable region 0 ≤ ρH ≤ ρ < 1, the waiting-time
expressions

WH =
R+RV(ρH)

1− ρH
, (A10)

WL =
R+RV(ρH)

(1− ρH)(1− ρ)
(A11)

are strictly increasing in R, ρH, and ρ, where

RV(ρH) =
ρH

µvac(1− ρH)
(A12)

is also strictly increasing in ρH for 0 ≤ ρH < 1. Therefore,
the strict reductions in R, ρH, and ρ imply

WH(θ) > WH(θ + 1), (A13)
WL(θ) > WL(θ + 1). (A14)

The service time of task τ itself is unchanged across archi-
tectures, since its communication service rate µcomm, computa-
tional cost C(τ), and processor capacity F are fixed. The relay
contribution is also common under the same communication
assumptions. Thus, the end-to-end delay strictly decreases:

De2e,(τ)(θ) > De2e,(τ)(θ + 1). (A15)

Applying this argument for all θ ∈ {1, . . . , T − 1} establishes
Eq. (23).

APPENDIX B
FORMAL PROOF OF THEOREM 2

Define the relative distributed energy overhead

f(ρ(1)) ≜
∆E(ρ(1))

Eper job(1, ρ(1))
. (B1)

The centralized architecture assigns all T tasks to one
processor, whereas the fully distributed architecture assigns
each task to a dedicated processor. In the symmetric case,
each task contributes λ̄data/T to the aggregate data-arrival rate
λ̄data and has computational cost C(τ) = C̄.

For the centralized architecture, the utilization is

ρ(1) =
λcontrol + λ̄data

µcomm
+ λ̄data

C̄

F
. (B2)

For the fully distributed architecture, the utilization of node
τ is

ρ
(τ)
T =

λcontrol/T + λ̄data/T

µcomm
+

λ̄data

T

C̄

F
=

ρ(1)

T
. (B3)

Thus, each distributed node carries 1/T of the centralized
utilization and

∑︁T
τ=1 ρ

(τ)
T = ρ(1), while the aggregate control-

arrival rate remains λcontrol.
Let N̄s = 1

T

∑︁T
τ=1 N

(τ)
s denote the average active sensor

count across tasks. Under the symmetric setting, N (τ)
s = N̄s

for all τ . The centralized power term is

Φ1(ρ(1)) = Pactiveρ(1) + Psleep
(︁
1− ρ(1)

)︁
+ N̄sPsensor. (B4)

When both architectures use the same physical sensors,
their intrinsic sensing power is the same. Under the symmetric
workload assumptions, the centralized architecture applies the
per-sensor power allowance once, while the fully distributed

architecture applies it at each of the T processing nodes.
The T − 1 additional allowances serve as a proxy for the
power required to make the same sensor data available to the
additional processors. By contrast, HPtx/µcomm accounts for
the transmission energy per job across the H communication
hops that the job traverses. This term is common to both
architectures and cancels from the absolute energy gap in
Eq. (27). It still contributes to the centralized energy baseline
used to compute the relative overhead and therefore affects the
energy-competitiveness frontier.

Similarly, the aggregate distributed power term is

Φsum
T =

T∑︂
τ=1

[︂
Pactiveρ

(τ)
T + Psleep

(︁
1− ρ

(τ)
T

)︁
+N (τ)

s Psensor

]︂
.

(B5)
Since the transmission term in Eq. (26) is common to both

architectures, the energy gap is

∆E(ρ(1)) =
Φsum

T − Φ1(ρ(1))

λcontrol + λ̄data
. (B6)

Under the convention ∆E = Eper job(T )−Eper job(1), ∆E >
0 means that distributed execution is more energy-expensive,
whereas ∆E < 0 means that distributed execution is lower
energy.

Using ρ
(τ)
T = ρ(1)/T and N

(τ)
s = N̄s, the aggregate

distributed power term simplifies exactly to

Φsum
T = Pactiveρ(1) + Psleep

(︁
T − ρ(1)

)︁
+ TN̄sPsensor.

(B7)

Subtracting the centralized power term gives

Φsum
T − Φ1 = (T − 1)Psleep

+ (T − 1)N̄sPsensor

= (T − 1)
(︁
Psleep + N̄sPsensor

)︁
.

(B8)

For compactness in the remaining derivation, define Λ ≜
λcontrol + λ̄data, P0 ≜ Psleep + N̄sPsensor, and ∆P ≜ Pactive −
Psleep.

Using these definitions, the exact distributed-minus-
centralized energy gap becomes

∆E =
(T − 1)P0

Λ
> 0. (B9)

Hence, the energy ordering does not reverse under the
symmetric model.

The centralized energy per job can then be written as

Eper job(1, ρ) =
P0 +∆P ρ

Λ
+

HPtx

µcomm
. (B10)

Combining Eqs. (B9) and (B10), the relative distributed
energy overhead becomes

f(ρ) =
(T − 1)P0

P0 +∆P ρ+ ΛHPtx/µcomm
. (B11)

For a fixed aggregate arrival rate Λ and Pactive > Psleep, and
hence ∆P > 0, differentiation with respect to utilization gives
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∂f(ρ)

∂ρ
= − (T − 1)P0∆P

(P0 +∆P ρ+ ΛHPtx/µcomm)
2

< 0.

(B12)

Therefore, for a fixed aggregate arrival rate, although the
distributed energy overhead remains positive, its magnitude
relative to centralized energy decreases monotonically with
utilization.

The energy-competitive operating set is

Sε ≜ {ρ ∈ [0, 1) : f(ρ) ≤ ε} . (B13)

If Sε is nonempty, the utilization threshold is defined as

ρ∗ = minSε. (B14)

Since f(ρ) is continuous over the stable operating interval,
Eq. (B14) is well-defined whenever Sε is nonempty.

For an interior threshold, f(ρ∗) = ε. Solving Eq. (B11) for
ρ∗ gives

ρ∗ =
(T − 1)P0/ε− P0 − ΛHPtx/µcomm

∆P
. (B15)

Hence, ρ∗ = 0 if f(0) ≤ ε; no stable threshold exists if
f(1−) > ε; otherwise, Eq. (B15) gives the unique interior
threshold.

Substituting ρ(1) = ρ∗ into Eq. (26) with θ = 1 gives
the centralized energy per job at the energy-competitiveness
frontier E∗ in Eq. (29). Likewise, substituting ρ(1) = ρ∗

into Eq. (21) and solving for C̄/F gives the workload-plane
projection η∗ in Eq. (30).

The resulting η∗ defines the C/F coordinate of the energy-
competitiveness frontier separating the Designer trade-off and
Distributed Energy-Competitive regions.

Finally, setting ρ(1) = 1 in Eq. (21) gives the centralized
stability boundary λ∗ in Eq. (31). Therefore, ρ∗, η∗, and
λ∗ jointly partition the (λ̄data, C/F ) operating plane into the
architecture-selection regimes of Corollary 1.
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