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ABSTRACT

Unmanned aerial vehicles (UAVs) relay concurrent semantic flows in rapid-response networks,
where multi-hop fidelity degrades multiplicatively whereas energy accumulates additively. Mean-
while, medium access control (MAC)-layer contention couples relay-sharing flows, making per-
flow optimization inconsistent with this coupling and the joint problem computationally prohibitive.
We formulate the Multi-Flow Semantic Routing Energy Efficiency (MF-SREE) problem, NP-hard
at unit service availability and scored over communication-layer rather than total mission energy.
Accordingly, we propose the multi-flow Semantic Ant Colony System (S-ACS MF) that leverages
load-aware sequential construction to jointly optimize fidelity, inter-flow coupling, and energy
efficiency. Under a load-count contention surrogate, a measured codec-calibrated fidelity curve, and
non-binding capacity, S-ACS MF leads on MF-SREE in 11 of 12 settings. The sole exception is a
rounded linear programming router. Paired margins are 0.024%-0.648% over Sequential Dijkstra,
1.04%-4.40% over traditional ant colony optimization (ACO), and 8.84%-46.43% over Greedy Walk,
which Holm—Bonferroni correction separates from zero at 5, 9 and 12 settings, respectively. However,
under a worst-case full-reuse spatial evaluator, S-ACS MF leads on re-scored MF-SREE in none of
eight settings. A scheduling-aware variant, scored under the schedule it optimizes, ranks first in six
of twelve schedule-evaluated settings. At the dense 50-node, 49-flow setting it is third of four in both
capacity regimes, trailing the ACO and greedy baselines by Holm-corrected margins under binding
capacity. Matched on the reduced ant budget with compilation disabled for both methods, S-ACS MF
is 1.44 to 1.66 times slower than Traditional ACO MF; the earlier wall-clock advantage reflected

configuration, not algorithm design.

1. Introduction

Unmanned aerial vehicles (UAVs) have been
increasingly deployed as relay infrastructure for time-
critical missions, including disaster response, surveillance,
and remote sensing. In multi-UAV flying ad-hoc networks
(FANETsS), UAV relay chains need to deliver semantically
rich payloads wunder stringent energy and latency
constraints over bandwidth-limited aerial links. Semantic
communication [43] transmits task-relevant meaning rather
than raw bits, which suits this setting well. However,
multi-hop relay chains introduce a fundamental challenge.
A single weak hop can dominate the whole path and sharply
reduce the semantic quality at the destination [44, 46].

This sensitivity becomes especially problematic when K
source—destination pairs share the relay network simultane-
ously. At a shared relay, medium access control (MAC)-layer
contention grows with the number of flows that the relay for-
wards. This contention lowers the effective link quality of ev-
ery flow traversing it. Each admitted flow therefore changes
the relay-load state faced by the flows already routed. Con-
sequently, a route that is efficient in isolation can degrade the

* Code availability: The source code, simulation engine, and experi-
mental configurations for S-ACS MF will be made publicly available at
https://github.com/tung491/mf-sree upon acceptance.

*Corresponding author.

¥4 srcho@cau. ac.kr (S. Cho)

fidelity and the energy cost of its neighbors once it is com-
mitted. Notably, the model adopted in this paper captures
this effect through the relay load count alone. Transmitter
geometry and the resulting spatial signal-to-interference-
plus-noise ratio (SINR) lie outside its scope. These inter-
actions introduce three intertwined difficulties. First, the
shared relay-load coupling prevents independent per-flow
optimization. Second, the Multi-Flow Semantic Routing
Energy Efficiency (MF-SREE) maximization is challenging
to optimize even in the relaxed constrained case. Third,
the multiplicative fidelity structure of decode-and-forward
semantic relaying breaks the additive path-cost assumptions
in classical multi-commodity flow (MCF) formulations [3].
Prior work has addressed these three aspects largely in
isolation. Single-flow semantic relaying [44, 18, 26] reports
per-stage fidelity loss along an isolated chain without de-
riving a closed-form composition law. Furthermore, it does
not model shared-relay load coupling across flows. Classical
MCEF [3] handles flow coupling on shared edges yet assumes
additive path costs that are incompatible with multiplicative
semantic fidelity. Deep reinforcement learning (DRL)-based
multi-flow routing [29] adapts to dynamic load conditions
but omits semantic fidelity in its reward design and offers no
convergence guarantee. Hence, to the best of our knowledge,
no existing framework jointly optimizes multi-hop semantic
fidelity, MAC-layer flow coupling, and energy efficiency.

T.S. Do et al.: Preprint submitted to Elsevier

Page 1 of 30


https://github.com/tung491/mf-sree

Multi-Flow Semantic Routing for Multi-UAV Relay Networks

To address these limitations, we propose the multi-flow
Semantic Ant Colony System (S-ACS MF), which lever-
ages multi-flow-aware sequential construction to jointly op-
timize multi-hop semantic fidelity, multi-flow routing, and
MAC-layer energy efficiency. Each design choice is forced
by a structural feature of MF-SREE. Sequential per-flow
construction on the evolving relay-load state accounts for
inter-flow load-count contention coupling through the load-
dependent heuristic. A marginal coupled-objective selection
step then prices each candidate by its effect on the coupled
total. Consequently, route construction and the subsequent
coordinated reroute local search optimize the same quantity.
A log-domain ratio surrogate addresses the non-additivity
of multiplicative fidelity by acting as a candidate-generation
prior. Candidate paths are subsequently re-scored under the
true MF-SREE objective. Because the load-count surrogate
abstracts away transmitter geometry and channel access,
we additionally construct a scheduling-aware variant, S-
ACS MF-SINR. Its routing objective is evaluated under the
same explicit time-division multiple access (TDMA) sched-
ule that scores it. In contrast, flow admission and candidate
generation remain surrogate-based. The main contributions
of this paper are as follows.

e To handle multi-flow routing under shared-relay
contention coupling, we formulate the MF-SREE
problem for concurrent flows under the load-count
contention surrogate and per-node service-availability
constraints, scored over communication-layer energy
alone. Its decision version is proved NP-hard at
unit service availability by reduction from directed
vertex-disjoint paths [16], and per-edge monotonicity
is derived.

e To tackle the coupled multi-flow optimization, we
propose S-ACS MF, a metaheuristic framework that
constructs routes via a load-aware energy-per-fidelity
rule, selects candidates by marginal coupled-objective
evaluation, and refines assignments through coordi-
nated reroute local search. To align the routing ob-
jective with channel access, we further develop the
scheduling-aware variant S-ACS MF-SINR under an
explicit TDMA schedule with pairwise SINR feasibil-

ity.

e To establish rigorous performance bounds, we certify
solution quality from two independent directions. We
compute the per-flow zero-load MF-SREE ceiling ex-
actly with a Pareto label-setting dynamic program that
returns an optimality certificate on every solve, and
obtain certified global optima by exhaustive enumer-
ation on small-scale instances.

e Under measured codec calibration, S-ACS MF ranks
first on MF-SREE in 11 of 12 grid settings and
20 of 24 measurably binding quality-of-service
levels. Its paired margins span 0.024% to 0.648%
over Sequential Dijkstra, 1.04% to 4.40% over
Traditional ACO MF, and 8.84% to 46.43%

over Greedy Walk MF, which Holm-Bonferroni
correction separates from zero at 5, 9 and 12 settings,
respectively. However, S-ACS MF-SINR ranks
third of four at the densest scheduled setting, and
S-ACS MF leads in none of eight worst-case full-reuse
spatial cells. Matched on the reduced ant budget with
compilation disabled for both methods, S-ACS MF is
1.44 to 1.66 times slower than Traditional ACO MF,
not faster.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 introduces the network
setting and formulates the MF-SREE problem under the
load-count contention surrogate. Section 4 details the pro-
posed framework, the certified per-flow zero-load ceiling,
and the fixed-load linear programming relaxation. Section 5
presents the numerical results, and Section 6 concludes the
paper, with every formal proof given in Appendix A.

2. Related Work

2.1. Semantic Multi-Hop Communication and
Routing

To position our contribution, we review prior efforts
along two complementary axes, namely semantic multi-
hop communication and multi-flow routing under wireless
interference. Giindiiz et al. [19] consolidated the semantic
communication paradigm, in which transmission conveys
the meaning of data instead of raw bits. Xie et al. [43]
realized that paradigm for text through a Transformer-based
semantic transceiver. When extending such paradigms to
multi-hop networks, end-to-end semantic quality degrades
progressively along the relay chain. Zhang et al. [46] demon-
strated empirical semantic distortion accumulation along
multi-hop decode-and-forward relays and proposed recur-
sive retraining. However, analytical modeling of multi-hop
fidelity cascades under shared-relay load coupling remains

unaddressed. In this work, we model this degradation via a

multiplicative fidelity cascade Hfz"l S (y;ff), where a single

bottleneck link severely degrades end-to-end task perfor-
mance. To alleviate this loss in the single-flow regime,
Yin et al. [44] investigated cooperative semantic relaying.
Similarly, Gao et al. [18] considered semantic-aware routing
for low Earth orbit (LEO) satellite networks. Bian et al. [7]
proposed a hybrid joint source-channel coding (JSCC) for-
warding scheme tailored to mobile scenarios. However, each
of these efforts is restricted to a single source—destination
pair and does not account for the coupling introduced by
simultaneous flows.

Guo et al. [20] proposed an integer linear programming
formulation for semantic-aware routing in LEO satellite
networks with knowledge-base matching. Their formula-
tion targets single-flow optimization without incorporating
multi-flow routing or contention coupling. Tang et al. [40]
defined the Semantic Energy Efficiency (SEE) metric for
single-relay cooperative links. Our Semantic Routing En-
ergy Efficiency (SREE) generalizes this notion to multi-hop
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routing. Under SREE, fidelity accumulates multiplicatively
along the selected path, yielding an end-to-end routing effi-
ciency ratio rather than a per-link indicator. More recently,
Huang er al. [26] investigated a multi-hop semantic com-
munication system that prioritizes transmission according
to semantic importance. However, this line of work does
not address multi-flow contention coupling when several
semantic streams share spectrum.

In a parallel direction, Wu et al. [42] applied sleeping
multi-armed bandit (MAB) policies to semantic path selec-
tion in space-ground networks. Meanwhile, Hu et al. [25]
addressed multi-modal semantic resource allocation in UAV
collaborative networks. Neither work formulates multi-flow
routing under contention coupling, leaving the joint treat-
ment of semantic fidelity and contention-coupled routing
open.

2.2. Multi-Flow and Interference-Aware Routing

From the physical-layer routing perspective,
Alam et al. [4] studied interference-aware UAV swarm
routing by jointly optimizing trajectory, frequency
allocation, and physical-layer metrics. Their formulation
focuses exclusively on raw bit delivery without accounting
for task-oriented semantic fidelity or multi-flow relay
contention. Similarly, classical ACO [13] and its
FANET variants remain agnostic to semantic awareness.
Liu et al. [33] proposed a harmonic-function-based potential
field (HF-PF) for interference-aware multi-hop routing in
UAV networks, and He er al. [22] introduced DGMR
for dynamic aerial ad-hoc networks. Both efforts target
physical-layer routing without semantic fidelity metrics,
rendering direct experimental comparison infeasible.

At the network-game level, Aggarwal et al. [2] applied
mean-field game (MFG) theory to competitive channel
scheduling among semantic transmitters. Their formulation
addresses medium-access-control (MAC)-layer resource
allocation rather than multi-hop routing, omitting the
interplay between path selection and interference. On the
multi-flow routing side, integer multi-flow routing is known
to be NP-hard [15]. Kim et al. [29] proposed a DRL-based
multi-flow routing scheme; semantic fidelity metrics,
however, are omitted from their design.

In a related direction, Erfaniantaghvayi et al. [14]
combined ACO with backpressure routing for multi-flow
wireless traffic, optimizing physical-layer throughput
without semantic-fidelity considerations. Our S-ACS MF
framework instead optimizes the multiplicative SREE
metric with cross-flow load tracking. Li et al. [31] introduced
FRRA-ACO for capacitated multi-flow backup routing in
wired data-center networks. In comparison, S-ACS MF
extends this paradigm to wireless UAV networks with
explicit semantic-fidelity awareness and load-dependent
heuristics. Paul et al. [35] proposed DIAMOND, a graph-
neural-network-aided reinforcement-learning approach for
multi-flow transmission. DIAMOND targets physical-layer
throughput, whereas S-ACS MF optimizes multiplicative
SREE under unsplittable single-path routing constraints.

Unsplittable routing per flow inherits additional hardness
beyond the fractional case [15].

Across both threads, none of the works reviewed above
jointly SREE-optimizes multi-hop semantic fidelity, unsplit-
table multi-flow routing, and load-count contention coupling
in UAV networks. Motivated by these limitations, we pro-
pose a unified framework that jointly optimizes multi-hop
semantic fidelity, unsplittable multi-flow routing, and load-
count contention coupling under a single MF-SREE objec-
tive. Solution quality is evaluated against a certified per-flow
zero-load ceiling. The contention representation adopted
here is deliberately a load-count contention surrogate. It
charges a relay for the number of flows it forwards. As a re-
sult, this surrogate represents neither transmitter-geometry-
based spatial interference nor medium-access scheduling.
Section 3 delimits this scope, and every comparison on the
surrogate evaluation track inherits it. The scheduled and full-
reuse evaluations are identified separately where they are
reported.

2.3. Learning-Based and Graph-Based Routing

Recently, deep reinforcement learning (DRL) and graph
neural networks (GNNs) have been widely adopted
for intelligent routing. DRL-based schemes jointly
optimize multi-flow transmission [29] and dynamic aerial
topologies [22], while GNN-assisted DRL models enhance
topological generalization across unseen networks [41, 5].
The learning-based routers reviewed above, however,
neither optimize fidelity-normalized energy metrics nor
evaluate solution quality against certified optimality bounds.

In cloud computing, load-aware energy management has
been explored for resource allocation [27] and dynamic
voltage scaling [28]. While sharing the principle of load-
dependent energy modeling, these cloud-centric methods
omit wireless channel dynamics, multi-hop relay coupling,
and semantic fidelity metrics.

Prior works have reported successful DRL and GNN
applications in routing and traffic engineering [29, 22, 41, 4,
5, 6]. This paper does not attempt to tune such architectures
for the non-additive, capacity-coupled MF-SREE objective.
It instead reports untuned diagnostic implementations of
MAPPO [45], QMIX [37], and a GNN policy. Under the
state—action representation, hyperparameters and training
budget adopted here, these implementations did not out-
perform a parameter-free greedy walk. That outcome is a
property of these particular configurations. It is not evidence
about what the corresponding method classes can achieve
once tuned. Accordingly, no such conclusion is drawn in this
paper. One candidate contributing factor, which the present
experiments do not isolate, is that QMIX’s monotonic value
factorization cannot represent inter-agent action dependen-
cies of the kind that shared relay capacity constraints in-
duce [36].

The evaluation protocol enforces family-wise error con-
trol using Holm’s procedure [24] and follows the statistical
power analysis of Colas et al. [10]. These safeguards apply
to the diagnostic comparisons described above. They do not
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extend the resulting conclusions to learning architectures,
state encodings or training budgets outside the tested set.

2.4. Certified Bounds for Non-Additive Path
Objectives

Establishing exact performance bounds for fractional
and non-additive path objectives is challenging. In partic-
ular, non-additivity invalidates standard shortest-path algo-
rithms [17] and renders standard Dinkelbach-type param-
eterizations insufficient [12]. To address this, multicriteria
label-setting methods [34] provide exact dynamic program-
ming solutions. Building upon these principles, we instan-
tiate a Pareto label-setting dynamic program to compute
the exact per-flow zero-load ceiling. To the best of our
knowledge, this is the first study to evaluate coupled seman-
tic routing objectives against a certified per-flow zero-load
upper bound.

For a concise overview, Table 1 contrasts representative
prior works with the proposed approach.

The preceding subsections have positioned the
proposed method against prior work on semantic relaying,
interference-aware multi-flow routing, learned routing,
and exact path bounding. Next, Section 3 formalizes the
network, channel and fidelity models on which the SREE
objective is defined.

3. System Model

In this section, we present the system model of a homo-
geneous multi-UAV network employed for semantic mes-
sage relaying. We model the network as a time-varying
directed graph G(r) = (V, () indexed by discrete time
slots t € {0,1,...}, where V = {1,..., N} denotes the
set of N UAVs with N € Z_. A directed edge (i,j) €
£(t) is established whenever the inter-UAV distance satisfies
IPA®) = P,Oll < dyy. Here, p,(1) € R3 (m) is the 3D
position of UAV i, and d,,,, (m) denotes the maximum air-
to-air communication range.

Furthermore, the UAV positions follow a Gauss—Markov
mobility model [32], expressed by the velocity-position re-
cursion:

Vit + 1) = a,vi(t) + (1 —a )V + /1 — a2 wi(),

(1a)
p;(t+ 1) = p;(®) + v;()AT, (1b)

where v;(t),Vv € R3 (m/s) are the instantaneous and
the mean UAV velocity vectors (mean speed & 2 ||¥])),
respectively, and a,,, € [0, 1) is the dimensionless memory
coefficient. The driving noise w;(¥) € R3 is independent and
identically distributed (i.i.d.) across nodes and time slots,
drawn from the zero-mean Gaussian N (0, 031). Here, 0 €
R3 and I € R¥3 are the zero vector and the identity matrix,
and o, (m/s) is the per-component velocity-perturbation
standard deviation. Finally, At (s) is the slot duration, i.e.,
the position update interval. Notably, this recursion captures

Table 1
Comparison with related works.

Multi- Sem- oad SPat. MAC g,
Approach hop antic MCF coup. SINR sch. ergy Bound
Coop.
relay [44] v v X X X X X X
SC-aware
LEO [18] v v X X X X X X
Multi-flow
DRL [29] v X v X v X X X
Ant-BP
[14] v X v X X X X X
HF-PF [33] v X X X v X X X
DGMR [22] v X v X X X X X
FRRA-ACO
[31] v X v X X X X X
DIAMOND
[35] v X v X v X X X
E?L+GNN v X v X X X X X
MARL+GNN
TE [6] v X v X X X X X
MAB path
sel. [42] v v X X X X X X
UAV res.
alloc. [25] 4 4 X X X x X
Semantic
MFG [2] X v X X X v X X
MFG v % % % % % Par-
routing [30] tial
S-ACS MF v v v v X X v v
S-ACS MF-
SINR v v v v v v / X

Note: MCF = multi-flow routing (K > 2); Load coup. = per-
relay forwarding-load (flow-count) contention represented inside
the optimizer; Spat. SINR = co-channel interference derived from
transmitter geometry and channel gains; MAC sch. = explicit
slot or airtime allocation; Bound = scoring against certified
zero-load ceiling. The three contention columns denote distinct
modeling choices rather than successive levels of a single capability.
Both proposed rows are variants of one framework: S-ACS MF
prices contention by relay load alone, whereas S-ACS MF-SINR
additionally routes under an explicit TDMA schedule with pairwise
SINR feasibility.

the short-term correlation typical of rotary-wing trajectories
at low altitude.

We consider a set of K source-destination pairs
{(spd), with K € Z, and s,d, € V that
simultaneously transmit semantic messages through
the shared relay network. Each flow k requires an
unsplittable path P, = (n(()k),n(lk), ,ny;z) with n;k) ey
for h = O0,...,H;, where H, € Z, denotes the
number of edges (hops) on path P,. For consistency,

; (k) (k) A
we adopt the convention n, H, = d,. Let

V(P,) 2 {n;lk) : h € {0,..., H.}} denote the constituent
node set of P,. The path P, thus traverses H, — 1
intermediate relays. Unless stated otherwise, all routing
decisions and the routing-derived quantities introduced
below are evaluated at the current slot ¢. Their explicit
dependence on ¢ is suppressed for brevity. The overall
system architecture is illustrated in Fig. 1.

£ 5, and n
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= =
Source UAV 1 Relay UAV
S

Source UAV 3

Relay UAV

Dest. UAV 2

Figure 1: System model of the multi-UAV semantic relay
network.

All UAVs share identical hardware specifications.
Specifically, each UAV is equipped with a full-charge
battery of capacity B,,, = 300Wh = 1.08x10°J. Each
UAV also carries an on-board compute platform yielding
the per-hop inference cost Feom, + Poroclproc- Here,
F € 7, is the floating-point operation (FLOP) count
of the deployed semantic codec, €.y, (J/FLOP) is the
compute energy efficiency, and Py (W), T (s) denote
the baseband processing power and processing time,
respectively. Additionally, all UAVs employ identical
air-to-air radio modules detailed in Section 3.1. Hence, the
per-hop inference cost is identical across relays. However,
the residual energy state E;em(t) € [0, By, ] evolves
dynamically as each relay expends energy on its assigned
flows. Notably, this state upper-bounds the per-node
cumulative energy expenditure via a budget constraint
introduced later in Section 3.4. To facilitate readability, all
primary notation and symbols are summarized in Table 2.

3.1. Channel Model and Load-Count Contention
Surrogate

We adopt the 3rd Generation Partnership Project (3GPP)
probabilistic line-of-sight (LoS)/non-line-of-sight (NLoS)
path loss model specified for aerial user equipment [1].
That specification models air-to-ground links between an
aerial user equipment and a terrestrial base station. We
repurpose it as an air-to-air (A2A) surrogate for UAV-to-
UAV links, evaluated at the inter-UAV separation and al-
titude difference between the two communicating UAVs.
The channel operates at carrier frequency f. = 2 GHz with
bandwidth W = 10 MHz and transmit power P, = 23 dBm.
Hereafter, P, denotes the corresponding linear-scale value
(ie., Py ~ 0.2W) whenever it appears inside the energy
expression (10). This configuration yields a nominal signal-
to-noise ratio (SNR) of y©@ = 6.6dB at the worst-case
3D range d,,, = 500m with altitude separation between
communicating UAVs A, = 50m (6§ = 5.74°). Under
purely horizontal separation at the same maximum range
(Ay = Om, 8 = 0°), the 3GPP line-of-sight probability
attains its geometric minimum, yielding a nominal SNR
of 5.9738 dB as the weakest admissible link margin in the
topology (serving as the scheduled admission threshold y,,

Table 2

Notation and Symbol Definitions.

Symbol Description

VY, N Set of UAV relay nodes and total fleet size
(IvI=N)

E(), diax Directed edge set at slot t and maximum
range dp ..

K, (sg.dy) Number of semantic flows and
source-destination pairs

P, Hy Unsplittable routing path and hop count of

B, EX(0)

flow k

Battery capacity (300 Wh = 1.08x10° J)
and residual energy

Py W, f. Transmit power (23 dBm), bandwidth
(10 MHz), frequency (2 GHz)
L;, Cpax Relay load at node j and maximum
concurrent session cap
71'(('))’ yeft Nominal SNR and load-degraded effective
o SNR
Ciejff Effective Shannon link capacity under

Ny, F, ecomp
S, Seoe

ks' Y05 Smin’ S,

max
dn, ¢

k
Ei(/')' Elntal(pk)

load-count contention

Semantic payload size, FLOP count,
compute efficiency

Per-hop semantic fidelity and end-to-end
cascade fidelity

Per-hop fidelity-curve steepness, midpoint,
and task-score bounds

Cumulative delivered task score after h
hops and codec state-protection coefficient
Per-hop energy drain and total path energy
expenditure

E;“’de, ESig Per-node epoch drain (J/epoch) and
network signaling energy (J/epoch)

S]ieq, ng;x Per-flow fidelity floor and per-flow
route-energy cap (J/task)

Porop.jr Tis: Tepoch Mission propulsion power

AoSly, , AoSI

max

SREE(P,)

(route-independent), mission horizon,
epoch duration

Age of Semantic Information and
maximum staleness bound

Semantic Routing Energy Efficiency
(seZe/Elolal)

in Section 4.2). Since all methods share identical channel
conditions, the moderate link margin is sufficient for valid
routing comparisons. In particular, the margin follows from
the worst-case low-altitude geometry stated above. It is not
calibrated against A2A propagation measurements. Each
link (i, j) is associated with a nominal SNR ylFJQ) (dB) and

Sh .0 y /10, ..
annon capacity Cl.j = Wlog,(1 + 105 7°7) (bit/s).
When multiple concurrent flows traverse a common re-
lay j, medium-access contention degrades the effective link
quality. We model this degradation via a load-count con-
tention surrogate that prices interference by the number
of flows forwarded by a relay, rather than by the explicit
medium-access schedule. Accordingly, for each j € V, we
let L i € {0,1, ..., K} denote the dimensionless relay load,
i.e., the number of flows passing through j as an intermediate
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node, which is expressed as:

K
Lj=21[jEV(pk)\{Sk7dk}]’ @
k=1

where 1[-] is the indicator function that returns 1 if its pred-
icate is true and O otherwise. By construction, L; excludes
flow k’s own source s, and destination d,, since endpoints
are not subject to forwarding contention from flow k itself.
Nevertheless, s, and d, can still incur load when other flows
traverse them as relays. The effective SNR yi‘;ff € R (dB) on
each link (i, j) € £(r) then decreases logarithmically with
the load and is given by:

yelt =y = 10logyo(1 + L) [dB], 3)
Specifically, a single flow traversing a relay (L; = 1)
already incurs a 3 dB half-duplex penalty. Each additional
flow forwarded by the same relay then incurs an incremental
load-count penalty. The effective capacity under load (bit/s)
is given by:

eff

Clf = W log, (1 + 1074 10y, 4)

Alternative contention laws dependent solely on L; (such

as linear 3L;dB or quadratic 10log;o(1 + sz.) dB) also

increase monotonically in L;. Since L; depends on the
eff (k)

routing decisions of all K semantic flows, we write vij

and C;ff’(k) when the flow index must be explicit.

Notably, (3) represents a load-count contention surro-
gate that prices contention by the scalar relay load L;
rather than transmitter geometry, concurrent transmission
schedules, or spatial co-channel interference. Consequently,
the formulated objective and primary routing comparisons
inherit this scope. A complementary spatial evaluator as-
suming simultaneous transmission on shared resources is an-
alyzed in Supplementary Material Section S-D.1 as a worst-
case full-reuse stress test, with ranking differences discussed
in Section 5.6. Furthermore, a scheduled-objective vari-
ant evaluated under explicit time-division multiple access
(TDMA) is formulated in Section 4. Meanwhile, the load-
count contention surrogate remains the operational model
for all other comparisons.

Importantly, the effective SNR reduction (3) simultane-
ously affects both the available transmission rate and the
semantic fidelity. On the one hand, the reduced capacity ijff

increases the transmission time n,/ Cfff and hence the per-
hop energy (10). On the other hand, the lower SNR degrades
the per-hop semantic fidelity S(yiejff) through the per-hop
fidelity map (6). The routing formulation captures both ef-
fects through a single coupling variable yfff. The MF-SREE
objective (17a) then jointly balances the two. The Shannon
capacity governs energy accounting. In contrast, the per-hop
fidelity map captures the task-performance envelope of a
learned semantic codec operating under channel noise [43].
This dual-model design is consistent with prior multi-hop
semantic communication studies [18, 26].

3.2. Semantic Communication Pipeline

In this subsection, we present the semantic commu-
nication pipeline operating along each relay route. Each
flow k carries a semantic task instance. The source UAV
observes raw data x; € & from a task-specific input space X
(e.g., images or sensor frames). It applies a learned encoder
fo © & = {0,1}" with trainable parameters § € R”¢ to
extract a compact semantic representation z, = fo(x;) €
{0,1}" of ny € Z, bits. Learned semantic encoders such as
DeepSC [43] emit real-valued symbol vectors, so the binary
representation adopted here is an abstraction of this paper.
It expresses the transmitted payload in bits, so that transmis-
sion time and per-hop energy follow from the link capacity.
The per-hop semantic fidelity S(y) € [0, 1] quantifies the
expected normalized task utility conditioned on link SNR:

S) & Elu(y, 9 1 7] S

Here, E[-] averages over task data, channel noise, and codec
stochasticity. The ground-truth task output y, € Y is drawn
from output space Y, J, € Y is the receiver-side decoded
prediction, and u : Y X Y — [0, 1] is a normalized task-
specific score (e.g., classification accuracy, mAP, or SSIM).

3.3. Semantic Fidelity, Energy, and Staleness

In this subsection, we instantiate the conditional util-
ity (5) for the two codec profiles used in this paper, which
share one per-hop functional family. Deep JSCC image
transmission [8] and learned semantic text codecs [43] both
report task scores that increase monotonically with channel
SNR and saturate at a codec-dependent ceiling. Building
on that qualitative behavior, we adopt a bounded logistic
function of the effective SNR as the per-hop fidelity family.
This functional form is a modeling choice of this paper:

Soin) sig(ks(r = 105)).  (6)

where sig(x) e 1/(1 + ™), x € R, is the standard logistic
function and 0 < S;;; < Spax < 1 are dimensionless
task-score bounds. Here, S, is the high-SNR task-score
ceiling and .S;, the low-SNR floor. The midpoint y, 5 (dB)
is the SNR at which the codec reaches half its usable range,
below which fidelity falls sharply toward S, (cliff effect)
and above which it saturates toward .S,,.. The slope k; > 0
(dB™!) sets the steepness of that transition.

Two codec profiles carry the results of this paper, and
a third parameter set is disclosed below as a calibration
record. All three are distinguished explicitly wherever a
result depends on the choice. The synthetic profile evalu-
ates (6) at (Spip = 0.05, Spax = 0.95,795 = 10.0dB, k, =
0.30 dB~!) and composes it across hops as the per-hop
product (8) introduced below. It is a normalized reference
profile selected for interpretability. It is fitted to no codec. Its
10.0 dB midpoint deliberately places the tested link margins
on the steep portion of the curve. It serves as a stress profile.
Absolute fidelity levels reported under it carry no claim of
codec realism.

The measured profile is a distinct empirical artifact that
carries the primary codec evidence of this paper. It is the

Sy)= Smin + (Smax -
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curve under which the principal grid, the binding per-flow
QoS sweep of Section 5.5, and the measured-codec arm
of the scheduled crossed evaluation are all produced. It
composes delivered task score along a route by a measured
state-and-SNR recursion:

h=apa|1- (1=SG) (1-0a,)], @

where g, € [0, 1] is the cumulative one-gram bilingual
evaluation understudy (BLEU) score delivered after 4 hops,
initialized at g, = 1 for a fresh source observation, and y,,
(dB) is the effective SNR of hop A. The coefficient ¢ €
[0, 1) is a state-protection term that couples the loss incurred
on a hop to the quality already carried into it. The curve
parameters and ¢ were fitted by least squares to the 60
hop-to-hop BLEU transitions of 21 training SNR sequences,
at a transition root-mean-square residual of 0.0250. Those
transitions were decoded from 46,080 chain records over
512 test-split Europarl sentences, three stochastic seeds, and
one- to four-hop chains of the public DeepSC implementa-
tion [43] under an additive white Gaussian noise channel.
On nine held-out sequences the recursion attains a final-hop
mean absolute error of 0.0908 (95% bootstrap confidence
interval [0.0873, 0.0948]), against 0.5826 ([0.5765, 0.5891])
for the synthetic profile composed as a product of single-hop
values. The fitted state protection is numerically zero, falling
below 10731, Consequently, (7) reduces exactly to the per-
hop product (8) with (6) evaluated at (Sp;, = 0, Spax =
0.9744,7,s = —0.8934 dB,k, = 0.7205 dB™'). The two
profiles share the per-hop family and the composition law,
differing in codec parameters alone. A contrast between
them therefore isolates the codec curve.

The measured midpoint lies 10.89dB below the syn-
thetic one. This shift determines where the tested links fall
on the fidelity curve. At the nominal margin y© = 6.6dB
of Section 3.1, the synthetic profile places such a link 3.4 dB
below its midpoint, on the steep portion of (6). The load-
induced degradation (3) then moves it further down that
portion. The measured profile places the same link 7.5 dB
above its midpoint, in the saturating region. A given dif-
ference in effective SNR therefore maps to a much larger
fidelity difference under the synthetic profile than under
the measured one. Consequently, most contrasts reported
under it are wider than their measured counterparts. Unless
a result is explicitly reported under the measured DeepSC
codec model, it is produced under the synthetic profile. Each
subsection of Section 5 states which profile is in force.

A third set, the calibrated single-hop fit, is reported
for calibration transparency. The underlying metric is one-
gram BLEU. Its nine operating points were digitized off
the published DeepSC evaluation figure of [43] for an ad-
ditive white Gaussian noise channel, spanning —6 to 18 dB.
The fit is to published results rather than to a codec rerun
here. It is unweighted because no per-point uncertainty is
published. Least-squares fitting of (6) to those points yields
(Spin = 0.0567, S,.x = 0.9235,7y5 = —2.9219dB, k, =
0.3083 dB~1). The fit attains a root-mean-square residual of
0.0033 and a coefficient of determination R? = 0.9998. Its

midpoint is 12.92 dB, that is, approximately 13 dB, below
the synthetic one.

Several diagnostics characterize the confidence attached
to that fit. On five degrees of freedom, the 95% Wald pa-
rameter confidence intervals are [—0.0270, 0.1403] for S, ;,,,
[0.9162,0.9307] for S, [0.2767,0.3398] dB~! for k, and
[-3.631,-2.213]dB for y,s. Because its interval covers
zero, Sy, 1s the least determined parameter. The low-SNR
floor is not separable from zero at that confidence level.
With only nine points, these asymptotic linearized Wald
intervals are indicative rather than exact small-sample inter-
vals. Across the digitized points, the widest 95% prediction
interval occurs at —6dB and spans [0.2826,0.3146]. The
residuals have a standard deviation of 0.0035 and a largest
magnitude of 0.0070 at 0dB. A Shapiro—Wilk test on them
returns W = 0.9652 at p = 0.8513, which reads as no
evidence against normality. Outside —6 to 18 dB the curve
is an extrapolation of a nine-point fit. It is not quoted here as
a measurement. This single-hop fit is the codec-calibration
record of this paper. It produces no result reported in the
main manuscript. The principal grid is produced under the
measured recursion rather than under this fit, and so is the
binding per-flow QoS sweep of Section 5.5. Its one live use
is the codec-parameter sensitivity sweep of Supplementary
Material Section S-D.2, which perturbs y, 5 and k about the
parameter set above.

Assuming conditionally independent channel noise
across decode-and-forward relays, the end-to-end fidelity
for flow k is given by the product of per-hop fidelities:

Hy
ff,(k
Se2e(Pi) = Hs(yeuo( )(k))’ ®
h=1 h=1"n

which admits an exact log-domain additive representation:

Hy,
ff,(k
1 h

h= h-1°

where P, is the path, H; the hop count, and yeff’(k) the

RO

effective SNR on hop h. The relay load Ln;/q ;g:grggates
every flow traversing nglk). Sweeping k = 1,...,K thus
yields K flow-specific fidelity cascades. This multiplicative
structure directly results from the decode-and-forward (DF)
relay cascade. Suppressing the flow index k for clarity, each
relay h decodes the upstream representation Z;_; to a task
estimate y,_; and re-encodes it to 2, € {0,1}" (with
2, = z;). Denoting cumulative fidelities at relay 4 input and

output as Sy, , and Sy . We have Sy, = SGET) - Sy

Iterating from A = 1 to H, produces S, = H;I:kl S(@ye.

h
The cliff effect of (6), triggered whenever any ysz < Y0.5»

sharply degrades path fidelity and makes route selection
consequential [44, 46]. The synthetic midpoint places the
tested links on that cliff, whereas the measured midpoint
places them above it.

Alongside fidelity, each relay hop incurs energy costs
from payload transmission, decoding, and processing. The
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transmitter i pays over-the-air transmission energy, whereas
receiver j pays neural-inference and baseband-processing
costs. The per-hop link energy (J) is:

) b
E,'J' = PtxeT(k) + Fecomp + Pprochroc’ (10)
Cij ’ “ “ ~/
) e'x (paid by j)

e;JXJ(") (paid by i)
where e}}"(k) 2 Pyny/ ijtf’(k) and ™ £ Fegonn + PorocTproc
denote per-hop transmit and receive energies. Here, n,, (bits)
is the encoded semantic payload, and ijff’(k) (bit/s) is the
load-dependent effective capacity (4).
Summing over all hops yields the total path energy (J):

Hy
k
Eioa(Py) = Z Ei(;?) o (11)
h=1

= h-1""h

Similarly, the cumulative energy drawn at UAV node j (J)
aggregates transmission, decode-and-forward, and epoch-
level control signaling across traversing flows:

E;Ode({Pk}ke]Cadm)
= 2 1iev®y)

kelcadm

x (0
J-suce(j)

(12)

1) # dil + 11 # 5,1
S1;
+E £

where K.y, is the admitted-flow index set with K4, =
|Kadm|> and succy (j) € V denotes the successor of node j
on path P, for j € V(P,) \ {d}, with succ,(dy) = d,
and ez:(;i £ 0. Indicators 1[j # d,] and 1[j # s;] ensure
that the transmitter pays the communication cost and the re-
ceiver pays the decoding and processing cost. The term E°'¢
is every node’s share of the epoch-level control signaling
defined in (13) below, because each UAV transmits a beacon
irrespective of whether it lies on a delivered data route. Thus,
E;‘Ode couples the routing decisions of all admitted flows
through node j. Constraint (17c¢) requires that aggregate
drain respect residual battery Ejr,em(t).

Control signaling is charged at the epoch scope through
a single auditable radio model. Over one decision epoch
of duration T, the centralized controller aggregates one
beacon of b, bits from each of the N UAVs. The controller
then disseminates one forwarding-table entry of by, bits to
each on-route node of each of the K, admitted flows. With
mean relay depth H over those routes, the network-wide
control energy (J per epoch) is:

} ) _ P
EY = ( Nb, H + Kygmbr H? ) €bics Epit = %
—— — 7)
aggregation  dissemination
(13)

where g;; (J/bit) is the radio energy per bit at the mean link
SNR 7, consistent with the transmit term of (10). The per-

node share entering (12) is E;.ig 2 Esi2/N. Notably, (13) is

the only signaling model used in this paper, and it is stated
network-wide per epoch rather than per node.

Building on the terms introduced above, we now fix a
single energy-accounting boundary for the remainder of the
paper. Every energy quantity reported belongs to exactly
one of three scopes, and quantities from different scopes are
never summed or compared directly. The first scope is the
per-flow route energy E,,;(P,) [J per delivered task], which
covers over-the-air transmission and receive-side inference
plus baseband processing, accumulated over the hops of one
route via (10)—(11). It is the only scope entering the SREE
ratio (16). The second is the per-node epoch energy E;‘Ode [J
per epoch], which aggregates the route-energy contributions
of every flow traversing node j and adds that node’s signal-

ing share E°'¢ via (12). It is the only scope entering the bat-
tery constraint (17c). The third is the mission-level propul-
sion energy Ep o i = Porop jTiis [J per mission], where T,
is the mission horizon. The fleet follows a trajectory that is
fixed for the whole mission and is not a decision variable of
the routing problem. Hence, P, ; is taken to be identical
across candidate routing assignments. Propulsion is there-
fore a route-independent additive constant that lies outside
the routing boundary. It is excluded from (10), from (12), and
from the SREE ratio (16). Route-independence is a struc-
tural modeling premise. Varying P, ; thus illustrates this
accounting convention rather than validating it, as shown
in the propulsion sweep of Section 5.4. Accordingly, the
SREE ratio (16) and MF-SREE objective (17a) strictly quan-
tify communication-layer energy efficiency (transmission,
semantic inference, and baseband processing) rather than
total UAV mission energy. Signaling illustrates why these
scopes must be separated. At N = 50, requested K = 50 and
Kaam = 49, by, = 256 bits, b, = 32bits, and T,y = 1.0,
(13) yields E%€ = 1.19x10~*J per epoch for the entire net-
work. In contrast, the same 49-flow assignment draws 30.6J
of route energy (roughly 0.62J per delivered flow). Control
overhead is thus over five decimal orders below aggregate
data-plane energy. Hence, signaling is incorporated into the
per-node battery constraint (17c) and omitted from the per-
flow ratio (16).

To characterize semantic staleness, we define an Age
of Semantic Information (AoSI) for each flow. AoSI is a
latency-based staleness quantity defined in this paper. It is
distinct from the Age of Semantic Importance of Chen and
Gong [9]. That metric weights information freshness by the
semantic importance of each update. The two formulations
therefore share an acronym but not a definition. First, end-
to-end path latency [s] is introduced as:

Hy
np
DPk - Z(Ceff’(k) + Tproc)? (14)
= PO
h=1""h

which combines transmission time and processing latency.
. H,

Letting A.(P) = X, 5" > 0 denote accumulated

context drift over the path (in dimensionless context units),
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AoSl is defined as:
AoSIp, = Dp_exp(AaosiAc(Py))  [sl, (15)

where 45,51 > O controls AoSI sensitivity to context drift.
For stationary ergodic source processes, A, = kDp with

k > 0 (s~!) a source-correlation rate. Larger A, penalizes
context change exponentially more aggressively. In the limit
Apost = 0, AoSI reduces to classical latency Dp, . Notably,
(15) depends strictly on path latency Dp, and context drift
A, (P,), omitting mobility speed, topology-update intervals,
and TDMA queueing delays. The staleness constraint (17d)
inherits this focused scope.

3.4. MF-SREE Problem Formulation

Having established the fidelity and energy models, we
now formulate the routing design problem. Let SREE(P,)
denote the per-flow Semantic Routing Energy Efficiency
(SREE), which quantifies delivered semantic quality per unit
of energy:

SeZe(pk)
Etotal(pk)

Explicit load dependence is written as SREE(P,; L), where
effective SNRs and capacities in (8) and (10) are evalu-
ated under load profile L. The SREE metric generalizes
the Semantic Energy Efficiency (SEE) of Tang et al. [40]
from a single-relay topology to a route-level multi-hop set-
ting. Rejection is a first-class outcome of this design prob-
lem, where flows failing budget constraints on all candidate
routes are refused rather than delivered. Accordingly, letting
K,qm € {1,..., K} denote the admitted-flow set introduced
in (12) with K4, = |K,4m |, candidate solutions are ordered
lexicographically over (K,gm, X ke K SREE(P,)). Under
energy, staleness, service-availability, and connectivity con-
straints, the optimization problem is formulated as:

SREE(P,) 2 [semantic units/J].  (16)

lex

o <Kadm, ke%dm SREE(Pk)> (17a)
st (n). ) € E(t), Yh < Hy, Yk € Koy,
(17b)

E;lode({Pk}kelcadm) S EFNn, Vjev,
(17¢)
AoSIp < A0Sl Yk € Koy, (17d)
H, <H,,. VkeKy, (17¢)
L; < Cpa: Vi€V, (17f)
Sere(P) = S, Vk € Koy (17g)
Eqa(P) < E® | Vk€Kyy,  (17h)

where max!®* orders candidate solutions by admitted

flows first, then by summed SREE. Flows k & K 4,
contribute zero to both keys; per-flow constraints (17b)
and (17d)—(17h) span K,4,, alone, whereas per-node con-
straints (17c) and (17f) aggregate drain and relay load over

all nodes in V. Here, AoSI,, > 0 (s) is the maximum
admissible AoSI, S]rceq € [0,1] is the required seman-

tic quality floor, and EI(TQX > 0 (J/task) is the per-flow
route-energy cap. Dimensionless limits H,,.,C .. € Z,
bound hop count and concurrent relay sessions, respectively.
Specifically, (17b) enforces link connectivity, (17¢) guards
battery E;em(t) via cumulative drain (12), (17d) bounds
staleness, (17e) caps path length, and (17f) enforces relay
service availability L ;i < Crax [31, where each traversing
flow consumes one relay session per (2).

The three budget constraints operate at distinct scopes:
(17c) couples concurrent flows at the per-node battery level,
(17h) caps per-flow task energy, and (17g) specifies per-

flow traffic fidelity requirement S,r(eq (distinct from codec

floor S,,;,). Default evaluations in Section 5 set Er(rlfzx
and Slr(eq = 0, whereas Section 5.5 sweeps both under
measured DeepSC models. Notably, in binding regimes,
efficiency rankings must be read beside K,4,, because the
router prioritizes flow admissions. Alternative objectives
(e.g., max-min SREE fairness max min, SREE(?,) or log-
utility fairness ), log SREE(P})) can be incorporated by

adjusting candidate selection in Section 4.1.

= &

4. Proposed Solution

To address the computational difficulty of the MF-SREE
problem (17), in this section, we propose S-ACS MF, a meta-
heuristic framework tailored for multi-UAV relay networks.
Solving Problem (17) is challenging because its decision
version is NP-hard at unit service availability (C,,, =
1), by a polynomial-time reduction from the directed 2-
vertex-disjoint paths (2-VDP) problem [16] (Theorem 9,
Appendix A.2). At C,,, = 1, feasibility forces internally
disjoint paths. The decision target is the lexicographic pair it-
self, namely (K,qm, 25 SREE}) 2o (K, Ayrge) for a target
aggregate SREE A, o¢ > 0. Meeting it thus requires solving
2-VDP. The first key must be named here rather than left
implicit, because rejection is admissible in (17): a threshold
on the efficiency key alone could be met by admitting one
short flow and refusing the rest, which forces no disjointness.
Hardness therefore covers exactly the regime in which the
first key is at its maximum K,4,, = K, which is the regime
the router itself pursues first. Hardness is not claimed for the
non-binding regime C_,, = N used in Section 5, where
the flows remain coupled through load-count contention and
the objective remains non-decomposable (Remark 1). Meta-
heuristics trade an optimality guarantee for tractability on
such coupled problems. We thus propose S-ACS MF, a meta-
heuristic framework tailored to jointly optimize routing and
flow ordering. Specifically, it leverages a load-aware energy-
per-fidelity construction rule, a coupled-marginal selection
step, and a coordinated reroute local search on the true
coupled total MF-SREE. A fixed-load linear programming
(LP) relaxation bound provides a diagnostic gap analysis,
complemented by formal convergence and complexity anal-
yses. We further define a scheduled routing objective, and
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the S-ACS MF-SINR variant that optimizes it, alongside the
retained load-count contention surrogate.

4.1. S-ACS MF: Multi-Flow Semantic Ant Colony
System

To apply ant colony optimization (ACO) to the MF-
SREE problem (17), in this subsection, we extend the clas-
sical ACO framework [13] to the multi-flow semantic rout-
ing setting. The extension introduces the three comple-
mentary mechanisms named above: load-aware construc-
tion, coupled-marginal selection, and coordinated reroute.
Ants preferentially select relays that preserve more task
utility S(y) per joule of neural inference and transmission
energy, rather than merely following high-SNR links.

Before presenting the proposed algorithm, we summa-
rize the notation introduced for the metaheuristic framework.
Let J\f, A{jeV: (ij) € &) denote the feasible-neighbor
set of node i on the current routing snapshot. Let I1(s;, d})
denote the set of simple s, -to-d;, paths in G. Among the algo-
rithmic parameters, M denotes the number of ants per itera-
tion, I, the iteration budget, and 7 the initial pheromone
level. Additionally, Q > 0 is the pheromone-deposit scaling
constant, and py,.. € (0, 1) is the baseline evaporation rate.
Furthermore, R; g is the cap on coordinated-reroute sweeps,
and ¢ > 0 is the congestion sensitivity coefficient. Without
loss of generality, the routing problem is solved on a frozen
snapshot of G(¢) at a decision epoch ¢. The time argument is
therefore suppressed throughout Section 4.

4.1.1. Routing Heuristic and Transition Probability

To capture the dual trade-off of semantic quality and
energy consumption, the S-ACS MF heuristic encodes
two attributes per edge—load-modulated semantic

fidelity S(y;ff’(k)) and load-modulated per-hop energy

Efjlf)—combined as their ratio. All subsequent algorithmic
components (transition probability, pheromone update,
load-aware candidate generation) operate on this two-
attribute edge cost.

At each iteration, the K semantic flows are routed se-
quentially in a randomly permuted order. When constructing
paths for a given flow k, the algorithm dynamically accounts
for the partial relay load L5.<k), representing the load (2)
induced by previously routed flows (k" < k). This partial
load updates both the effective SNR (3) and the per-hop
energy (10).

During hop-by-hop construction by ant m located
at node i, the candidate next-hop set is restricted to the
feasibility-constrained subset Ny, (i, k), defined as:

Meas(i’k) = {/ € M : Lj < Cmax7 |7)r(nk)| < Hmax’

18)
node (k) rem (
E°C+ EY <EfM).

This subset jointly enforces the service-availability (17f),
hop-limit (17e), and energy-budget (17c) constraints, where

|P,(nk)| denotes the current partial path length.

Ants select the next relay j € N, (i, k) according to
the transition probability:

(k)qa (k)15

w e m

ij =

p (19)

T reniiilTi 17 I 1
where Tz(l'() denotes the pheromone level that commodity k
maintains on edge (i, j), while ap and By, are the pheromone
and heuristic exponents, respectively. The K pheromone ma-
trices are independent in storage, one per commodity. Cross-
flow information is carried instead by the load-dependent
heuristic, the congestion-dependent evaporation rate, and the
coupled-marginal selection rule (25). This evaporation rate
is computed from the load of all K flows and applied to every
per-flow matrix. To quantify the desirability of a link, the
per-hop heuristic is evaluated in the log-domain as:

ny) =exp(In Sz ) I E). (20)

Here, yie.ff’(k) and Ei(l.‘) are the effective SNR and edge en-
ergy, evaluated under the accumulated partial load. The log-
form parameterization (20) is algebraically equivalent to the
product-form S (yfjff’(k)) / El(Jk) at the per-hop level. However,
this parameterization is essential for numerical stability.
Specifically, it prevents the underflow that otherwise arises

when raising small semantic fidelities to the power f,, in (19).

Remark 1 (Heuristic Design Rationale). The exact MF-
SREE objective combines a multiplicative fidelity numerator
I1,, S, with an additive energy denominator ), E,. This
violates Bellman’s principle of optimality: the SREE-optimal
s-v subpath does not strictly extend to the SREE-optimal
s-d path [17]. To enable a greedy per-hop construction,
both the log-domain heuristic (20) and the Dijkstra ratio
weight E;;/S in (24) adopt the same additive surrogate
w;; = E;/S (yfjff). Although not strictly equivalent at the
path level, this surrogate preserves the per-edge fidelity-
energy ranking that drives candidate generation. All final
paths are scored under the true SREE objective (16), en-
suring the mismatch is confined entirely to the candidate-
generation stage. The size of that mismatch is quantified in
Proposition 10 and Appendix A.3: the empirical gap over the
sampled source-destination pairs stays below 2.6% at each
of the four tested sizes. That figure bounds the average and
not the worst pair, whose largest sampled gap is 30.5%. It
provides evidence that the surrogate suffices for candidate
generation, rather than a per-instance guarantee.

4.1.2. Pheromone Mechanisms

To guide ant exploration toward high-quality paths, the
routing memory is maintained per commodity: each flow k
owns a pheromone matrix {ri(lf)}, initialized at ri(]I.‘) “« T
on every edge and for every k. After routing all flows in
an iteration, the iteration-best ant m;'; of flow k deposits on
that flow’s own matrix. To maintain tight MAX-MIN Ant

System (MMAS) bounds, this deposit is normalized by K in
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the high-load mode, which is updated as:

W " o SREE(PmZ)

Tij (—Tij +W, V(l,])epmz, (2])
where K., = K when K/N > 0.4 (high-K mode)
and K = 1 otherwise. This normalization anchors the

norm
reference pheromone level to the per-flow quality rather

than the aggregate total. Consequently, the MMAS bounds
remain tight regardless of the number of concurrent flows.

Between iterations, every per-flow matrix undergoes
congestion-dependent evaporation to induce load-balancing
pressure:

(k) (k)
T < a1- /’ij)T,'j , Vk, (22)

where the common per-edge evaporation rate is dynamically
adjusted as:

piy = Min( pgge + ¢ max(L;—1, L;—1, 0), 0.9). (23)

Pheromone values are then clipped to MMAS bounds rl.(JI.‘) €
[Tmin> Tmax] ONCE per iteration, after applying evaporation
and deposits. The adaptive bounds are computed as:
)y
Q- SREEbest Tmax

Tmax = K Tmin = 2N »

s
norm * Pbase

where SREEZ = ¥, SREE} denotes the best-so-far total
MF-SREE. The division by K., aligns 7., with the
deposit normalization, maintaining standard MMAS conver-
gence guarantees [39]. The two bounds are uniform across
commodities as both anchor on the shared best-so-far total.
Equations (21)—(23) together with this clipping rule consti-

tute the complete pheromone update.

4.1.3. Candidate Generation and Local Refinement

To enhance candidate quality alongside M stochastic
ants, each flow k receives one deterministic candidate 731(;()
per iteration via a shortest-path search under ratio surrogate
weights:

(k)

O (24)
Tosept®)

These weights are rebuilt inside every iteration using the cur-
rent accumulated load L £ (Ly,...,Ly) € {0,1,... KN
The effective SNRs in (24) therefore incorporate the load-
count contention penalties of previously committed flows
(Algorithm 1). The resulting load-aware candidate directly
competes with stochastic ant paths. This mechanism differs
from single-pass zero-load seeding by executing dynami-
cally every iteration under load-aware weights and adding
candidates directly to Hieas without mutating pheromones.

Adaptive Destination Exploration To prevent premature
convergence to a suboptimal direct-to-destination shortcut,
an adaptive destination exploration rule is enforced. When-
ever the destination d is a neighbor of the current node i

(dy € N,), the ant commits to d; only if the direct edge
is feasible under the physical constraints (17c)—(17¢). Oth-
erwise, d; is masked from the sampling set, forcing the
selection of an intermediate relay via (19).

Local-Search Post-Optimization To refine path assign-
ments, a joint local-search step concludes each iteration. For

each flow k, all candidate paths P € {Pfk), e, P;];), Pg()}
retained at the current iteration are re-evaluated under the
full joint load induced by the remaining K—1 flows. The
algorithm updates the best path P, whenever this evaluation
strictly improves the global MF-SREE and preserves all
constraints (17b)—(17f).

The two per-flow QoS budgets are treated as membership
conditions of Hffas rather than as a post-hoc screen. A
candidate is removed from the pool before the selection step
if its cascade fidelity falls below Slr(eq (17g) or its route

energy exceeds Ef,’fjx (17h). Thus, the argmax cannot return

an inadmissible route. Both stages of refinement apply the
same test to the whole assignment, since adding contention
at a shared relay can push a previously admissible peer below
its floor. The final scoring stage also re-applies both budgets
to every method under comparison. Any route that violates
either budget is not counted as delivered. Consequently,
feasibility is a property of every reported route rather than
of the proposed algorithm alone.

A second refinement stage, the coordinated reroute
refinement, runs once on the incumbent assignment
after the iteration loop terminates. It is a worst-flow-first
block-coordinate ascent on the true coupled total MF-SREE.
Each sweep visits the flows in increasing order of their
current per-flow SREE. For the visited flow it regenerates
a single candidate by a shortest-path search under (24),
evaluated against the full residual load of the other K—1
flows. Relays already saturated by those flows are masked
out of that search. The candidate is thus capacity-feasible
by construction (17f). The candidate is accepted only if it is
energy- and capacity-feasible and strictly increases SREE*
once its own load is folded back in. Sweeps repeat until
no flow improves or the cap R;g is reached. The total is
therefore non-decreasing, and the stage terminates.

4.1.4. Coupled-Marginal Selection

To address the coupling between sequential flow assign-
ments, the selection step must align flow choices with the
joint system objective. The construction pass commits one
flow at a time, so the rule that picks a flow’s path deter-
mines whether construction and refinement pursue the same
objective. Let .S denote the commodities already committed
in the current permutation, with L(<%) representing the load
profile they induce. Additionally, let 1(77) be the unit load a

T. S. Do et al.: Preprint submitted to Elsevier

Page 11 of 30



Multi-Flow Semantic Routing for Multi-UAV Relay Networks

candidate P deposits at its own interior nodes. The coupled-
marginal selection step is then formulated as:

Pr = arg max{ SREE, (P; L9 + 1(P))
Pelfess

— ) [SREE, (P;; L<V) (25)
jes

— SREE, (P;; L' +1(P))] }

The rule maximizes the marginal contribution to the coupled
objective rather than the flow’s own utility. A candidate is
credited with its own SREE under the load it itself creates.
It is debited the contention-induced SREE loss it imposes
on the commodities already sharing its relays. Because the
debited term does not depend on the flows not yet routed,
the argmax in (25) is exactly the greedy step on ), ; SREE;.
Consequently, construction and the coordinated reroute re-
finement optimize the same quantity. A myopic argmax
on SREE, (P; LR instead prices neither the load-count
contention externality inflicted on already-committed flows
nor the candidate’s own self-load. Two properties bound the
change. The debited term vanishes at C,,, = 1, where no
relay reuse is feasible. Moreover, it is non-negative under any
monotone contention law, so the priced score lower-bounds
the myopic one. The rule is not one of the component-
removal arms of the ablation study in Section 5.3. Its mea-
sured cost and benefit are evaluated by replaying both selec-
tion rules on identical seeds and topologies. This comparison
is conducted at a non-binding design point and at a binding-
capacity one. The rule re-prices relay sharing rather than
suppressing it. No reduction in contention is claimed for it.

4.1.5. Adaptive Scaling for High-Density Flow
Regimes

To handle dense multi-flow scenarios uniformly,
S-ACS MF activates a high-load mode whenever the
relative congestion satisfies K/N > 0.4. In this mode, the
pheromone deposit and bounds in (21) are normalized by
K,orm = K. Furthermore, the heuristic exponent in (19)
is annealed to ﬁp,eff = max(0.5, ﬁp —20(K/N — 0.4))
to promote wider exploration. An optional load-diversity
multiplier (1 + L;<k))‘1’ on the heuristic (20) is exposed
by the implementation. However, it is switched off in
every configuration reported here, with exponent p = 0 by
default. Hence, congestion enters the construction process
exclusively through the load-count contention penalty
carried by the effective SNR (3), avoiding additional
heuristic-side over-penalization. The activation threshold
0.4, attenuation slope 2.0, and exponent floor 0.5 are
empirical constants calibrated on an N = 50 tuning grid.
Outside the high-load regime (K/N < 0.4), K, ,,,, = 1 and

Poetr = Pp-

4.1.6. Algorithm Summary

The overall structure of S-ACS MF is presented in Algo-
rithm 1. The outer loop controls the ACO iterations. Each it-
eration performs a complete K-flow sequential construction

orm

pass, followed by a joint local-search refinement and a global
pheromone update. The coordinated reroute refinement then
runs once on the incumbent assignment after the loop ter-
minates (Algorithm 2). Congestion information propagates
across flows through three channels rather than through a
shared pheromone matrix: the load-dependent heuristic (20),
the congestion-dependent evaporation rate (23), and the
coupled-marginal selection rule (25). The evaporation rate is
computed from the load of all K flows and applied to every
per-flow matrix. Thus, paths committed in iteration ¢ still
shape the landscape that guides every flow in iteration # + 1.
Additionally, the commodity routing order is reshuffled at
each iteration, so that no single flow is permanently routed
last. Notably, a flow is not guaranteed a route. Whenever
the per-flow filter leaves the candidate pool Hi‘“‘as empty,
the flow is refused, it is excluded from K4, and it loads
no relay. Each refusal is recorded against one of six mutu-
ally exclusive reasons: no reachable route, hop cap, AoSI
cap, fidelity floor, per-flow energy cap, or relay service-
availability cap. Consequently, the incumbent test compares
assignments lexicographically, first on admitted-flow count
and then on summed MF-SREE, which is the order of (17a).

4.2. Scheduled Routing Objective and
S-ACS MF-SINR

The routing model of Section 4.1 prices contention
solely by relay load count, omitting transmitter geometry
from the optimization objective. To incorporate an explicit
transmission schedule, we formulate a scheduled routing
objective that evaluates complete path assignments rather
than isolated paths. Specifically, it tests all active link
pairs for joint spatial feasibility. It then colors the resulting
conflict graph into TDMA slots via a deterministic
degree-of-saturation (DSATUR) rule. Any slot whose
aggregate interference leaves a member link below the
required SINR threshold is split, which fixes the slot count
S.

We now state the evaluator in full. Let 7, denote the
set of nodes transmitting in slot s, let g, , be the linear
power gain of link (u,v) under the A2A path-loss model
of Section 3.1, and let ¢ be the receiver noise power. The
scheduled quantities are then:

RX gu v

r R T — —a’ 263
u v( s) o2 + IU(7'Y \ {Ll}) ( )
LX)= ¥ Pxguw (265)

weX\{v}
a=1/S, (26¢)
Ru—»v =aW 10g2(1 + F”_’U)’ (26d)
Yo = 101og, o (2" Rume Ruin/W _ 1) (26¢)

Hy

(26f)

E™Y(P) = Z E"i,k)w"(hk) (r,)-
e

Here, (26a) is the spatial SINR at receiver v, and (26b)
aggregates the co-slot interference reaching that receiver.
The wanted transmitter u and the receiver itself are both
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Algorithm 1 S-ACS MF.

Algorithm 2 Coordinated Reroute Refinement.

Require: Graph G(f), K source-destination pairs {(sk,dk)}f=l,
per-flow budgets Sreq,E(k)

service availability C,,,, max>

ap, ﬂp’ Poase» @ M, I Rig
Ensure: Admitted set Kyqp,, path assignment {7} } e, » and total MF-
SREE
1: Ti(;.() « 1 for all edges and all k; (K, SREEECS[
2: foriter =1to I, do
3 7 « random permutation of {1, ..., K}
4: L; «< 0 forall nodes; Ky, < @
5: fork e ndo
6
7
8
9

params

adm>

) < (=00, —00)

eff (k)
ij
Compute heuristic ’13-() via (20)
for m=1to M do
Construct P,(,,k) hop-by-hop via (19), drawing each next hop
from Neus (i, k) (18) re-evaluated at the current node i
10: end for

Compute y using L via (3)

11: Pgo « Dijkstra under load-aware wl(.f) 24)

12: fess - (P e PY, Pl Py
P satisfies (17¢)—(17¢e) and (17g)—(17h)}

13: if [T = ¢ then

14: Reject flow k: PZ « @, record reason NO-FEASIBLE-ROUTE,

and continue (load L unchanged)

15: end if

16: P/ < coupled-marginal selection over Hffas via (25)

17: Kam < Kagm U (k)

18: L; <« L;+1[j e VPO \ {51, d 1]

19: end for

20: Local search:

21:  for k € Ky, do

22: P,’( « arg maxPer}“ SREEE({Pk*, Jirzk U {P}) s.t. (17¢), (171),
and (17g)—(17h)

23: if SREE*(P]) > SREE*(P}) then

24: Pl P,i; refresh L

25: end if

26: end for

27: Evaluate SREE~ — Zkenad i Sere (P L)/Ewlal(P;:; L)
via (8), (11) and (16), with L the joint 1oad of the whole assignment

28: i (IKyqml, SREE®) > (Kpey, SREEL, ) then

29: Update best assignment {P;'} and Ky (Kpegts SREEECSL) «
(I Koam|> SREE®)

30: end if

31: Evaporate via (22) at the joint rate (23); deposit via (21) for the
iteratiog—best ant of each flow
32 Clip 7} € [Tin, Tonax]

33: end for

34 AP ey SREEEES[ « reroute refinement via Algorithm 2
. * z

35: return Koy, {P) ek, » SREE

excluded from the interfering set, since one radio per node
cannot transmit while receiving. Next, (26c) gives the equal
airtime share of a link holding one of S slots, and (26d)
derates its Shannon rate by that share. Then, (26e) inverts
Shannon capacity on the derated rate to recover an effective
service SNR in dB, and (26f) evaluates the per-hop energy
model (10) at that service SNR. The floor R;, = 1bit/s
in (26e) keeps the inversion finite when a link receives
negligible airtime. A flow is admitted under this objective
only if every hop clears the SINR threshold y,;, (dB):
lsr;zlisrllik 101log,q F";;k—)l_’"izk) > Yth- 27
A flow failing (27) contributes zero to summed SREE.
Notably, path fidelity is composed across hops from the raw

Require: Graph G(t), incumbent {7} }ick, . » admitted set Kygp,
Ris
Ensure: Refined assignment {P} } Koy tOtal MF-SREE SREEEest
1: for r =1to Ry 5 do
2:  for k € K4y, in increasing order of SREE(P7; L) do

3: ka « Dijkstra under wf.;.‘) (24) on residual load of other K—1
flows, with relays at C,,, masked out

4 if 73k satisfies (17¢)—(17h) and strictly increases SREE® then

5: PZ — f)k; refresh L

6: end if

7 end for

8: end for

9: SREEY  « Yo Ko SREE(P;; L)

10: return {73:},65,%‘“,SREEZ

sweeps

best

per-hop SINRs of (26a), not from the service SNR of (26e),
because the service SNR is an energy-accounting construct
rather than a channel observation. Accordingly, assignments
are ordered lexicographically by admitted-flow count and
subsequently by summed per-flow SREE (16), matching the
two keys of (17a).

To optimize this objective, S-ACS MF-SINR adapts Al-
gorithm 1 by redirecting every objective-consulting decision
to the scheduled score. Coupled-marginal selection (25)
ranks each candidate by the scheduled score of the commit-
ted set plus that candidate, penalizing forced slots and inter-
flow interference. The construction heuristic (20) replaces
the load-count penalty in (3) with the spatial link quality
against committed transmitters and the matching airtime-
derated service energy. Furthermore, joint local search ac-
cepts swaps only when the assignment score strictly im-
proves. Coordinated rerouting performs monotone ascent on
that score. Pheromone deposit scales with the scheduled per-
flow SREE. Conversely, the feasible-neighbor set (18), the
hop and per-node energy budgets, the service-availability
cap (17f), the MMAS bounds, and the congestion-dependent
evaporation remain unchanged. This ensures that the variant
differs from S-ACS MF solely in its objective.

Notably, only the routing objective is scheduled. Both the
admission boundary scoring all methods and the candidate-
quality filter retain the load-count contention surrogate. The
scheduled objective is evaluated alongside the retained sur-
rogate rather than replacing it. Computationally, pairwise
feasibility testing incurs O(|€|>N) complexity per evalu-
ation, where |£| and N denote active links and nodes.
DSATUR coloring adds an additional factor. Precomputed
link-gain matrices and assignment memoization maintain
tractable runtime. Finally, the service-normalized model
of (26e)—(26f) is distinct from on-air per-task accounting.
Both remain strictly within the communication-layer bound-
ary.

4.3. Analytical Bounds and Gap Analysis

To quantify how far the heuristic sits from an analytical
reference, in this subsection, we develop two complementary
bounds with distinct roles. The first is a per-flow zero-load
ceiling, serving as a valid global upper limit on the true
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ME-SREE (17). Its per-flow terms are computed exactly and
carry an optimality certificate on every solve. The second
is a fixed-load LP relaxation operating on a linearized log-
fidelity-minus-energy surrogate. It separates the shortfall
of the heuristic into an integrality component and an al-
gorithmic component. The LP bounds that surrogate and
not the MF-SREE itself. Thus, the global upper bound
used throughout the paper remains the per-flow zero-load
ceiling (28). The LP serves strictly as an offline diagnostic.
Neither bound certifies the coupled multi-flow optimum. We
therefore reserve the term optimality gap for instances whose
exact optimum is available. The distance to the ceiling is
reported elsewhere as a zero-load-ceiling gap.

4.3.1. Per-Flow Dinkelbach Upper Bound

The MF-SREE objective (17a) is a sum of K per-flow
ratios Y., Seoe(Py)/ Eioa(Py)- Because the sum-of-ratios
structure precludes direct application of the classical Dinkel-
bach fractional iteration [12], we construct an upper bound
by theoretically decoupling the flows. Specifically, each per-
flow SREE is bounded independently at a zero-load ceiling,
and the resulting bounds are summed across flows.

Proposition 1
For each flow k € {l,...,K},

(Per-Flow SREE Upper Bound).

let SREE) =
MaXpery(s, ;) SESZ(P)/ Et(gt)al(P) denote  the  optimal
single-flow SREE at zero relay load (L; = 0 for all j),
where superscript (0) indicates evaluation in the absence
of relay load. Let MF-SREE* denote the second key of the
lexicographic optimum (17a), that is, the summed per-flow

SREE over the admitted set of an optimal assignment. Then:

K
MF-SREE* < ' SREE{. (28)
k=1

The bound holds whether or not flows are refused, since
a refused flow contributes zero to the left-hand side while
its zero-load term is retained on the right. Each SREEE(O)
is computed exactly, without candidate-set truncation, by a
Pareto label-setting dynamic program that returns an opti-

mality certificate with every solve (Appendix A.5, Part 3).

The validity of this bound stems from the monotonicity
of (3): increasing relay load L; strictly decreases effective
SNR, degrading fidelity and increasing energy drain (proof
in Appendix A.5). The dynamic program certifies each per-
flow zero-load subproblem, providing a valid upper bound
on the efficiency key of MF-SREE. That scope is worth stat-
ing plainly: the bound constrains summed efficiency alone
and certifies nothing about the admitted-flow count, so it is
a ceiling on the second key rather than on the lexicographic
pair. At large K, the relaxation gap between ), SREEE{O) and
the coupled optimum widens as K(K — 1) contention penal-
ties are discarded. Exact optimality certification is therefore
verified on small-scale benchmark instances (N < 10,
K < 3) via full enumeration. Comparisons at larger scales
evaluate distance to )., SREEZO) as a zero-load-ceiling gap.

4.3.2. Fixed-Load Multi-Commodity LP Relaxation

To obtain a tighter diagnostic bound, a fixed-load multi-
commodity LP relaxation is formulated on a linearized sur-
rogate of the MF-SREE objective. We apply two lineariza-
tion steps to obtain a linear program. First, a log-fidelity
transformation converts the multiplicative fidelity into ad-
ditive per-edge contributions. Second, a conditioning step
evaluates the formulation on the observed load profile. Let
7w = (my,...,wg) denote a fixed flow ordering.

Definition 2 (Fixed-Load Multi-Commodity Linearized Co-
efficients). Under a fixed load profile L = (L, ..., Ly) and
effective SNR y;;(L;) = ‘°> — 10logo(1 + L ) the edge

linear coefficient c;; (]:j) is:

e (L) =S (y,(L,) - /IE(L’) (29)
where A > 0 is a normalization parameter set to A = 1/E,
with E = (1/K) Y, Emtal(P;?CO) representing the average
per-flow energy of the heuristic solution. The choice A =
1/ E ensures that the log-fidelity and energy terms operate
at comparable magnitudes.

The energy term takes the linear AE;; form rather
than the logarithmic In E;; form used in the heuristic (20).
Specifically, ¥, cp E;; mathematically matches the
physical total path energy constrained by (17c). In contrast,
Z(i, jhepIn E;; would optimize a log-product without
operational meaning. The fidelity term remains log-domain
since end-to-end fidelity is inherently multiplicative.

Definition 3  (Fixed-Load Multi-Commodity LP
Relaxation). For a flow ordering m and fixed load
profile L, the LP relaxation is formulated as:

ZipMy = _max Z 2 eyl (30
k=1 (i,j)e€
T
s.t. Z x[j— Z le,"
jii.j)eE jiU.heE
=b*, Vi,k, (30b)
K
Y < Cpe Vi€V
k'=1
(30c)
OSxZ.ksl, Y(i,j) € &, k,
(30d)

where x;;" € [0,1] is the fractional routing variable for
Sflow &, on edge (i, j), and b;r" € {+1,0,—1} is the flow-
conservation demand (+1 at source, —1 at destination, 0
otherwise). The fractional relay usage of flow ), at node j is
r”" = > (i))eE xu 1[j # sg 1-1j # d, |, consistent
wzth (2). Here, D = {s;,d;, : k = 1,. K} is the set
of all source-destination nodes. The program incorporates
flow conservation (30b), service availability (30c), and box
constraints (30d). Conditioned on L, the LP serves as an
offline diagnostic at the heuristic operating point.
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Constraint (30c) mirrors (2) by excluding flow endpoints
while bounding interior relay usage across all j € V.
Because x;;" € [0, 1] relaxes the integrality requirement, the
optimal value Zjp rigorously upper-bounds the surrogate
objective for all integer-feasible routings.

4.3.3. Surrogate Gap Decomposition

The LP relaxation (30) yields an upper bound on the
surrogate objective Z, not on MF-SREE. That upper bound
decomposes into two interpretable components. Together,
these components characterize the distance between the LP
optimum and the heuristic value under the same surrogate.

Theorem 4 (Gap Decomposition). Fix the commodity set
ICil(Eno admitted by S-ACS MF, and pose (30) on that same

set. Let ZLP(t) denote the optimal value of the resulting
fixed-load LP under the load profile L, and let Z ACo denote
the objective evaluated at the integer S-ACS MF solution.
The surrogate gap decomposes as:

Zip(L) = Zpco = Z1p(L) — Zp(L) + Zip(L) = Zaco,

n'g g V~

integrality gap heuristic gap

€1V

total gap

where ZIP(i) is the optimal value of the integer version
. ﬂ'k

of (30) (enforcing X, € {0,1}). Both components are

strictly non-negative.

The proof (Appendix A.6) follows from the continu-
ous relaxation (Z;p > Zp) and the fact that S-ACS MF
produces a valid integer solution (Zp > Zacg). The
common-admitted-set stipulation is what makes the second
step available. A refused flow carries no path and therefore
no integer point for its flow-conservation rows, so a de-
composition posed over all K commodities would compare
programs whose commodity sets differ. Where every flow
is admitted, the stipulation is vacuous and the theorem reads
as before. The integrality gap measures the structural penalty
inherent to combinatorial routing. In contrast, the heuristic
gap isolates the suboptimality of path selection relative to
the best integer routing under the fixed-load model.

Remark 2 (Practical Significance). When the integrality
gap dominates, the LP relaxation is loose (exhibiting many
fractional splits at high K). When the heuristic gap domi-
nates, S-ACS MF has room for path-selection improvement.
For the default non-binding capacity (Cp,, = N), the
integrality gap is empirically negligible because the multi-
flow structure admits near-integer LP solutions. Since both
L and 4 are derived from the S-ACS MF solution, this
gap measures the surrogate integrality gap strictly at the
heuristic’s operating point.

We further characterize the integrality gap by examining
the single-commodity boundary case:

Proposition 5 (Single-Commodity LP Exactness). For K =
1 and integer service availability C,,, € Z, the fixed-load
LP relaxation (30) possesses an integer optimum. Thus, the
integrality gap vanishes entirely: ZLP(i) = ZIP(i).

The proof (Appendix A.7) applies a standard node-
splitting reduction [3] to convert node constraints (30c) into
edge capacities. This exposes a totally unimodular node-
edge incidence matrix [23]. Although multi-flow coupling
(K > 2) destroys total unimodularity [15], the measure-

ments of Section 5.7 indicate that the gap remains small
when capacity is non-binding and K is moderate.

4.4. Convergence and Complexity

We conclude by establishing the formal convergence
properties and computational complexity of our proposed al-
gorithm. By strictly anchoring pheromone bounds and evap-
oration dynamics to the MMAS framework, Algorithm 1
converges in probability to the conditional per-flow optimum
under a static load profile. That guarantee does not extend to
the load-coupled multi-flow process, as Corollary 7 makes
explicit.

Theorem 6 (S-ACS MF Per-Flow Convergence). Consider
the S-ACS inner loop applied to a single flow k with MMAS-
style pheromone bounds 0 < 7y, < Tpa < 00, strictly
positive heuristics nfl.c) > 0, and M > 1 ants. Conditioned
on a frozen relay load vector L (i.e., assuming the loads
imposed by preceding flows 1,...,k—1 are constant), the
best-so-far path P}c”f converges in probability to the con-
ditional optimum Pzpl € argmaxpery, q4,.) SREE(P; L).
Specifically, for any 6 € (0,1), there exists an iteration
threshold 1y € N ensuring:

Pr[SREE(PP™; L) < SREE(P,"; L)| < 6, (32)

for all I, > I, This guarantee is per-flow and strictly
conditioned on L.

The proof adapts the MMAS convergence result of [39]
and is given in Appendix A.4.

Corollary 7 (Non-Establishment of Joint Convergence).
The convergence guarantee in Theorem 6 is strictly per-
flow and conditioned on L. A formal guarantee of joint
K-flow convergence to the global MF-SREE optimum is
not established, as the sequential routing order induces
interdependent path optimization. The theorem is stated for
one commodity’s own pheromone matrix. The K matrices
are coupled only through the joint evaporation rate and the
load-dependent heuristic, neither of which the MMAS anal-
ysis covers. Evidence for the coupled process is therefore
empirical, and it is bounded by what can be verified against
an exact optimum.

We now analyze the computational complexity of Algo-
rithm 1. The total computational complexity evaluates to:

O(Ipax ' [K(M Hypo N + N*log N) + KM H

r;ax max] (33)
+ Ry g-K-(N*log N + KH,,,))-

In (33), the first bracketed term accounts for hop-by-hop

M -ant construction (Algorithm 1, Line 9). The second rep-

resents the load-aware Dijkstra candidate step (Line 11),
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executed K - I, times. The third arises jointly from local
search (Line 21) and coupled-marginal selection (Line 16),
each contributing O(K>M H,,,) by re-scoring candidates
against perturbed relays. The outer term represents coordi-
nated reroute refinement (Algorithm 2, Lines 1-8), running
for at most R; g = 10 sweeps (with two to four sweeps
observed, incurring O(N?log N) per flow). Memory foot-
printis O(K N>+K M H,,,,), storing K pheromone matrices
(O(K N?)), network channel and energy matrices (O(N 2y),
and candidate paths (O(K M H,,,)). To counter super-linear
complexity in K, we contract (M, I,,,) from (10,30) at
K < 5 through (8,20) at 5 < K < 20 to (8,15) at
K > 20. In Table 5 (N = 50), matched wall-clock time
scales 3.6X from 0.368+0.021s (K = 10)to 1.309+0.031 s
(K = 50), containing complexity growth across a fivefold
load increase. Under periodic topology re-computation in
dynamic UAV routing [41, 11], receding-horizon validity
requires Ty < nAT,p, = 1.0s (AT, = 2.0s, 7 =
0.5). Matched timings satisfy this deadline at K = 10 and
K = 30, while exceeding it at K = 50 under shared-server
ambient load. Thus, the margin against 1.0 s provides an
operational tuning constraint rather than an unconditional
guarantee.

5. Performance Evaluation

5.1. Simulation Setup
We evaluate the proposed S-ACS MF algorithm by nu-
merical simulation under the parameters of Table 3, where
path loss repurposes the 3GPP specification [1] as an A2A
surrogate per Section 3.1. For S-ACS MEF, the ant budget is
tiered across K<5, 5<K <20, and K>20, the local search
module is enabled, and the transition heuristic adopts (20).

All paired comparisons are evaluated on identical topol-
ogy seeds, with 95% confidence intervals and multiplicity
controlled by the Holm—Bonferroni correction [24]. Sta-
tistical power analysis and equivalence testing are used to
evaluate non-detectable performance differences [10]. The
full protocol and the effect-size summary appear in Supple-
mentary Material Section S-D.7 (Table S-IV).

During path construction, the link availability (17b),
hop-limit (17e), and service-availability (17f) constraints are
enforced dynamically by the feasible-neighbor filtering step
that forms N}, (i, k) in Algorithm 1. That step also applies
the prospective per-edge residual-energy test E?Ode+El.(j'.€) <
E/r.em. Completed candidates are then verified against the
aggregate energy budget (17¢) in the feasibility-filter step
that forms Hf:’“. The end-to-end AoSI constraint (17d) is
evaluated post-construction. The two per-flow QoS budgets
are enforced as membership conditions of Hffas, in both
refinement stages, and again by the common final admission-
and-scoring stage used for every routed method under com-
parison. That stage also enforces connectivity, hop, AoSI,
relay-capacity, and per-node battery limits. Thus, no route
violating a hard constraint is counted as delivered. Through-
out this section the two per-flow budgets are nevertheless

(k)

held at their inactive defaults, namely E =

max oo for

the route-energy cap (17h) and S]rceq = 0 for the fidelity
floor (17g). Every reported route satisfies both vacuously.
Consequently, no result below is evidence about binding per-
flow energy or fidelity requirements. The single exception is
Section 5.5, where both are swept to measured binding levels
under a measured DeepSC codec model and reported in
Table 10. The per-node battery budget (17c¢) is likewise non-
binding at the default B,,, = 1.08x10°J, which exceeds the
largest observed per-epoch drain by several decimal orders.

To benchmark the proposed scheme, we compare S-
ACS MF against four principal routing baselines. Sequential
Dijkstra is a greedy shortest-path baseline using surrogate
weights E;; /S(y;;) with sequential load updates after each
flow. Traditional ACO MF [13] is an independent per-flow
ACO algorithm without load-count coupling during path
construction. Random is an independent per-flow random
walk, and Greedy Walk MF is a parameter-free greedy multi-
flow walk that decides locally without pheromone memory.

Three learning-based entries are carried alongside these,
not as principal baselines but as untuned diagnostic im-
plementations. MAPPO MF [45] is a multi-agent proxi-
mal policy optimization (MAPPO) scheme trained across
K agents under the centralized training with decentralized
execution (CTDE) paradigm. QMIX MF [37] is a value-
decomposition multi-agent reinforcement learning (MARL)
approach trained under the same paradigm. GNN MF [21]
is a GraphSAGE-based graph neural network combined
with proximal policy optimization and pre-trained in the
single-flow setting. Their architectures, training budgets, and
measured outcomes are reported in Supplementary Material
Section S-C. No conclusion in this section rests on them.
Segregated computational profiling is provided in Supple-
mentary Material Section S-B (Table S-I).

The simulation environment is executed in Python 3.11
on an Intel Core 17-14700 processor with 64 GB RAM. Wall-
clock measurements are reported from a separate environ-
ment, because they are the only timing-sensitive results here.
Every runtime number in this paper was measured on a
128-core Linux server under Python 3.12.3 with per-process
thread counts pinned to one. Two campaigns ran there and
are reported separately. The matched comparison of Sec-
tion 5.2 ran with interleaved trials at a measured background
load of 14.8%. The deployed re-solve latencies quoted in
Section 5.6 ran serially on the same server while otherwise
idle. Routing is computed by a centralized controller with
global topology knowledge via periodic beaconing, whereas
the MARL entries operate under the CTDE paradigm. Con-
trol signaling is accounted by (13) at the per-node epoch
scope, giving ES€ = 1.19x107*J per epoch network-wide
at N=50, requested K=50, and K 4,,=49. Consistent with
the energy-accounting boundary of Section 3.3, it enters the
battery constraint (17¢) and is excluded from the per-flow
SREE ratio (16).

5.2. Multi-Flow Performance
Table 4 reports the principal grid, namely the flow-count
sweep K € {2,...,50} at N=50 and the fleet-size sweep
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Table 3
Simulation parameters across network and algorithm configu-
rations.

Parameter Value Parameter Value
Experiment Channel
10, 25, 50,
N (UAVs) 75. 100 f. (GHz) 2
K (flows) 2-50 B (MHz) 10
Trials
(N=50/100) 20 / 20 P, (dBm) 23
Path loss  A2A surrogate
Noise figure 9
(dB)
Network Semantic Fidelity (synthetic)
Airspace (m) 1000x1000x300 S.x: Smin 0.95, 0.05
Altitude (m) [50,300] 705 (dB) 10
- G-M [32], ]
Mobility 0, =0.5, 5=10 ks (dB7!') 0.3
diax (M) 500 H .« 20
A0Skna (). 5 1 Conax N
ApoST
Energy QoS & Control
ny (bits)  10° fjn/mﬁop) 10-!!
Pproc (W) 5 Tproc (ms) 1
300 Wh 10
By (1.08x10° J) F (FLOPs) 3x10
req (k) Tepnch’
S Epyx 0,00 o (s) 1.0, 1800
bye, bre 256, 32 bits Pyrop (W) 0-500
S-ACS MF Baseline Schedule
Ants M 10/8/8 . B, 1.0, 2.0
Pbaser & 0.1, 0.3 0 1.0
Ioae 30/20/15 Ry 10

N € {10,25,50,75,100} at K=20. Every contrast in it
is obtained under three stated conditions: the load-count
contention surrogate of Section 3.1, the semantic-fidelity
curve calibrated to the measured deep semantic codec of
Section 3.3, and both per-flow QoS budgets inactive. Each
entry is a mean paired relative difference over 20 paired
topology seeds. Multiplicity is controlled within this grid’s
own family of 40 tests, of which 26 reject at «=0.05. The
margins are reported per rival, because they differ by more
than an order of magnitude. Against Sequential Dijkstra, the
mean paired margin is positive at all twelve design points but
small, spanning +0.024% to +0.648%. That margin survives
Holm-Bonferroni correction at 5 of them. The remaining
seven are positive in sign yet not separable from zero once
corrected. Against Traditional ACO MF the margin spans
+1.04% to +4.40% and survives correction at 9 of the 12
points. Against the parameter-free Greedy Walk MF it spans
+8.84% to +46.43% and survives correction at every one of
them. Accordingly, S-ACS MF attains the highest MF-SREE
in 11 of 12 settings. The single exception is K=5 at N=50,
where LP-MCF attains the higher mean, though the two
are statistically indistinguishable (p,4;=0.9838). LP-MCF is
an LP relaxation with randomized rounding, evaluated as a
routing baseline. It solves the fixed-load linear relaxation,
rounds that solution to integral paths, and repairs those
paths against the relay-capacity constraint. Its MF-SREE is
therefore measured exactly as every other baseline’s is, and

it is not a bound on the objective. Its gap is nonetheless
reported separately in the Supplementary Material census
rather than beside the routing margins, because the LP is
solved at only four of the twelve design points. Those four are
K € {2,5,10} at N=50 and K=20 at N=10. Across them
the paired gap spans 0.003% to 0.294%. The gap is nominally
positive for S-ACS MF at each of the four and separates
from zero at none after correction. Meanwhile, the strict win
count over the 20 paired topologies grows with load, from
2 at K=2 to 20 at K > 30, although not monotonically.
Supplementary Material Table S-XIII reports the complete
paired-comparison census over all twelve design points.

Under the architectures, state—action representations,
and training budgets listed in Supplementary Material
Section S-C, neither retrained policy is statistically
distinguishable from the parameter-free Greedy Walk MF
floor. The pre-trained graph policy falls below it. That
outcome reflects those specific untuned configurations
rather than the corresponding method classes. The
measurements, the attained statistical power, and the
diagnostics not performed are reported there.

Table 5 reports the objective- and budget-matched wall-
clock comparison at N=50, decomposed into route con-
struction, objective evaluation, local search, and total wall
clock over 20 paired topology seeds. Under this matched
arm the ratio of Traditional ACO MF to S-ACS MF total
wall-clock time stays below unity at K=10, 30, and 50 under
both ant budgets of Table 3. Those six ratios are 0.942,
0.825, and 0.776 at the literal budget, and 0.696, 0.617,
and 0.601 at the reduced one. Once implementation and
work budget are matched, S-ACS MF is 1.44x—1.66x slower
than Traditional ACO MF at the reduced budget and 1.06x—
1.29x slower at the literal budget. It is therefore not faster
than the baseline (Supplementary Material Fig. S-10). One
qualification belongs with that statement. Under the paired
estimator over the same 20 topology seeds, five of these six
cells separate from parity. The literal budget at K=10 does
not. Its paired ratio is 0.941 with a 95% confidence half-
width of 0.133. The two methods are thus statistically indis-
tinguishable there, and no ordering is claimed for that cell.
When compared as originally configured, the large wall-
clock margin recomputes to 14.0x—16.4x over these three
flow counts. This margin decomposes into two confounds,
neither of which is algorithmic. The first is an unequal ant
budget, worth 5.7x—8.2%, because Traditional ACO MF ran
at the literal schedule while S-ACS MF ran at the reduced
one. The second is the compiled evaluator applied only to
the S-ACS MF hot loop, worth a further 3.3x-3.4x against
a compilation control of approximately 1x for the baseline.
Their product alone reproduces a ratio of 19.2x-27.1xX.
The earlier figure therefore describes a configuration pairing
rather than a property of either algorithm. Supplementary
Material Table S-IX gives the full decomposition. The four-
way split locates that time in the coupled multi-flow objec-
tive evaluation and the coordinated refinement stage, neither
of which the per-flow baseline performs. The matched total
grows 3.6X as the flow count grows 5X. This containment
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Paired margins of S-ACS MF over rival routing baselines under the fitted semantic-fidelity model (mean + 95% ClI;
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statistical significance at a = 0.05 after Holm—Bonferroni adjustment; bold marks best method).

* marks

vs. Trad. ACO MF (%)

vs. Greedy Walk MF (%)

K N Best method vs. Seq. Dijkstra (%)
K-sweep, N=50

2 50 S-ACS MF +0.024 + 0.041
5 50 LP-MCF +0.031 + 0.027
10 50 S-ACS MF +0.165 + 0.179
15 50 S-ACS MF +0.219 + 0.120*
20 50 S-ACS MF +0.446 + 0.373
30 50 S-ACS MF +0.626 + 0.310*
40 50 S-ACS MF +0.644 + 0.270*
50 50 S-ACS MF +0.648 + 0.220*
N-sweep, K=20

20 10 S-ACS MF +0.333 £ 0.370
20 25 S-ACS MF +0.447 + 0.219*
20 75 S-ACS MF +0.162 + 0.163
20 100 S-ACS MF +0.102 + 0.089

+2.034 +2.619
+2.521 +2.086
+3.601 + 1.497*
+3.542 + 1.138%
+3.586 + 1.024*
+3.567 + 0.709*
+4.405 + 0.828%
+4.397 £ 0.931%

+1.041 +1.013
+3.303 + 0.966*
+4.331 + 1.163%
+3.960 + 1.119*

+19.213 + 12.814*
+20.204 + 15.972%
+26.036 + 12.614*
+30.032 + 12.113*
+31.593 +9.356*
+37.525 + 8.666*
+42.792 + 8.445%
+46.429 +9.961*

+8.838 +4.918*
+29.787 £ 7.764*
+32.353 +£7.048*
+45.993 + 10.082*

Table 5

Computational runtime breakdown and comparison at N=50 (mean + 95% Cl; RC: route construction, OE: objective evaluation,

LS: local search; bold marks faster runtime).

K S-ACS MF (s) Trad. ACO MF (s) Ratio DS::t'ra G'ee:}I’Fwa'k LP-MCF Random T;eg:':::
RC OE LS Total RC OE LS Total Literal Reduced

1o 0095 0155 0.088 0368 0251 0.002 0.000 0256 o= 0~ 00018  0.0021 0236 00014 0313
+£0.006 £0.009 +0.006 £0.021 +0.034 +0.000 £0.000 +0.034 : £0.0005  +0.0003  +0.038 +0.0002  +0.061

30 0208 0.346 0238 0845 0512 0005 0.000 0522 (oo oo | 0.0040  0.0058 0.669 00037  0.745
£0.009 £0.020 +£0.014 +£0.041 £0.051 £0.001 £0.000 £0.052 : £0.0002  +£0.0005  +0.089 +0.0005  +0.110

5o 0314 0.523 0396 1309 0772 0008 0.000 0787 .. o | 0.0071 0.0092 114 0.0058 127
+0.010 £0.012 +0.012 +0.031 £0.056 +0.000 £0.000 +0.056 : +£0.0003  +0.0008  +0.08 +0.0004  +0.08

occurs because the tiered ant schedule offsets the super-
linear O(K>M H,,,,) local-search term. The five rightmost
columns of Table 5 retain the earlier single-run timings of
the baselines not re-measured under the matched config-
uration. They are therefore not comparable with the two
matched column groups. Among them, Sequential Dijkstra
and Greedy Walk MF remain millisecond-scale heuristics
under 10 ms at every K. As an absolute execution latency
rather than a cross-method speedup, the measured re-solve
latency of the deployed engine at N=50 under the reduced
schedule rises from 0.196s at K=5 to 0.888s at K=50.
That latency stays below the decision deadline nAT,,, =
1.0s. That margin belongs to the deployed configuration
alone. Specifically, it reflects the tiered ant schedule and the
runtime environment of that measurement. Those latencies
moreover predate the compiled evaluator kernel. They are
retained deliberately, because they exceed the re-measured
compiled solve times and therefore bound the staleness anal-
ysis of Section 5.6 conservatively. The matched arm, which
disables the compiled evaluator for both methods, instead
totals 1.309 s at K=50 and exceeds the same deadline. That
comparison is an absolute one, so it inherits the background
load disclosed below. The evaluated configuration meets the
operational deadline. This result is not an unconditional real-
time guarantee.

To eliminate cross-machine variability, execution times
were evaluated on a dedicated server under identical back-
ground conditions (measured load average of 14.8% across

128 cores) with interleaved trials. That server was not idle for
any part of the campaign. The absolute wall-clock times of
this arm therefore carry the measured contention and are not
idle-machine times. Interleaving distributes that contention
evenly over the two methods across the campaign, so it
removes the temporal confounding that would arise if one
method had been timed during a busier interval than the
other. It does not establish that the two methods respond
identically to contention. Any residual differential sensitivity
to resource contention is therefore carried by the matched
contrast and by the four-way split, and neither is claimed
to be free of it. In the matched arm, the compiled fast path
is disabled for both methods to isolate pure algorithmic
scaling. For deployed operation, the compiled evaluator is
verified via automated parity tests to yield identical routing
paths and MF-SREE values, accelerating execution without
altering solution quality.

The fleet-size sweep of the same table, at K=20, shows
the margin over Sequential Dijkstra peaking at intermediate
density. That margin is +0.33%, +0.45%, +0.45%, +0.16%,
and +0.10% for N=10 through N=100. Of those five con-
trasts, only the one at N=25 survives Holm-Bonferroni
correction. Beyond N =25, densified relay options narrow
coordination gains. Meanwhile, the margin over Traditional
ACO MF rises from +1.04% at N=10 and then plateaus
between +3.30% and +4.33%, surviving correction at four
of the five fleet sizes. The paired advantage over that baseline
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is thus retained across the tested range rather than amplified
by it.

Repeating this fleet-size sweep under the synthetic fi-
delity profile of Table 3 enlarges these two contrasts. Specif-
ically, the factor is 6.8—17.3 against Sequential Dijkstra and
5.5-8.1 against Traditional ACO MF. The enlargement is
rival-dependent, however. It reaches only 1.3—1.5% against
Greedy Walk MF. At K=40 and K=50 it inverts. There, the
calibrated margin exceeds the synthetic one. Supplementary
Material Section S-D.9 gives that stress arm’s factor at every
design point and rival. The shift is a property of the profile
rather than of the routing. The synthetic profile places the
tested link margins on the steep part of its fidelity curve.
In contrast, the calibrated curve places them in its saturated
region.

5.3. Component Attribution

Table 6 reports the framework against competing meth-
ods and against removals of its own mechanisms, on identi-
cal topology seeds. All entries are measured under the load-
count contention surrogate and the synthetic stress profile.
No ablation variant was repeated under the measured codec
curve. At the default operating point (C,,=N, refinement
cap Ry g=10), Traditional ACO MF forfeits 12.8%-20.1% of
the MF-SREE that the full method attains (d, = 1.35-4.12).
Under the same setting, Sequential Dijkstra forfeits 2.7%—
2.8% of it. Replacing the ACO core with a PSO core instead
reduces performance by 1.2% at K = 5. At K > 20, the
reduction is 2.2%. Under a strict relay-capacity constraint
(Cnax=1), the shortfall of Sequential Dijkstra widens to
30.8% of the full method’s MF-SREE at K = 20. At K = 30,
that shortfall reaches 39.0%.

Single-mechanism removals isolate individual contribu-
tions. Coordinated reroute refinement is the primary con-
tributor. Its impact scales with network contention. Its re-
moval costs —0.5% at C,,,=N. That cost reaches —11.2%
at Cp,=1 and K=30 (d, = 3.28, p < 0.001, winning
across all 20 seeds). Capacity-blind candidate generation de-
grades performance comparably, by —11.0% under C,,,=1.
Conversely, neither mechanism triggers at C,,,,,=N or K=5
due to minimal relay saturation. Every remaining removal
costs under one percent there. Two structural characteristics
explain those sub-percent variations. The first is the limited
headroom left by the +2.4%—+4.6% margin over Sequential
Dijkstra at C,,,, =N under this stress profile. The second is
the substitutability of the construction and refinement stages.
Supplementary Material Section S-D.8 and Tables S-V-S-
VIl report the per-mechanism figures, the extended operating
regimes, the refinement-budget isolation that establishes that
substitutability, and the congestion-dependent evaporation
term. That term shows no statistically significant contribu-
tion at these operating points and is omitted from Table 6.

5.4. Robustness and Stress Tests

We stress-test across MAC contention laws, mission
propulsion levels, and node capacity limits, all three within
the load-count surrogate of Section 3.1. As shown in Fig. 2a,

T — Log (default)
6 Linear (3dB/flow)
= Quadratic

Advantage vs
Dijkstra (%)

0 T T T
5 10 15 20
Number of flows K
(a) MAC model sensitivity
- 15.0
== S-ACS MF
120 7 Seq. Dijkstra | 14.¢ %
= 100 - g
2 - 146 9
‘S 80
£ é
g - 144 E
g 60 <
2 - 142 B
240~ T
o] %)
A L 14.0 &
20 - =
0 - 138

0 100 200 300 500
Propulsion power Pprop (W)

(b) Endurance accounting under mission propulsion

Figure 2: Evaluation of MAC-contention laws and mission-
propulsion power (N=50).

the paired advantage of S-ACS MF over Sequential Di-
jkstra at K = 20 widens from +1.78% under logarith-
mic contention accumulation to +3.13% under the linear
law and +3.74% under the quadratic law. That advantage
grows with the modeled contention penalty under the syn-
thetic stress profile. The sweep was not repeated under the
measured codec curve. Fig. 2b then sweeps the mission
propulsion level Ppmp € {0, 100,200, 300,500} W over a
mission horizon T,;; = 1800 s at K=10. Consistent with the
energy-accounting boundary of Section 3.3, P, is route-
independent and cannot alter route selection. The sweep
is therefore an endurance accounting check rather than a
routing result. The communication energy is bit-identical at
3.60961] across the five levels. Total MF-SREE is exactly
invariant. S-ACS MF holds a constant 0.2394-unit margin
over Sequential Dijkstra (14.5107 versus 14.2713) at every
level. The sweep instead evaluates fleet endurance. The post-
mission battery fraction falls from 100.0% at 0 W to 16.7%
at 500 W. This confirms mission feasibility across the tested
range. Detailed sensitivity analyses with respect to semantic
fidelity parameters k; and S,,;,, AoSI constraints, channel
fading, link outages, and per-flow fairness are reported in
Supplementary Material Sections S-D.2-S-D.6, Figs. S-2—
S-5, and Tables S-1I-S-III.
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Table 6

Baseline comparison and component ablation at N=50: MF-SREE (mean + std over 20 trials), relative change A, paired Cohen's
d, (d) and p-value (p) against the reference row of the same block, on identical topology seeds. Competing methods are listed
first in each block and single-mechanism removals second. The lower block tightens the service cap to C,,,=1, forbidding relay
reuse. Bold marks the best value per column in the upper block; three further regimes (R, 4€{0, 1}, C,,,,=2) are discussed in the

text.

K=5 K=20 K=30
Variant MF-SREE (A%) d  p MF-SREE (A%) d  p MF-SREE (A%) d  p
S-ACS MF (full) 7.57 +1.80 (ref) - - 27.94 + 4.45 (ref) - - 41.46 + 4.54 (ref) - -
Traditional ACO MF 6.61 + 2.12 (—12.8%) 1.35 <0.001 22.32 + 5.02 (-20.1%) 4.12 <0.001 33.81 + 5.90 (—18.5%) 3.46 <0.001
Sequential Dijkstra 7.36 + 1.86 (—2.8%) 0.89 <0.001 27.19 + 4.57 (-2.7%) 1.61 <0.001 40.34 + 4.66 (-2.7%) 1.62 <0.001

PSO engine (vs. ACO) 7.49 + 1.80 (—1.2%) 0.42 0.078 27.32 + 4.51 (-2.2%
w/o Coordinated reroute LS~ 7.57 +1.80 (+0.0%) 0.03 0.893 27.80 + 4.56 (~0.5%
w/o Load-aware Dijkstra cand. 7.53 + 1.79 (-0.6%) 0.36 0.120 27.75 + 4.43 (-0.7%
w/o Load-aware MF heuristic ~ 7.55 + 1.82 (~0.3%) 0.21 0.363 27.89 + 4.49 (=0.2%
Hard-binding capacity (Cp,c=1, no relay reuse)

S-ACS MF (C,.=1) 757+ 183 (ref) - - 2624+ 494 (ref) - - 3807 +507 (ref) - -
Sequential Dijkstra 6.87 + 2.20 (-9.3%) 0.55 0.025 18.15 + 4.82 (—30.8%) 2.13 <0.001 23.21 + 6.19 (-39.0%) 2.63 <0.001
w/o Coordinated reroute LS 7.54 + 1.88 (—0.4%) 0.22 0.330 24.51 + 5.18 (-6.6%) 1.96 <0.001 33.81 + 5.22 (—11.2%) 3.28 <0.001
w/o Capacity-aware candidates 7.54 + 1.88 (—0.4%) 0.22 0.330 24.55 + 5.18 (—6.5%) 1.89 <0.001 33.86 + 5.25 (—11.0%) 3.17 <0.001

)

1.31 <0.001 40.54 + 4.52 (-2.2%) 1.34 <0.001
0.67 0.007 41.22 + 4.61 (—0.6%) 1.08 <0.001
0.54 0.025 41.22 + 4.59 (-0.6%) 0.53 0.029
0.23 0.320 41.34 + 4.60 (—0.3%) 0.34 0.148

— — — —

(_
(_

Fig. 3 evaluates performance under constrained service

10° - —N=20,K=10
availability C,,,, still within the load-count surrogate and N =20, K = 25 and 50
under the synthetic stress profile. S-ACS MF holds positive :E Z gg’ Ez ég
paired gains at every tested capacity level, namely +41.22% —N=50,K=50

(Crax=1), +11.60% (Cax=2), +5.43% (Cprax=3), +2.83%
(Crnax=5), and +2.66% (C,x=50) at K = 20. At N =
20,K = 10,C,,, = 1, S-ACS MF achieves a +115.86%
mean (+47.48% median) advantage over Sequential Dijkstra 3
by elevating flow delivery from 62.5% to 91.0%. Supplemen- 1 ]
tary Material Section S-D.11 plots that delivery ratio across T T T T

1 2 3 4 5 >20
the sweep. (non-binding)

10! El

Advantage vs Dijkstra (%)
S
1

Relay capacity Cpax
5.5. Scheduled-Objective Evaluation and Binding

. (a) Paired advantage versus relay capacity
QoS Constraints

To evaluate routing performance when contention is 25 —N=20,K=10
directly scheduled rather than priced by relay load alone, we ~ N =20, K =25 and 50
. . . L IS —N=50,K=10
introduce the S-ACS MF-SINR variant. Its routing objective g ‘E’ 20 — N=50.K=25
is evaluated under a conflict-graph TDMA schedule with 25 —N=350,K=50
spatial SINR, whereas flow admission and candidate filter- Q@ 57
ing retain the load-count surrogate. The SINR admission §§ 10
threshold y,;, in (27) is set to 5.9738 dB. This value is derived O § F
from the nominal SNR at maximum separation d,,,, =500 m < 37
under horizontal alignment (A,;=0m), distinct from the 0 e
6.6dB margin at A,;;=50m (Section 3.1). On this basis, | 5 3 1 s 20
Table 7 compares three routing regimes across eight cells (non-binding)
on identical topology seeds: N=20 with K=10 and N=50 Relay capacity Cpax

with K € {10,25,50} requested flows (49 admitted at
the largest cell), crossed with binding (C,,,,=2) and non-
binding (C,,,=N) relay capacity. Per-flow QoS budgets
remain inactive (S]rceq =0, Er(lfgx = o0). In the re-scored
regime, methods route under native objectives and are re-
evaluated under TDMA-SINR. In the matched regime, rout-
ing directly optimizes the scheduled objective, whereas the
surrogate regime uses load-count contention for both. Under
re-scoring, four of eight contrasts remain significant after
Holm-Bonferroni correction. Under the matched regime, the
proposed variant is the top-ranked method in three of eight
cells across the 60-test family (52 rejections at a = 0.05).

(b) Contribution of capacity-aware local search

Figure 3: Performance metrics under binding service-
availability constraints.

At the densest non-binding cell (N=50 with 50 flows), its
matched mean rank is 3.75, trailing Traditional ACO MF by
—12.75% (CI [-19.72, =5.79], p,gj = 0.006).

Crossing the scheduled objective with the semantic-
fidelity model and with the constraint regime yields the
twelve-cell grid of Table 8. The grid takes three operating
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Table 7

Ranking and paired margin evaluation of S-ACS MF under TDMA and spatial-SINR scheduling across rescored, surrogate, and
matched regimes (mean rank with rank-1 frequency in parentheses; Holm—Bonferroni correction at a=0.05).

N K Rank, rescored Rank, surrogate Rank, matched

Weakest sig. margin Sig./tested Baselines helped

Binding relay capacity

+18.62% [+9.79, +27.46]

20 10 2.08 (35%)  2.42 (10%) 193 (30%) o i ACO ME pes000l /8 3/8
50 10 2.42 (10%) 1.85 (5%) 1.55 (35%) st%‘:ﬁﬁ[ggsﬁi’ﬁigﬂ(n 7/8 2/8
50 25 1.25 (75%)  1.50 (80%)  1.15 (95%) V:%fﬁq;\[gg,a% ;ii?fgm 77 2/7
50 50 1.00 (100%)  2.70 (30%) 1.80 (50%) ti?g%g&?;&?; 6/7 2/7
Non-binding relay capacity

20 10 2.50 (25%) 2.33 (10%) 1.62 (50%) tj.SS(ri/oﬁ>[<+r\l/|3ﬁ7,5f=+<3o3.62()51] 7/8 4/8
50 10 242 (15%)  1.75 (10%)  1.35 (50%) V:?f:f.qi\[ééoﬁi’lfiié%m 7/8 2/8
50 25 157 (40%)  2.40 (50%)  1.10 (95%) sti(r’:ff%\[gcl)4,‘\;i’ :i‘(‘)ggm 7/7 1/7
50 50 1.35 (65%)  5.50 (0%) 375 (10%)  1275%[-19.72,=5.79] 4/7 3/7

vs. Trad. ACO MF p=0.006

points, namely N=20 with K=10 and N=50 with K €
{25,49}. It crosses each with two fidelity curves and both
constraint regimes at 20 paired topology seeds per cell.
The first curve is the measured DeepSC codec model of
Section 3.3, which carries the primary evidence. The second
is the synthetic sigmoid profile of Table 3, retained as a stress
companion rather than as a codec claim.

In contrast to Table 7, the binding regime in Table 8
jointly tightens relay capacity to Cp,,,=2 while activating
fidelity floor Slrceq and route-energy cap Er(rlfa)x, whereas the
non-binding regime sets C,,,,=N with inactive budgets.
Budget levels are calibrated per cell to the median delivered
fidelity and route energy. Under the measured DeepSC
curve, the resulting pairs (ST, EI(IIQX) are (0.9487,0.61911J)
at N=20, K=10, (0.9251,0.6279]J) at N=50, K=25, and
(0.8559,1.2322J) at N=50, K=49. Under the synthetic
profile, the corresponding pairs are (0.4230,0.6199)),
(0.4542,1.22931]), and (0.3103, 1.23591]J) at the same three
points. Because each curve yields distinct distributions, the
levels differ by roughly a factor of two, and performance
cannot be compared across curves.

At the dense cell (N=50,K=49), S-ACS MF-SINR
ranks third of four schedule-evaluated baselines across
both constraint regimes and fidelity curves. Under the
measured DeepSC curve with binding constraints, it trails
Traditional ACO MF by —11.57% (CI [-13.73,-9.41],
Pagj = 2.13 X 10~7) and Greedy Walk MF by —11.73%
(CI [-14.28,-9.18], p,qj = 7.20 X 10~7), while leading
Sequential Dijkstra by +365.14% (CI [+224.87,+505.41],
Pagj = 8.09 X 10~'4). Because rankings evaluate summed
MEF-SREE while the router lexicographically maximizes
admitted flows first, this standing reflects a service trade:
the proposed variant admits 36.1 flows versus 27.6 for
the leading rival under the measured curve, and 32.5
versus 20.1 under the synthetic profile, reporting both
keys in Table 8. Under non-binding capacity where both

methods admit all 49 flows, the margin is —14.48% against
Traditional ACO MF (CI [-21.72,-7.24], p,q; = 0.002),
—5.58% against Greedy Walk MF (CI [-13.23,42.06],
Padj = 0.111), and +109.21% over Sequential Dijkstra (CI

[+85.15, +133.28], p,q; = 5.03 X 1079).

Table 9 and Supplementary Material Table S-XII report
paired margins across all cells. Under measured DeepSC,
margins against Traditional ACO MF and Greedy Walk MF
are positive across all N=20 cells and at N=50, K=25,
reversing to negative only at N=50, K=49. Under the syn-
thetic profile, the non-binding margin against Traditional
ACO MF is negative at N=50, K=25. S-ACS MF-SINR
secures rank one in six of twelve cells (N=20, K=10 or
N=50, K=25). In an ablation maximizing metric first, rank-
one standing increases from six to ten of twelve cells, re-
versing the non-binding dense margin against Traditional
ACO MF from —14.48% to +20.91% (CI [+11.27, +30.56],
Pagj = 2.84 X 1074) at the expense of shedding traffic (49.0
down to 35.8 delivered flows). Under binding capacity, dense
margins remain negative at —10.28% against Traditional
ACO MF across 20 seeds and —10.45% against Greedy
Walk MF. Hence, admission-first routing is retained.

Table 10 closes the remaining gap by sweeping the two
per-flow QoS budgets held inactive in Section 5.1 from
non-binding through to infeasible. This sweep evaluates
N=20 with K=10 and N=50 with K=25 under the mea-
sured DeepSC codec recursion. Each swept level is an em-
pirical percentile of the per-flow fidelity and route-energy
values pooled across all delivered flows and seeds at the
unconstrained operating point. Of the thirty-six swept levels,
twelve are measured binding on the fidelity-floor axis and
twelve on the per-flow energy-cap axis. Across this grid,
statistical advantage is established by the Holm-corrected
family of 98 paired tests, of which 42 reject at a=0.05. The
proposed method achieves the highest mean MF-SREE in
twenty of the twenty-four measured binding levels. In the
remaining four boundary levels, all evaluated methods tie
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Table 8

Ranking and feasibility of S-ACS MF-SINR under scheduled TDMA and spatial-SINR evaluation across semantic codec curves
and capacity regimes (bold marks highest admissions and rank-1; S: S-ACS MF-SINR, D: Sequential Dijkstra, T: Traditional
ACO MF, G: Greedy Walk MF, L: LP-MCF; admission counts follow the method order in the Ranking column; feasibility refers

to S-ACS MF-SINR).

N,K Curve Regime Feasibility Admitted Ranking Rank/Rank-1
20,10 Fitted  Binding (Cppy=2) 60.0% [51.4,68.0] 60/54/49/47/28  S>L>T>G>D  1/5 (55.0%)
20,10 Fitted  Non-bind. (C,,,=20)  100.0% [100.0,100.0] ~10.0/10.0/10.0/9.9/10.0 L>S>T>G>D  2/5 (40.0%)
20,10 Synth.  Binding (C,.=2) 59.0% [51.7,66.3] 59/4.8/3.5/3.4/2.9 S>L>T>G>D  1/5 (55.0%)
20,10  Synth.  Non-bind. (C,,,=20)  100.0% [100.0,100.0] 10.0/10.0/10.0/9.9/10.0 S>L>T>G>D  1/5 (55.0%)
50,25 Fitted  Binding (C,=2) 77.6% [74.3,80.9] 19.4/12.6/11.8/4.4 S>T>G>D 1/4 (85.0%)
50,25 Fitted  Non-bind. (C,,,=50) 100.0% [100.0,100.0]  25.0/25.0/23.6/249  S>T>G>D 1/4 (85.0%)
50,25 Synth. Binding (Cp=2) 68.2% [63.9,72.5] 17.1/7.4/7.0/6.0 S>G>T>D 1/4 (40.0%)
50,25 Synth.  Non-bind. (C,,,=50) 100.0% [100.0,100.0]  25.0/23.6/250/250  T>G>S>D 3/4 (20.0%)
50,49  Fitted  Binding (Cy=2) 73.8% [70.4,77.2) 27.6/28.7/36.1/7.5 G>T>S>D 3/4 (0.0%)
50,49 Fitted  Non-bind. (C,,,=50) 100.0% [100.0,100.0]  49.0/46.1/49.0/485  T>G>S>D 3/4 (10.0%)
50,49  Synth. Binding (Cyu=2) 66.2% [62.8,69.6] 20.1/15.1/32.5/8.3 G>T>S>D 3/4 (5.0%)
50,49 Synth. Non-bind. (C,,.=50) 100.0% [100.0,100.0]  49.0/46.1/49.0/490  T>G>S>D 3/4 (0.0%)
Table 9

Paired percentage MF-SREE margins of S-ACS MF-SINR against schedule-evaluated rivals across the scheduled crossed grid of
Table 8 (mean + 95% Cl over 20 paired topology seeds; * indicates Holm—Bonferroni significance at =0.05; —: not evaluated;
" undefined relative margin (all 20 seeds won, Holm-significant); adjusted p-values and win/tie/loss records in Supplementary

Material Table S-XII).

N,K Regime vs. Seq. Dijkstra (%)

vs. Trad. ACO MF (%)

vs. Greedy Walk MF (%) vs. LP-MCF (%)

Measured DeepSC codec profile

20,10 Binding (Cpax=2) —f
20,10  Non-bind. (Cpay=20) +89.94 + 26.36*
50,25 Binding (Cpux=2) +386.68 + 182.26*
50,25 Non-bind. (Cpay=50) +164.33 + 30.29*
50,49 Binding (Cpux=2) +365.14 + 140.27*
50,49  Non-bind. (Cpa=50) +109.21 + 24.06*

Synthetic fidelity profile

20,10  Binding (Cpax=2) —f
20,10  Non-bind. (C,=20) +151.71 + 52.78"
50,25 Binding (Cpax=2) +233.68 £ 102.11*
50,25  Non-bind. (Cpay=50) +108.82 + 35.53*
50,49 Binding (Cpa=2) +320.81 +79.97*
50,49  Non-bind. (Cpay=50) +77.96 + 29.93*

+19.93 + 13.39*

+19.86 + 10.66*

+11.21 +7.79*

+16.69 + 9.99* +42.19 + 19.15% -1.69 £ 1.74
+17.98 + 10.15* +15.25 £ 5.47* —
+19.41 + 6.99* +36.68 + 11.71% —
—11.57 £ 2.16* —11.73 £ 2.55* —
—14.48 +7.24* —5.58 +7.64 —
+41.63 + 30.79* +47.17 + 31.93% +22.55 + 14.50*
+25.23 +12.13* +67.30 + 24.67* +5.53 +7.43
+7.24 £ 8.57 +2.79 £9.16 —
—15.73 +10.18* +1.30 + 14.75 —
—11.87 +£7.70* —17.38 + 5.40% —
—27.38 + 5.80" —15.66 +7.71* —

identically across all twenty seeds with zero mean difference
and zero difference variance (Table 10; Supplementary Ma-
terial Table S-XTI). Under those severe budgets, every method
sheds all flows on most seeds and delivers the identical single
flow on surviving seeds.

Under the fidelity-floor sweep at N =20 with K=10, the
feasibility rate of the proposed method falls from 99.5% +
1.0% at the P10 level to 1.0% + 1.4% at P99. Rejections by
the proposed method stem from the absence of a feasible
route, whereas baselines reject on fidelity and energy caps
(Supplementary Material Table S-X). The fidelity of the
worst delivered flow rises over the sweep from 0.9155 to
0.9744, reflecting the exclusion of difficult flows from the
admitted set. Notably, this admission filtering separates the
two fairness scopes: while Jain’s index over delivered flows
remains between 0.884 and 0.968 from P10 to P75, the index
over all requested flows drops monotonically from 0.880
to 0.265, reaching 0.010 at P99. A delivered-only fairness
metric thus overstates equity once admissions are refused.

Both fairness columns in Table 10 report means over
20 trials. Per-trial Jain’s index evaluates the per-flow SREE

vector, where a trial with zero delivered flows contributes 0.
Hence, the delivered-flow column reflects an unconditional
mean: at N=20, K=10 under the P99 floor, 2 of 20 trials
deliver a single flow (scoring 1) while 18 deliver none
(scoring 0), yielding the tabulated mean 0.100. Under the
all-requested scope, each delivering trial contributes 1/K =
0.1, averaging to 0.010, whereas conditional fairness among
served flows is 1 across the delivering trials. Similarly, Agg.
eff. normalizes total admitted MF-SREE by requested flow
count K, decreasing as flows are shed. The same trend holds
at N=50 with K=25. Furthermore, six of the twelve energy-
binding levels replicate fidelity-floor levels identically, as
both budgets reject identical flows. Table 10 lists each unique
pair, while Supplementary Material Table S-X provides the
full census across all thirty-six levels.

Two properties characterize the fidelity-floor placement.
First, upper levels collapse onto the measured codec ceiling
of 0.9744. At N=20, K=10, applied floors differ relatively
by 4.3x107> between P75 and P90, and by 6.8x1078 be-
tween P90 and P99; at N=50, K=25, the corresponding
differences are 8.3x107> and 2.0x1078. The sharp drop in
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Fairness, feasibility, and efficiency metrics for S-ACS MF under binding per-flow QoS constraints (.S,
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DeepSC codec recursion (mean + 95% Cl).

req

and E® ) under measured
max

Level

Feasibility rate Rejected/trial

Worst fidelity Worst energy (J) Jain (deliv.)

Jain (all req.) Agg. eff. (sem./J)

N=20, K=10 — Semantic fidelity floor S;;eq sweep (dimensionless)

P10 (0.8764022) 99.5% + 1.0% 0.05 + 0.10 0.9155 + 0.0090 0.872 + 0.089  0.884 + 0.014 0.880 + 0.018  2.247 + 0.153
P25 (0.9343057) 88.0% + 3.9% 1.20 + 0.39 0.9430 + 0.0022  0.624 + 0.001  0.913 + 0.011 0.804 + 0.038  2.127 + 0.175
P50 (0.9494202) 54.5% + 8.2% 4.55 +0.82 0.9607 + 0.0054 0.464 + 0.073  0.968 + 0.018 0.531 + 0.084 1.619 + 0.272
P75 (0.9743538) 26.5% + 7.9% 7.35 + 0.79 0.9744 + <0.0001 0.308 + <0.001 0.950 + 0.105 0.265 + 0.079  0.839 + 0.251
P90 (0.9743954) 12.0% + 6.5% 8.80 + 0.65 0.9744 + <0.0001 0.307 + <0.001 0.650 + 0.229 0.120 + 0.065 0.381 + 0.208
P99 (0.9743955) 1.0% + 1.4% 9.90 + 0.14 0.9744 + <0.0001 0.307 + 0.001  0.100 + 0.144 0.010 + 0.014  0.032 + 0.046
N=20, K=10 — Per-flow energy cap E®) sweep (J/task)

P50 (0.616) 51.5% + 8.2% 4.85 +0.82 0.9664 + 0.0047 0.388 + 0.063  0.982 + 0.017 0.508 + 0.084  1.572 + 0.273
P75 (0.625) 87.0% + 3.8% 1.30 +£0.38 0.9427 + 0.0031  0.623 + 0.001  0.914 + 0.012 0.795 + 0.037  2.111 + 0.178
P90 (0.934) 97.5% + 2.6% 0.25+0.26 0.9199 + 0.0118 0.778 + 0.073  0.891 + 0.014 0.869 + 0.025  2.228 + 0.158
N=50, K=25 — Semantic fidelity floor S,'(eq sweep (dimensionless)

P10 (0.6761514) 100.0% + 0.0% 0.00 + 0.00 0.8965 + 0.0250  0.887 + 0.097  0.875 + 0.010 0.875 + 0.010  2.220 + 0.094
P25 (0.9251283) 90.8% + 3.4% 2.30 + 0.85 0.9350 + 0.0031  0.655 + 0.043  0.895 + 0.008 0.813 + 0.031  2.124 + 0.114
P50 (0.9493988) 60.4% + 5.1% 9.90 + 1.27  0.9505 + 0.0022  0.602 + 0.032  0.944 + 0.013 0.570 + 0.048  1.666 + 0.146
P75 (0.9743141) 27.2% + 3.5% 18.20 + 0.88 0.9744 + <0.0001 0.309 + <0.001 1.000 + <0.001 0.272 + 0.035 0.861 + 0.111
P90 (0.9743955) 10.8% + 1.8% 22.30 + 0.46 0.9744 + <0.0001 0.307 + <0.001 1.000 + <0.001 0.108 + 0.018  0.343 + 0.058
P99 (0.9743955) 1.0% + 0.8% 24.75 + 0.21 0.9744 + <0.0001 0.307 + <0.001 0.250 + 0.208 0.010 + 0.008  0.032 + 0.026
N=50, K=25 — Per-flow energy cap E®) sweep (J/task)

P50 (0.617) 57.8% + 5.0% 10.55 + 1.25 0.9527 + 0.0038  0.571 + 0.052  0.951 + 0.013 0.549 + 0.048  1.626 + 0.149
P75 (0.626) 88.2% + 3.6% 2.95+ 0.90 0.9356 + 0.0064 0.624 + 0.001  0.899 + 0.008 0.793 + 0.033  2.087 + 0.113
P90 (0.940) 100.0% + 0.0% 0.00 + 0.00 0.8902 + 0.0331  0.856 + 0.063  0.875 + 0.009 0.875 + 0.009  2.221 + 0.093

feasibility thus reflects distribution density near the ceiling
rather than a substantially tighter constraint. Second, at
N =50, K=25, the boundary-regime floor applies a bound of
0.5% of the cell’s P100 anchor, serving as an unconstrained
boundary baseline.

5.6. Discussion

The flow-density and nominal-SNR sweeps at N=50
were both obtained under the load-count contention surro-
gate and the synthetic stress profile. Supplementary Mate-
rial Section S-D.10 reports them. The decay of the paired
advantage with nominal SNR is consistent with the fidelity
saturation of the sigmoid (6) which defines the stress pro-
file. The calibrated curve is a measured fidelity recursion.
However, that recursion reduces exactly to the same per-
hop sigmoid family under the same composition law, as Sec-
tion 3.3 establishes. The two profiles therefore differ in their
curve parameters rather than in functional form, and most
consequentially in their midpoints, at —0.8934 dB against
10dB. Consequently, the same saturation mechanism acts
on both arms. It simply acts earlier on the calibrated arm,
which already sits in its saturated region at the tested link
margins. Notably, the calibrated curve governs the primary
evaluations in Tables 4, 8, and 10. By contrast, component
attribution, capacity sweeps, alternative contention laws, and
zero-load gap analyses were evaluated under the synthetic
stress profile.

Primary scope qualifications apply to physical channel
and interference dynamics. In particular, comparisons on
the surrogate track are evaluated under the load-count con-
tention surrogate (3) defined in Section 3.1. Under the worst-
case full-reuse spatial evaluator in Supplementary Material
Section S-D.1, the surrogate preserves link-quality ordering

only partially (p = 0.668-0.748 across active edges), and
method rankings do not carry over. Physically, uncoordi-
nated spatial interference penalizes multi-hop paths heavily
because concurrent transmissions aggregate interference,
favoring shorter, simpler routes. Because the load-count
surrogate prices contention without transmitter geometry,
it cannot reflect this spatial penalty. The detailed eight-cell
grid and its paired contrasts are reported in Supplementary
Material Section S-D.1. Correspondingly, Section 5.5 de-
tails routing performance when the optimization objective
directly incorporates an explicit schedule.

Separately, centralized optimization introduces
computation-induced route staleness under mobility.
Across re-solve latencies of 0.196-0.888 s and UAV speeds
up to 20m/s (displacement up to 17.8m), S-ACS MF
retains 98.89%—100.00% of static MF-SREE and maintains
a+1.97% to +3.28% gain over Sequential Dijkstra (Fig. 4).
These measured latencies from Section 5.2 satisfy the
receding-horizon deadline nAT;,,, = 1.0s (AT ,,, = 2.0s,
n = 0.5). In addition, three physical dynamics are evaluated
analytically in Supplementary Material Section S-D.5:
Doppler frequency shift (f; ~ 133Hz at 20m/s and
f. = 2GHz), 3D altitude coupling over z; € [50,300] m,
and fast topology updates (AT;,,, < 0.1s). Continuous
3D flight trajectory co-design remains an explicit scope
boundary.

5.7. Gap Analysis against the Certified Zero-Load
Ceiling
We next measure how far S-ACS MF sits below the certi-
fied per-flow zero-load ceiling of Proposition 1. As shown in
Fig. 5a, across 560 trials over N € {20,30,40,50} and K €
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Figure 4: Computation-induced route staleness under central-
ized control.

{2,4,...,14}, 95.5% of instances (535/560) exhibit zero-
load-ceiling gaps below 30%. Per-cell median gaps range
between 1.5% and 12.9%. The ceiling is capacity- and load-
free by construction. Consequently, these are gaps against a
relaxation and not optimality gaps. The relaxation loosens
as relay contention grows. The gap therefore overstates the
distance to the capacity-constrained optimum. The bound is
self-calibrating (Fig. 5b). Specifically, it exhibits a strong
negative Spearman correlation between gap and per-flow
SREE (p = —0.867, p = 6.1 x 10~171),

Table 11 benchmarks S-ACS MF against exact global
optima Z* obtained via full state-space enumeration on
small-scale networks (N < 10, K < 3). Over the enumer-
able instances of that table the measured gap to the exact
optimum spans 0.00%—0.15%. Every optimality certification
reported in this paper is limited to those small-scale enumer-
able instances. Each was obtained under the synthetic stress
profile. At larger N and K, the only available reference is the
zero-load ceiling above. That ceiling is a loose upper bound
rather than an optimum. Therefore, no optimality claim is
made at those scales. Empirical evaluation of Proposition 5
gives a fixed-load LP-IP gap | Z;p — Zp| < 10710 on the
topologies tested there. This verification is confined to the
single-flow case K=1.
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Figure 5: Evaluation of certified per-flow zero-load ceiling and
surrogate gap.

Table 11
Calibration of S-ACS MF against exact global optima Z*
(obtained via full state-space enumeration) of the coupled MF-
SREE objective (N < 10,K < 3, 20 topology seeds per cell,
non-binding relay capacity). Relative gaps (Z* — SREE)/Z* x
100 % are reported; best values per column are bolded.
Quantity (N, K) (82) (8.3) (10,2) (10.3)
Exact global optimum Z* 2.9486 4.1821 3.1361 4.6292
Gap to Z* (%), lower is better
S-ACS MF 0.0000 0.0000 0.0000 0.1502
LP-MCF surrogate 1.5696 2.5150 1.9322 1.2561

_ . [0.00, [0.00, [0.00, [-0.16,

S-ACS MF, 95% Cl 0.00] 0.00] 0.00] 0.46]

Exact optimal (trials) 20/20 20/20 20/20 19/20
Bound diagnostic

Ceiling gap above Z* (%) 14.726 13.895 25.192 39.079

6. Conclusion

In this paper, we investigated energy-efficient multi-flow
semantic routing for multi-UAV relay networks under load-
count contention coupling. To trade semantic throughput
against energy consumption, we formulated the Multi-Flow
Semantic Routing Energy Efficiency (MF-SREE) problem
and established its NP-hardness at unit service availabil-
ity. Accordingly, we proposed S-ACS MF, a metaheuristic
framework built on a load-aware energy-per-fidelity con-
struction rule, coupled-objective marginal path evaluation,
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and capacity-aware local search. To align the routing ob-
jective with the channel-access model that scores it, we
further developed S-ACS MF-SINR, a scheduling-aware
variant that constructs routes under an explicit transmission
schedule.

Simulation results demonstrate that S-ACS MF achieves
superior energy efficiency across most evaluated settings un-
der the load-count contention surrogate, the codec-calibrated
fidelity curve, and non-binding capacity (C,,,=N). That
advantage is pronounced against metaheuristic and greedy
benchmarks, and narrow against the shortest-path bench-
mark. It closely approaches the certified zero-load ceiling
and enumerable global optima on small-scale instances.
While the calibrated curve establishes the margin mag-
nitudes, baseline orderings remain consistent across pro-
files. Under the same surrogate, the framework maintains
its lead across most binding service-fidelity and per-flow
energy levels, while demonstrating robustness against tight
relay capacity, route staleness, and alternative contention
laws. Furthermore, runtime evaluations reveal that matching
the compilation setting and ant budget reverses the earlier
wall-clock margin over traditional ant colony optimization,
showing that execution-time differences stem from solver
configuration rather than algorithmic design.

Under the scheduled routing objective, schedule-
evaluated comparisons indicate that S-ACS MF-SINR
ranks favorably at moderate flow densities, while simpler
constructive heuristics attain higher summed efficiency
at the densest, most contended operating points. Notably,
the proposed variant admits the most flows at the densest
binding points, so the comparison records a trade between
service coverage and summed efficiency rather than a
uniform deficit. The scheduling-aware formulation thus
provides structural consistency between optimization and
evaluation models rather than an unconditional performance
lead.

Several scope boundaries characterize the current
framework. Specifically, the formulation assumes a load-
count contention surrogate, communication-layer energy
accounting (excluding route-independent propulsion),
centralized topology control, and frozen-snapshot
optimization per epoch AT, Under a worst-case
full-reuse spatial evaluator, route simplicity alters method
rankings. In future work, we will extend scheduling
awareness to flow admission and candidate generation,
incorporate explicit transmitter geometry and inter-cell
interference, and integrate mobility speed directly into the
age-of-semantic-information model. Additional directions
include column generation for tighter optimality bounds,
Doppler-resilient waveforms, 3D trajectory co-design,
decentralized stigmergic coordination, and experimental
testbed validation.

A. Proofs

A.1. Structural Non-Decomposability of SREE
Remark 3 (Non-decomposability of SREE). The single-
flow SREE metric SREE(P) = [, Sn/ X Ep, is a non-
linear fractional program with a multiplicative numerator
and additive denominator. This structure violates Bellman’s
principle of optimality. Knowing that subpath P, is SREE-
optimal from s to v does not imply that extending P; to
d yields an optimal s—d path, because appending edges
couples numerator degradation multiplicatively with de-
nominator energy addition. This rules out exact polynomial-
time dynamic programming, distinguishing SREE from stan-
dard shortest-path objectives that decompose additively. The
multi-flow extension (Theorem 9) inherits this structural
difficulty and introduces additional hardness through inter-
flow load-count contention coupling.

A.2. NP-Hardness of Multi-Flow SREE

Definition 8 (Multi-Flow SREE (MF-SREE)). Given a di-
rected graph G = (V, ) with per-edge semantic fidelity
S(r;;) € (0,1], per-edge energy E;; > 0, and K source-
destination pairs {(sk,dk)}le, define the per-flow SREE
under interference as

[l jer, S(7;; — 101ogo(1 + L)))

SREE, (P,,L) =
i per, Eij(Ly)

’

(34)

where L; = |{k' : j € Py \ {sp,dp}}| is the relay
load at node j, as defined in (2), induced by the path
assignment P = (P, ..., Pg), with P € H,’;l (s, dy)
and L = (L,...,Ly) € {0,1,... KN, The per-hop
energy E;;(L;) is any function that is strictly positive and
non-decreasing in the relay load, that is, E;;(L) > 0 for
every L, and E;;(L) < E;;(L") whenever L < L'. This
family is the weakest structure the hardness reduction from
vertex-disjoint paths (VDP) below actually uses. Notably, it
contains the simplified linear form E;;(L;) = E;;(1 + L)),
which is convenient for exposition. It equally contains the
operational hop-energy model of (10), whose transmission
term grows with load through the reduced effective capacity
while its inference and processing terms remain additive.
The reduction therefore establishes hardness for the oper-
ational problem directly. In particular, it does not require
the two models to coincide at any value of C,,,, and they do
not coincide. The MF-SREE optimization problem seeks

K
max SREE, (P,, L(P)) (35)
PPy kz=:1 k\""k

S.1. Pk S H(Sk’dk)’ Lj <C

max?

V), k.

Every flow carries a path in (35). This problem is therefore
the restriction of the lexicographic design problem (17) to
assignments that admit the whole demand, that is, to the
top value K4, = K of its first key. On that restriction
the first key is constant and the second key (17a) reduces
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to the sum in (35). The remaining budgets of (17) are left
inactive in the constructed instances below. The per-flow
fidelity floor is set to S]rceq = 0 in (17g), which then holds
vacuously. The hop cap H,,, in (17¢) is set to the node
count of the constructed graph, which no simple path can
exceed. The staleness budget AoSI ... in (17d), the per-flow
energy cap Er(r]gx in (17h), and the per-node residual battery
in (17¢) are each set above the largest value any simple path
or node can realize on that finite graph. Each such bound
is obtained in polynomial time from the edge data. Service
availability (17f) is thus the only constraint that binds, and
it is the one the reduction exploits.

max

Theorem 9 (NP-Hardness of MF-SREE). Consider the
decision version of the MF-SREE problem (35): given the
instance data and a threshold T > 0, determine whether a
feasible path assignment exists that admits every flow and
attains Zszl SREE, > T. Equivalently, since K,4,, < K
always holds, this asks whether the lexicographic objec-
tive (17a) attains a value of at least (K, T'). This decision
problem is NP-hard, even for K = 2 and unit service
availability C,,, = 1, and for every per-hop energy model
in the family of Definition 8.

Proof. We prove NP-hardness by reduction from the Vertex-
Disjoint Paths (VDP) problem on directed graphs, which is
NP-complete even for K = 2 pairs [16]. A VDP instance is:
given a directed graph G = (V', E') and K’ = 2 terminal
pairs (s, d}) and (s}, d}), determine whether there exist two
internally vertex-disjoint s/ -d; paths in G’.

Construction. Without loss of generality, we assume that
in G’ each source s;( has in-degree zero and each desti-
nation d]’C has out-degree zero. This terminal-isolated form
is obtained by appending fresh terminal nodes connected
to the originals by a unique edge and re-designating the
terminals, which preserves VDP YES/NO [16]. Under this
preprocessing, no s;c-d]’C path can use any terminal node as
an interior relay, since interior membership requires both
incoming and outgoing edges incident to that node. Given
this VDP instance, we construct an MF-SREE instance as
follows. Set G = G’ with the same vertices and edges. For
each edge (i,j) € E': S(yij) = S5, € (0,1) (a constant)
and C,,, = 1. The per-hop energy is drawn from the family
of Definition 8 and is otherwise unrestricted; in particular, it
may differ from edge to edge. Under C,,, = 1 the load argu-
ment takes only the two reachable values L; € {0, 1}, so we
collect the two edge-wise maxima &, e max; hepr E;;(0)
and £, £ max; e E;;(1), which satisfy 0 < &, < £; by
positivity and monotonicity. Both maxima are computable in
time linear in | E’|, so the construction remains polynomial.
Since every edge has the same nominal fidelity .S, define
the single-flow loaded fidelity S, £ S(y, — 101log,(2))
where y satisfies S(y,) = Sj. At arelay serving exactly one
flow (L; = 1), the interference model (34) gives effective
fidelity .§; < S, and a per-hop energy of at most £;. At a
shared relay (L; > 2), the effective fidelity degrades further.
Moreover, the service-availability constraint is violated. Set
the terminal pairs (s, d;) = (s;(, d/i) for k € {1,2}).

Analysis of feasible solutions. Under the service-
availability constraint C,, = 1, each relay node can serve
at most one flow. If the two paths share a relay node j,
then L; = 2 > C,,,, violating the constraint. Therefore,
a feasible MF-SREE assignment requires the two paths to
share no interior (relay) nodes, yielding L; < 1 at every
relay. By the terminal-isolation preprocessing, no path can
use any terminal node as an interior relay. Consequently,
the destination d; of flow k has load L, = 0 in every
feasible assignment. For a path 7, with H; hops, the H, —1
interior receivers each have L; = 1 (fidelity .S}, per-hop
energy at most £;). The final receiver d; has L, = 0
(fidelity S, per-hop energy at most £;). Its numerator is

therefore exactly Sfl"_l Sy, while its denominator is at most

(Hy, — & + &y, s0

SH-1S,

(H-1é +¢&
(36)

SREE\(Py) > f(Hy),  f(H)#=

Edge-dependent energies leave (36) a bound rather than an
identity, which is all the forward direction needs. Set the
threshold T =2 f(|V']) > 0.

Forward direction (VDP YES = MF-SREE YES). If two
internally vertex-disjoint paths P, P, exist in G’, then their
corresponding MF-SREE paths satisfy L; < 1 at every
interior relay (each relay serves at most one flow), respecting
Crax = 1. The assignment routes both flows, so it admits the
whole demand and K,4,, = K = 2. Each path P, with H;
hops achieves SREE, > f(H,) > f(|V'|) by (36), since
H, < |V'| for a simple path. The function f is strictly
decreasing in H, since f(H + 1)/ f(H) = S| ((H — D&, +
£0)/(HE, +&)) < S| < 1forSy S, €(0,1)and & > 0.
Only positivity and monotonicity of the energy are used here.
Thus Y, SREE, > 2 f(|V']) = T, and the assignment
attains at least (K, T") lexicographically.

Converse direction (MF-SREE YES = VDP YES). Sup-
pose the decision instance answers YES, that is, some feasi-
ble assignment admits both flows and achieves total SREE >
T > 0. The admission requirement is what carries this
direction: it supplies an actual path 7, foreachof k € {1,2},
whereas a threshold on the efficiency sum alone would also
be met by admitting one short flow and refusing the other,
since f is strictly decreasing and T is set at the longest
admissible hop count. Given both paths, feasibility requires
L; < Cy. = 1 at every relay node j. If the two paths
share any interior relay node j, then L; > 2 > C,, = 1,
violating the service-availability constraint. Hence, the two
paths must use disjoint interior relay sets. Since the graph is
G = G’ with identical vertex and edge sets, the paths P, Py
constitute internally vertex-disjoint paths in G’, solving the
VDP instance.

Since VDP on directed graphs is NP-complete for K =
2 [16] and the reduction is polynomial-time, MF-SREE is
NP-hard. O
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A.3. Surrogate Approximation Quality

Proposition 10 (Empirical Surrogate Gap). For
a single source-destination pair, let Pg =
arg Minperyis.q) 2. jep Eij/S(i;) denote the surrogate-
optimal path and P* = argmaxperysq) SREE(P) the
true-SREE-optimal path. Let P®™™™ denote the SREE-
maximizing member of the bounded path enumeration
specified in the proof below, which is the reference
actually evaluated here. Across all tested network sizes
(N € {10,20,50,100}), the mean single-flow SREE
gap (SREE(P®™™) — SREE(Pg))/SREE(P™™) remains
bounded below 2.6% (ranging from 1.30% at N = 10
to 2.53% at N = 20, 1.75% at N = 50, and 1.31% at
N = 100). At N = 50, Py coincides with P°™™ in 81.0%
of randomly sampled source-destination pairs (and 90.7%
at N = 10); across non-coincident paths, the worst-case
pair gap is 30.5%.

Empirical basis. For each N € {10,20,50, 100}, source-
destination pairs are drawn from independently generated
topologies whose nodes carry identical compute capability,
at most ten pairs per topology. Sampling continues until
at least one hundred pairs accumulate, which yields 108
pairs at N = 10 and 100 pairs at each larger size. For
every pair, Pg is obtained from the additive surrogate weight
E;;/S(y;;) by Dijkstra’s algorithm. The reference Pe™™
is the SREE-maximizing member of a loopless k-shortest-
path enumeration (k < 200), merged across three edge
weightings: geometric distance, hop count, and the surrogate
weight itself. Both paths are then scored under the identical
per-path SREE, and the per-pair gap is averaged over the
sample. Coincidence is recorded when the two SREE values
agree to a relative tolerance of 107°. O

Remark 4 (Worst-Case Reference). A loose worst-case
bound SREE(P*)/SREE(Pg) < 1/S55*! can be derived
by bounding the numerator as ], S;l‘ < 1 and the denomi-
nator as Y, E, > Syin 2, Wy, where Hg is the hop count
of Pg. However, this bound is vacuously large for typical
FANET parameters (e.g., 37X at Hg = 2 vs. the measured
mean gap of at most 2.53%), because it uses Sy, for all
hops whereas most links have S € [0.7,0.9]. The empirical
gap (Proposition 10) is therefore the operative metric for
algorithm design.

A.4. S-ACS Convergence
Proof of Theorem 6 (S-ACS Per-Flow Convergence).

Proof. The proof adapts the MMAS convergence result of
Stiitzle and Dorigo [39].

Step 1 (Positive construction probability). With
pheromone bounds 7,,;, > 0 and heuristic #;; > 0 for all
connected edges, the transition probability (19) satisfies, for
any feasible next-hop j,

a, B
[Tij]ap [nif ]ﬁp > Tm[;n rlrrf’in

Zren TPl N

Dij >0, 37)

where 77, = ming j7;; > 0 and 7, = max; ; #;;. For
the SREE-optimal path P* = (ng, ..., ng«) with H* hops,
the probability that a single ant constructs P* is

H*
H*-1 T“p By
* _ min 'min
p= H Prynpp 2 @ By >0, (38)
h=0 max * Tmax Mmax

where N, = max; |N;]| is the maximum node degree.
Step 2 (Discovery over I, iterations). With M ants
per iteration, the probability that at least one ant constructs
P* in a single iteration is p > 1 — (1 — p*) > 0. Over
I ..« iterations, the probability that P* is never constructed

is bounded by (1 — p)/mx — 0 as I,
Step 3 (Best-so-far monotonicity). S-ACS maintains
the best-so-far path P};Sf with SREE(P]ESf) =
max;¢; SREE(PP®™). Since the best-so-far SREE is
monotonically non-decreasing and the path set Il(s;, d;) is
finite, once P/fpt is discovered, it is retained permanently.
Step 4 (Conclusion). For any 6 > 0, choosing I, =
[log(8)/log(1 — p)] guarantees Pr[P} # P,jP‘] < 6
for all I, > I, establishing the convergence in proba-
bility claimed in (32). The congestion-dependent evapora-
tion (22)—(23) preserves the pheromone bounds [7;,, Tyax]
after each clipping step. Thus, the positive construction
probability (38) is maintained at every iteration. This consis-
tency aligns with the MMAS convergence theory for time-
dependent evaporation rates [39]. O

— 00.

A.5. Per-Commodity Dinkelbach Upper Bound
Proof of Proposition 1 (Per-Commodity SREE Upper
Bound).

Proof. The proof proceeds in two parts: validity of the
per-commodity bound, and convergence of the Dinkelbach
iteration for each per-flow subproblem.

Part 1 (Bound validity). Throughout, MF-SREE* de-
notes the second (efficiency) key of the lexicographic op-
timum (17a), namely the summed per-flow SREE of an
optimal assignment. Consider such an assignment, writing
K., for the flows it admits and P* = (P))e o for their
paths. The relay load at each node j under this assignment is
L;f = ZkeIC:dm 1[j € PZ \ {54, d;}] > 0. For each admitted
commodity k € K7, , the per-hop effective SNR satisfies
yfj.ff(Lj) < yl,(j(.)) because 10logo(1 + L7) > 0. Since S(")
is non-decreasing and the energy model yields E; j(L;.‘) >

E; (0) (reduced effective capacity raises transmission time),
we obtain

Sepe(PFi L¥)
Etotal(P*; L")
s @)

ele 0)
=50 pny =R
E (PY)

total

SREE(P*; L*) =
(39

where the first inequality follows from fidelity degradation
and energy increase under load, and the second from
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the optimality of SREEE(O) over all paths at zero
load. Summing over admitted commodities yields
MEF-SREE* < Zkelcjdm SREE;O). Since each omitted

term SREEECO) is positive, extending the sum to all K
commodities loosens the bound to establish (28). Refused
flows contribute zero to the efficiency key while zero-load
terms are retained, certifying the efficiency key alone
without bounding admitted flow counts.

Part 2 (Computability). To establish the analytical foun-
dation for (28), we first examine the classical Dinkelbach
fixed-point characterization of the fractional objective. The
per-flow bound SREE;CO) can be derived via iterative frac-
tional programming. In practice, we compute this quantity
directly and exactly via the certified label-setting dynamic
program presented in Part 3. Each SREE;O) is a single-ratio

fractional program over Il(sy,d;). Since Et(gt)al(P) > 0
and |II(sy,d;)| is finite, the Dinkelbach iteration [12, 38]
converges exactly to SREEECO) in at most |II(s,, d;)| steps,

provided the inner subproblem maxp [Ségi(P) -y Et(gl)al(P)]
is solved to global optimality at each step.

Part 3 (Exact computation and certification). To
compute SREE;O) exactly without candidate-set truncation
or heuristic approximations, we propose a certified Pareto
label-setting dynamic program. Solving the single-flow
SREE optimization directly is non-trivial due to the
non-decomposable ratio structure. The proposed dynamic
program leverages Pareto label pruning and admissible
reverse-Dijkstra bounding. It finds the globally optimal
path P} while providing an exact certificate of optimality.
Specifically, the exactness and computational tightness of
the proposed algorithm rely on the following structural
properties:

(1) The walk relaxation over the candidate space is tight.
Deleting any cycle from a walk trajectory strictly de-

creases the zero-load energy expenditure Et(gt)al while

strictly increasing the end-to-end semantic fidelity 522;
(since per-hop fidelity satisfies S;; < Sy, < 1). The
optimal trajectory over all valid walks is guaranteed to
be a simple path, eliminating infinite loops.

(i) To track candidate path prefixes efficiently, each path
prefix P, originating at source s; and terminating at
node u is represented by a two-dimensional label vector
1 =(E,, Ay), where

©
E= ) E,
(i,)EP,

A=) In sfj(.”. (40)
(h)eP,

Let 1; and 1, denote two distinct labels at node u.
Label 1, is said to dominate 1, if E; < E and
Ay, 2 Ay, with at least one strict inequality. Because
Pareto dominance is invariant under arbitrary common
suffix extensions to destination d;, any dominated la-
bel 1, can be safely pruned without sacrificing global
optimality. In particular, any revisiting walk is strictly
dominated by its corresponding cycle-free prefix.

(iii) To accelerate state-space exploration, a reverse-graph
Dijkstra search is executed prior to search. We compute
E(u) and K(u), representing the exact minimum resid-
ual energy and maximum residual log-fidelity from
node u to destination d,, respectively. For any label
1 = (E;, Ay) at node u, an admissible upper bound on
the achievable end-to-end SREE is calculated as

© exp (A + Aw))
SREE () < —p— o 1)

By expanding labels in decreasing order of their admis-
sible upper bounds (41), the dynamic program prioritizes
high-promise trajectories. The search terminates as soon as
the maximum upper bound among all active labels falls
below or equals the current incumbent SREE value y;.. This
condition yields the exact per-flow optimum SREE;O) = Yinc
alongside a formal optimality certificate. As a result, the
formal guarantee established in Part 1 directly applies to
the computed quantity, ensuring that (28) holds as a theo-
rem across all evaluated instances. The dynamic program
certifies Bo,or = 2 MaXpery, SREEE(O)(P) for the relaxed
problem. In contrast, the relation By, > MF-SREE" rests
on the load-monotonicity arguments in Part 1. The certificate
therefore closes the computational gap of the uncoupled
relaxation only. It does not certify the coupled MF-SREE
optimum, whose distance from B,,,. grows with the relay-
load profile. Therefore, the distance between a heuristic
solution and B, is a zero-load-ceiling gap rather than an
optimality gap. This completes the proof. U

A.6. Gap Decomposition
Proof of Theorem 4 (Gap Decomposition).

Proof. The decomposition (31) is an algebraic identity ob-
tained by inserting the intermediate quantity Zp(L):

Zp(L) = Zaco = (Zip) = Zp(L)) +(Zp(L) = Zaco).-
42)

It remains to prove that both components are non-negative.

Integrality gap ( ZLP(iJ) - le(i) > 0). Any feasi-
ble integer solution & € {0, 1}I€XK trivially satisfies all
constraints of the LP relaxation (30). This holds because
{0,1} c [0, 1], while the flow-conservation and service-
availability constraints are identical for integer and fractional
variables. Consequently, the LP feasible set contains all
integer-feasible solutions, and maximizing over a superset
yields Z; p(L) > Zp(L).

Heuristic gap (Zp(L) — Zyco > 0). Both programs
are posed on the common commodity set led(fr(l) admitted
by S-ACS MF per Theorem 4, ensuring identical flow-
conservation dimensions. Setting xl’.;" =1if (G,j) € Pﬁ;cco
and 0 otherwise yields an integer-feasible solution satisfying
flow conservation. Service availability is satisfied because
rto= 10 € PAON (s, d Y and XY = Ly =
ZkeICaAdeO 1[j € P \ {s,d;}] £ Cpax- Under fixed-load
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coefficients ¢;; (L ;) in (29), this assignment attains Zyco =
Zk Z(i J)ePACo cij(Lj). Since Zjp(L) optimizes the integer
> k

problem under identical constraints, Zp(L) > Zco-
Both terms are non-negative, completing the decompo-
sition. 0

A.7. Proof of Proposition 5 (Single-Commodity LP
Exactness)

Proof. When K = 1, the fixed-load LP (30) reduces to

a single-commodity network flow problem. The service-

availability constraint (30c) becomes r} < Cpax for each

j €V, where rjl, = YiGj)ee x}j 1[j # s,1-1[j # d,]is the
fractional relay usage at node j. This constraint is non-trivial
only at j € V\ {sy,d,}, since the indicators force rjl. =0at
the endpoints.

We apply the standard node-splitting reduction [3]. For
each relay node j € V \ {s;,d;}, replace j by two nodes
(Jin> Jour) connected by an internal arc of service availability
Coax> With all incoming edges redirected to j;,, and all outgo-
ing edges redirected from j,,. The source s, and destination
d; are left unsplit. This yields an augmented directed graph
¢ = (V', &) in which every service-availability constraint
acts on an edge rather than on a node.

The constraint matrix of the resulting LP on ¢’ is the
node-edge incidence matrix A’ € {0, il}“’,"("’f’| of a di-
rected graph. Since every column of A’ contains exactly one
+1 entry and one —1 entry, the matrix is totally unimodular
(TU) [23]. The right-hand side of the LP is integer: the flow-
conservation demands are b; € {+1,0,—1}, and the arc
capacities are C,,, € Z_ (internal arcs) or 1 (edge bounds).
By the Hoffman-Kruskal theorem, every extreme point of
the LP polyhedron defined by A’x = b, 0 < x < u, with
x € RI€l| b e V'l and u € 7€', is integer. Since the LP
optimum is attained at an extreme point, ZLP(i) =Z lp(i).

It remains to treat the case c; j(]: ;) < 0, which is the
only case that arises: by (29), every objective coefficient

obeys ¢ (L)) = nS(y;,(L,) - AEijJ) < —E <o,
because S(-) € (0, 1] renders the log-fidelity term non-
positive while 4 > 0 and El.(ij) > 0. Let x* denote an
optimal extreme point, which is integer by the argument
above. A maximizer exists because the feasible set is closed
and bounded by the unit box (30d). Under the unit demands
bi1 € {+1,0,-1}, flow decomposition [3] writes X* as a
single s;—d; path superposed with a finite family of arc-
disjoint directed cycles. Suppose a cycle C lies in its support.
Zeroing the arcs of C preserves flow conservation and cannot
increase any rjl., so feasibility is retained. Yet the objective
changes by — Z([’ hec G j(]: ;) > 0 precisely because the
coefficients are negative. This contradicts optimality; hence
no cycle survives, and x* is the incidence vector of a simple
s;—d; path. Were the coefficients along some cycle non-
negative, that cycle could be saturated at no cost. In that
scenario, the integer optimum attaining Z; p(L) = Zp(L)
would encode a circulation rather than a feasible single-
commodity route. O
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