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Abstract 
Proportionally fair (PF) controller placement, introduced in [1] and formal-
ised in [2] with Logistic Regression and Random Forest estimators of the pair-
wise coverage matrix Π on topological features, and extended in [3] to agri-
cultural sensor coverage, is the framework this paper evaluates. This paper 
stress-tests that pipeline: we replace the topological-feature classifiers with a 
graph-native estimator (a two-layer GraphSAGE encoder with a pairwise 
readout) and probability-profile clustering with embedding-space clustering, 
keeping the linearised PF objective, the partition-matroid constraint, and the 
heap-based selection rule unchanged. The four resulting estimators are evalu-
ated on Barabási-Albert topologies of 75, 300, and 500 nodes along four axes: 
worst-case placement quality, training wall-clock time, expected calibration er-
ror, and interpretability. Logistic Regression delivers the highest worst-case cov-
erage at moderate-to-heavy attack intensities (run-mean margins up to 3.8 func-
tional nodes at 75 and 20.0 at 300), trains roughly 24× faster than GraphSAGE at 
500 nodes, gives raw probabilities better calibrated than the deep estimator (ECE 
0.064 versus 0.237, both ≈ 0.07 after isotonic regression), and remains directly 
inspectable through its per-feature coefficients. GraphSAGE surpasses neither 
supervised baseline on any axis. The result is qualified and scale-dependent. 
One component of the deep pipeline does produce a measurable gain: embed-
ding-space K-means surpasses probability-space K-means by 19.34 functional 
nodes at 300 and 4.33 at 500 while trailing by 1.40 at 75. Within the empirical 
scope of this study (synthetic Barabási-Albert topologies of 75, 300, and 500 
nodes; failure model with 12% targeted removals of high-betweenness nodes 
plus 88% uniform random removals), the recommended deployment config-
uration retains Logistic Regression as the production estimator of Π and con-
fines the deep encoder to the clustering step on topologies above the regime-
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transition size. Generalisation to operational SDN backbones, to graphs of 
substantially different degree distribution, or to adaptive-adversary attack 
models is outside the empirical scope and is listed as a limitation in Section 8. 
 

Keywords 
Software-Defined Networking, Controller Placement, Proportional Fairness, 
Graph Neural Networks, Empirical Comparison, Calibration, Network 
Resilience 

 

1. Introduction 

Software-Defined Networking (SDN) [4] [5] decouples the control plane from the 
data plane, shifting the complexity of network management into a logically cen-
tralised set of controllers. The placement of these controllers determines latency, 
load balance, and (the focus of this paper) the resilience of the network to failures 
and targeted attacks [6] [7]. This is the Controller Placement Problem (CPP). 

In our prior work [1] [2], we formulated the CPP as a proportional fairness (PF) 
optimisation problem, showed that the PF objective can be linearised into a per-
site score (defined formally in Section 3), and argued that the selection of B  
controllers reduces to choosing the B  candidates with the lowest score. The key 
difficulty was estimating the coverage probability matrix [ ]knπΠ =  under failure 
and distributed-denial-of-service (DDoS) scenarios. We addressed the estimation 
of Π in two stages: first an analytical empirical-frequency baseline, then super-
vised learning (Logistic Regression and Random Forest [8]) over topological fea-
tures of failure-induced subgraphs. A subsequent extension to agricultural low-
power wide-area sensor networks [3] showed that the same pipeline applies with-
out modification to sensor-to-zone coverage problems, and that pairing the learned 
Π with a clustering-based diversity constraint (K-means on probability profiles, 
distance-based clustering, DBSCAN, or similarity thresholding) is essential to 
avoid spatially or functionally redundant selections. 

Motivation for a deep-learning extension. Two intrinsic limitations of the 
random-forest pipeline motivate the present work. First, the input of the problem 
is a graph, yet it is not treated as such: it is compressed into a fixed-length vector 
of topological descriptors (degrees, centralities, hop distances, path counts, node-
disjoint path counts), and any structural information not captured by this fixed 
feature set is lost. Second, the clustering step used to enforce diversity operates on  
the output probability profiles ( )ˆk kn nπ

∈
=


π : two candidates that produce simi-

lar rows of Π are grouped together regardless of whether their structural roles  
differ, and two structurally similar candidates may be placed in different clusters 
because of noisy per-pair predictions. Graph Neural Networks (GNNs) [9]-[11] 
are, by construction, function classes over graphs. They subsume degree, local 
clustering, and multi-hop neighbourhood statistics as special cases, and produce 
dense node embeddings whose geometry reflects structural equivalences that no 
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scalar probability profile captures. Whether either of these intrinsic limitations is 
the binding constraint on placement quality at the topology sizes studied is itself 
an empirical question, one that the experiments of Section 6 answer in the nega-
tive for the topology family studied. 

Contributions. Building on [1]-[3], this paper introduces four contributions: i) 
a complete deep-learning instantiation of the proportionally fair pipeline, com-
prising a GraphSAGE encoder, a pairwise readout for Π, and a clustering step 
performed in the learned embedding space; ii) a controlled empirical compari-
son of this instantiation with the Analytical, Logistic Regression, and Random 
Forest estimators of [2] on synthetic Barabási-Albert topologies of 75, 300, and 
500 nodes, under a single placement protocol; iii) a four-axis characterisation of 
the deep estimator (worst-case placement quality, training wall-clock time, ex-
pected calibration error, and interpretability), on which the classical estimators 
dominate every one of the four axes; iv) a qualified, scale-dependent observation 
that embedding-space K-means surpasses probability-space K-means on the two 
larger topologies, together with a deployment recommendation that retains Lo-
gistic Regression as the production estimator and confines the GraphSAGE en-
coder to the clustering step on topologies above the regime-transition size. The 
result is consistent with recent reports that added model complexity is not, by 
itself, a sufficient condition for improved performance on structured prediction 
problems [12] [13]. 

The remainder of the paper is organised as follows. Section 2 reviews related 
work; Section 3 recalls the PF formulation; Section 4 introduces the GNN archi-
tecture, training, and complexity, including the formal observation that justifies 
embedding-space clustering; Section 5 develops that clustering; Section 6 reports 
experiments and ablations; Sections 7 - 9 discuss future work, limitations, and 
conclusions. 

2. Related Work 

The present paper sits at the intersection of four literatures. 
Controller placement in SDN. The Controller Placement Problem was intro-

duced by Heller et al. [14] as a facility-location variant in which the number and 
position of controllers determine propagation delay and reliability. Subsequent 
work relaxed the single-controller assumption [6], considered elastic distributed 
controllers [7], and explicitly accounted for reliability and failure cascades [15] 
[16]. None of these works uses learned representations of the network graph; the 
present paper addresses that gap. 

Proportional fairness and equitable optimisation. Proportional fairness was 
introduced by Kelly, Maulloo, and Tan [17] and subsequently generalised to a 
broad family of equitable resource-allocation problems [18] [19]. Our prior work 
[1] [2] linearises the PF objective for binary placement decisions; the present pa-
per preserves that linearisation unchanged. 

Graph neural networks for combinatorial problems. Graph Convolutional 
Networks (GCN) [9], GraphSAGE [10], and Graph Attention Networks (GAT) 
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[11] are the canonical message-passing architectures we consider. The use of 
GNNs for combinatorial optimisation was pioneered by Khalil et al. [20], ex-
tended to attention-based encoders for routing by Kool et al. [21], and to maxi-
mum independent set by Li, Chen, and Koltun [22]. Gasse et al. [23] accelerate 
mixed-integer programming with learned branching heuristics, and Almasan et 
al. [24] combine deep reinforcement learning with GNNs for SDN routing. We 
use a GNN as a pure estimator of pairwise coverage inside an otherwise classical 
PF pipeline, which allows the gain from learning to be attributed to the estimator 
rather than confounded with a learned selection rule. 

Calibration of probabilistic predictors. Because Π enters the PF score through 
a logarithm, miscalibration of ˆknπ  distorts the objective directly. We rely on 
Platt scaling [25], isotonic regression [26], and the analysis of [27] [28], and quan-
tify calibration via the Expected Calibration Error (ECE) in Section 6. The cali-
bration disadvantage of cross-entropy-trained deep models established in [28] is 
reproduced by our experiments and motivates the inclusion of post-hoc isotonic 
regression in the deep pipeline. 

Limits of deep learning on structured prediction. A growing body of evidence 
shows that on tabular and structured-prediction problems, classical estimators 
such as gradient-boosted trees and regularised linear models remain competitive 
with deep architectures [12] [13] [29]. The mechanisms identified in that litera-
ture (sensitivity to uninformative features, weaker inductive bias on heterogene-
ous data, and a higher tendency to produce over-confident probability estimates) 
are directly relevant to the controller placement setting: the input is a graph, but 
the supervised signal is a per-pair binary connectivity label that classical estima-
tors model accurately. 

The four threads above leave a clear methodological and empirical gap. The PF 
controller placement framework treats Π as exogenous, yet neither the classical 
estimators nor existing GNN-for-combinatorial-optimisation work produces a 
calibrated, graph-native estimator of Π together with a clustering step that exploits 
the same learned representation. No controlled comparison of such an estimator 
against the classical baselines yet exists. Section 3 recalls the PF formulation that 
fixes our problem; Sections 4 - 5 develop the deep-learning instantiation; Section 
6 reports the controlled comparison. 

3. Preliminaries 
We adopt the notation of [2]. Let ( ),G =    be the directed graph of the SDN 
with node set   and links  , and let ⊆   be the set of candidate con-

troller locations. A placement is a binary vector { }0,1y∈   with kk y B
∈

=∑ 
, 

where B  is the controller budget. The exogenous quantity is the pairwise cover-
age probability matrix [ ] ,kn k nπ

∈ ∈
Π =

 
, whose entry knπ  denotes the probabil-

ity that a controller installed at k  remains connected to node n  under the op-
erational failure distribution. In the present paper, Π is produced by a graph neu-
ral network; in [2] it was produced either by empirical frequency or by a Logistic 

https://doi.org/10.4236/jcc.2026.145004


I. Shinko et al. 
 

 

DOI: 10.4236/jcc.2026.145004 58 Journal of Computer and Communications 
 

Regression or Random Forest classifier. 
The PF objective in Equation (1) below is exact under the working assumption, 

inherited from [1], that per-controller coverage events are independent across k . 
Section 8 discusses this assumption as the principal source of model risk shared 
by all four estimators of Π in this paper. After the linearisation of [1], the PF ob-
jective reduces to  

 
{ }

( )

( )
{ }

( )
0,1

\

min s.t. ,

with log 1 ,

k k
y k k

kn
n k

k y y B

k

ω

ω π
∈ ∈ ∈

∈

=

= −

∑ ∑

∑


 



 (1) 

solved by selecting the B  sites with the smallest ( )kω  in ( )logO B+   

time using a heap. To avoid spatially or functionally redundant selections, [2] adds 

a partition-matroid constraint 1
r kk y

∈
≤∑   over a clustering { } 1

R
r r=  of the 

candidates, with R B≥ . Given { }r  and Π, Eqution (1) augmented with this 
constraint admits a closed-form solution: iterate through candidates in ascending 
order of ( )kω  and pick each unless its cluster is saturated. The modelling 

choices that remain are therefore the estimator of Π and the clustering { }r . Ta-
ble 1 summarises how our pipeline differs from [2] [3]. 
 

Table 1. Pipeline comparison. The three rows capture the prior work and the present extension. 

Method family Estimator of Π Features Clustering space 

Analytical [2] Empirical frequency None Probability profiles 

Supervised ML [2] [3] Logistic or Random Forest [8] 
Topological (distances, degrees, 

centralities, path counts) 
Probability profiles 

GNN Message-passing GNN Learned end-to-end from adjacency Learned embeddings 

 
The rest of the paper instantiates these two design choices: Section 4 develops 

the GNN-based estimator of Π, and Section 5 develops the embedding-space clus-
tering. Both inherit the linearised PF objective and the heap-based selection rule 
of [2] unchanged. 

4. Graph Neural Network for Coverage Estimation 
Problem statement. Given the intact graph G , we seek a function fθ  that, 

for every candidate site k∈  and every node n∈ , returns a calibrated prob-
ability ( )ˆ 0,1knπ ∈  that a controller placed at k  remains connected to n  un-
der the failure-scenario distribution of [2]. The input of fθ  at inference time is 
the intact graph; the failure scenarios are used only during training. 

Encoder. Let 0d
vx ∈  be the initial feature vector of node v . On the syn-

thetic Barabási-Albert topologies of Section 6 the implementation uses 0 3d =  

with ( ) ( ) ( )( )1 2pos ,pos ,deg 10v v v Gx v= , where ( ) ( )( )1 2pos ,posv v  are the two-dimen-

sional coordinates produced by a fixed-seed force-directed embedding (no phys-
ical SDN coordinates are claimed) and the degree term is rescaled by a factor of  
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10 to keep the three entries on a comparable numerical range. On topologies for 
which an SDN inventory provides physical coordinates (latitude, longitude, rack-
position) the same 0 3d =  vector is reused with the physical coordinates substi-
tuted in place of the force-directed ones, so the encoder architecture does not re-
quire modification. Clustering coefficients, centralities, and path counts are delib-
erately not pre-computed, since the role of the encoder is to learn such quantities 
from { }vx  when useful. We use 2L =  layers of GraphSAGE [10] with mean 
aggregation:  

 ( ) ( ) ( ) ( )

( ) ( )

( ) ( )1 0
self agg

1ReLU , ,v v u v v
u v

h W h W h h x
v

+

∈

 
= + ⋅ =  

 
∑    


 (2) 

with hidden dimension 64D =  and 2  normalisation of ( )L
vh . We adopt 

GraphSAGE with 2L =  as the canonical configuration because i) the three ar-
chitectures lie within ≈1.5 functional nodes of one another at every depth (Section 
6.3), well inside the run-to-run noise; ii) GraphSAGE is the inductive variant in 
the canonical message-passing taxonomy and therefore the most relevant baseline 
against the topological-feature classifiers of [2]; and iii) reporting a single archi-
tecture in the main tables avoids confounding the four-axis comparison with 
within-deep-family variation. The ablation in Section 6.3 verifies that the negative 
result is invariant to this choice. 

Pairwise readout. For a candidate-node pair ( ),k n , the coverage probability 
is obtained via a small multi-layer perceptron (MLP):  

 ( ) ( ) ( ) ( )( )( )Mˆ LP ,L L L L
kn k n k nh h h hπ σ  =      (3) 

where   is concatenation,   the element-wise product, and σ  the logistic 
function. The MLP maps 3D →   via one hidden layer of width 64 with ReLU 
activation and dropout 0.2. The diagonal entries ˆkkπ  are excluded from the PF 
score by convention, since a controller trivially covers the node it occupies; the 
summation in Equation (1) and in every subsequent occurrence of ( )ˆ kω  ranges 
over { }\n k∈ .1 

Training. The training dataset is built as in [2]. For each of the S  failure sce-

narios σ , we compute the surviving subgraph Gσ  and assign every ( ),k n  the 

binary label ( ) { }, 0,1k nσα ∈  indicating whether n  remains connected to k  

in Gσ , where  ˆkn
σπ  denotes the readout output when the encoder is fed Gσ . The 

population loss is the binary cross-entropy (BCE)  

 ( ) ( ) ( )( ) ( )   

, ,

1      , lo ˆ ˆg 1 , log 1 .
    kn kn

k n
k n k n

S
σ σ σ σ

σ
θ α π α π = − + − − ∑

 
 (4) 

During training the encoder is fed Gσ , forcing the message-passing filters to 
encode local redundancy rather than fit a single topology. Inferring on the intact 
graph G  while training exclusively on the damaged subgraphs { }Gσ  is a de-

 
1Probabilities are clipped to [ ],1−   with 610−=  before evaluation of ( )kω  to prevent the nu-

merical overflow that would arise if ˆ 1knπ → ; the clip is inactive on the calibrated outputs reported in 

this paper. 
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liberate approximation, not an implementation artefact: the encoder is trained to 
recover the local-redundancy signal that nodes expose under failure, then trans-
ferred to the intact graph to produce coverage probabilities that are interpretable 
against the failure distribution from which the test scenarios are drawn. The train-
test mismatch may bias Π̂  in either direction (over-estimation if the encoder 
over-relies on edges absent from { }Gσ , under-estimation if it discounts surviv-
ing high-degree paths), and we control for this bias in two ways: post-hoc isotonic 
regression on a held-out scenario pool (Section 6.4), and the calibrated-ECE 
measurements that bound the residual miscalibration of the deep estimator at 
≈0.07. The empirical evidence is that the post-calibration bias is small enough not 
to invert any of the four-axis comparisons reported in Section 6. At inference, the 
encoder is applied to G , producing the Π matrix fed into the PF score ( )kω . 
Output probabilities are calibrated by post-hoc isotonic regression [26] [27] on a 
held-out set of 50 scenarios at 10Fσ = , the same pool used for the ECE meas-
urement of Section 6.4; the choice over Platt scaling [25] is justified by the non-
monotone miscalibration produced by cross-entropy training of the GraphSAGE 
encoder, documented in Section 6.4. Optimisation uses Adam [30] with learning 
rate 10−3, early stopping on the validation BCE, and scenario-grouped cross-vali-
dation. We use scenario-grouped splits throughout: the S  training scenarios 
are partitioned 80/20 for BCE training and validation (early stopping on the vali-
dation arm); the 50 calibration scenarios are disjoint from both training and vali-
dation arms and are used solely to fit the isotonic regressor; the 50 × 3 test scenar-
ios are disjoint from all of the above and are used solely for the placement metrics 
in Section 6.2 and the ECE measurement of Section 6.4. The full pipeline is de-
picted in Figure 1. 
 

 
Figure 1. Overall GNN-based placement pipeline. The upper row is executed once (offline): failure 
scenarios { }Gσ  are used to train the GraphSAGE encoder fθ  jointly with a pairwise readout 

MLP, producing a calibrated estimator of pairwise coverage ˆknπ . The lower row is executed every 
time the network is re-planned (online): the intact graph G  is passed once through the trained 
encoder to obtain node embeddings, which feed both the K-means clustering that defines the par-
tition-matroid constraint and, via the trained readout, the per-site PF score ( )kω  used to select 

B  controllers. Dashed arrows denote the transfer of learned parameters and predictions from 
offline to online. 
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Algorithmic summary. The full pipeline is summarised in Algorithm. The of-
fline block (steps 1 - 4) is executed once; the online block (steps 5 - 8) runs when-
ever G  is updated. 
 

 
 

Complexity. Let D  be the hidden dimension, L  the GNN depth,   the 
edges in G , S  the training scenarios, and trE  the training epochs. Training 
scales as  

 ( )( )train tr ,T O E S L D D= +    (5) 

which on the 75-node topology of [2] ( 64D = , 2L = , 100S = , tr 20E = ) 
trains in well under a minute on the same commodity CPU used in Table 2. The 
GraphSAGE row of Table 2 is measured on a 60S =  subset of the 100 training 
scenarios at 75 nodes (and on a 50S =  subset at 300 and 500 nodes); the archi-
tecture ablation of Section 6.3 uses a further-reduced 50S =  subset with 

tr 12E = . These subsets are reported explicitly so that the wall-clock figures are 
directly traceable to the simulation scripts. The total online cost is  

 ( )online km log ,T O L D D I R D B= + + +      (6) 

with kmI  K-means iterations. This is linear in the size of the network graph, 
contains no term that scales with S , and retains the closed-form heap complex-
ity of the PF selection from [2]. 

Empirical training cost. The asymptotic bounds above describe how each com-
ponent scales but do not capture the practical wall-clock cost of training the four 
estimators. Table 2 reports wall-clock training times measured on a single com-
modity CPU (no GPU acceleration), so that any difference between rows is at-
tributable to the estimator rather than to the platform. The deep estimator costs 
between roughly 10× and 45× more training time than the supervised baselines 
on every topology tested, with no compensating gain on placement quality (as 
Section 6 will document). The training-cost gap therefore constitutes one of the 
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four axes on which the classical pipeline retains an unambiguous advantage. Wall-
clock figures reflect CPU execution, the realistic deployment target for SDN con-
trollers; on a GPU the absolute GraphSAGE training time would shrink by 
roughly one order of magnitude (small graphs amortise CUDA kernel-launch 
overhead poorly), but the structural gap relative to Logistic Regression would re-
main at approximately one order of magnitude, so the qualitative conclusion is 
hardware-independent. 
 

Table 2. Measured training wall-clock time (seconds) for the four estimators of Π on the three Barabási-Albert topologies. The 
Analytical baseline is dominated by scenario enumeration; the supervised baselines are roughly an order of magnitude faster than 
the GraphSAGE estimator on every topology. Numbers are taken from the simulation logs of the same hardware (commodity CPU). 

Estimator of Π 75=  (s) 300=  (s) 500=  (s) 

Analytical (empirical frequency) 2.6 25.5 22.6 

Logistic Regression 0.9 2.0 1.5 

Random Forest 2.4 3.6 3.8 

GraphSAGE 40.9 41.4 36.7 

 

Remark on embedding-space clustering. Let ( ) ( )( )ˆ ,L L
kn k ng h hπ =  be the 

readout head of Equation (3), let ( )ˆk kn nπ
∈

=


π  denote the output-space profile of 

candidate k , and let ( ) ( ){ }\
ˆ ˆlog 1 knn kkω π

∈
= −∑   denote the plug-in PF score. 

Since g  is deterministic, ( ) ( )
1 2

L L
k kh h=  trivially implies 

1 2
 k k=π π  and hence 

( ) ( )1 2ˆ ˆk kω ω= ; the converse fails in general because the readout may collapse  

different directions of the embedding space onto the same per-pair probability. 
Embedding-space partitions are therefore at least as expressive as probability-
space partitions in distinguishing candidates relevant to the PF score. Whether 
the converse-gap (structurally distinct but profile-equivalent sites) is empirically 
populated on a given topology is an empirical question that the experiments of 
Section answer: on the 75-node graph the ablation in Section 6.3 shows the gap is 
essentially empty (probability-space K-means slightly leads), while at 300 and 500 
nodes Section 6.5 shows it is substantial. 

5. Embedding-Space Clustering 
In [2], the diversity step partitions   via K-means on the probability profiles 

[ ]k kn nπ
∈

= ∈ 


π . This is an output-space representation, with two failure  

modes: two candidates with different structural roles can fall in the same cluster 
because the readout assigns them similar probability rows (a profile collision), 
while two structurally equivalent candidates can fall in different clusters because 
of noisy per-pair predictions. Both failure modes weaken the partition-matroid  
constraint 1

r kk y
∈

≤∑  , since the constraint is only as informative as the parti-

tion { }r  it operates on. 
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The remark on embedding-space clustering in Section 4 provides the formal 
motivation for clustering one level upstream of the readout. Embedding equality 
is a strictly stronger condition than profile equality, so embedding-space parti-
tions are at least as expressive as probability-space partitions in distinguishing 
candidates relevant to the PF score ( )kω . The expressiveness is potential rather 
than guaranteed; whether it materialises in placement gains depends on the ge-
ometry of ( ){ }L

kh  on the actual topology, an empirical question we examine in 
Section 6. 

Operationally, after training, we extract ( )L D
kh ∈  for every k∈ , run K-

means with R B≥ , and feed the resulting partition { } 1
R

r r=  unchanged into the 

partition-matroid constraint of [2]. The PF selection rule then operates on the 
sites with the smallest ( )kω  subject to one pick per cluster, retaining the closed-

form heap complexity established in Section 4. The number of clusters R  is cho-
sen by silhouette score [31], constrained from below by B  to preserve feasibility. 
Silhouette is evaluated over { }, ,2R B B∈  , K-means uses K-means++ initialisa-

tion with 10 restarts, and the partition reported is the one with the highest silhou-
ette in that range; ties are broken by smallest R . 

Sections 4 - 5 therefore complete the deep-learning instantiation of the PF pipe-
line. The next section evaluates this instantiation against the classical baselines of 
[2] and quantifies the practical gain attributable to each component through ded-
icated ablations. 

6. Preliminary Experimental Evaluation 
6.1. Setup 

We use a 75-node synthetic topology built from a Barabás-Albert backbone with 
additional long-range edges, which produces the high-betweenness critical nodes 
targeted in DDoS-type attacks, matching the size and structural family of the to-
pology studied in [2]. Each failure scenario σ  is generated by removing Fσ  
nodes from  , of which a fraction 0.12ρ =  are drawn from the high-be-
tweenness tail of G  (top-betweenness nodes under static centrality computed 
once on the intact graph) and the remaining 1 ρ−  are drawn uniformly at ran-
dom without replacement. Betweenness is not recomputed between successive 
removals within a scenario; this static targeting matches an attacker who selects 
targets from off-line reconnaissance of the topology and is the protocol used in 
[2]. The intensity set is { }7,10,13Fσ ∈  at 75 nodes (about 9% - 17% of  ), 
{ }30,40,50  at 300 nodes (about 10% - 17%), and {50, 70, 90} at 500 nodes (about 
10% - 18%); the proportional coverage is therefore comparable across scales. The 
T  independent runs differ only in the K-means random seed, while the failure-
scenario seeds are fixed across all four estimators of Π so that every method sees 
the same scenarios. We generate 50 test scenarios per intensity. For each configu-
ration, we report the average over 5T =  independent runs that differ only in the 
K-means random seed, so that run-to-run variance reflects clustering stochastic-
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ity. The controller budget is 7B =  for the 75-node experiment reported in Sec-
tion 6.2; the scaled values for the 300-node and 500-node experiments are stated 
in Section 6.5. Throughout this paper, the candidate set coincides with the node 
set, =  , so { }75,300,500= ∈   across the three topologies; the con-
troller budget scales as 7,15,25B =  respectively, and the silhouette-based num-
ber of K-means clusters is { }, ,2R B B∈   in every run. The GNN is trained on 
a disjoint set of 100 scenarios drawn i.i.d. from the failure distribution that mixes 

{ }7,10,13Fσ ∈  uniformly, a further 50 scenarios at 10Fσ =  are set aside for 
calibration and ECE measurement, and the test pool of 50 scenarios per intensity 
is generated under a separate seed so that no scenario appears in both pools. The 
300-node and 500-node experiments of Section 6.5 use the analogously mixed 
training distributions { }30,40,50Fσ ∈  and { }50,70,90Fσ ∈  respectively, 
drawn from train 80S =  scenarios at both scales. Coverage is defined with hop 
limit 3H = . All four estimators (Analytical empirical-frequency, Logistic Re-
gression, Random Forest, and the GNN) are run under the same PF selection pipe-
line and the same test-scenario pool, so that any difference in Tables 3-7 is at-
tributable to the estimator of Π (or, in the ablations, to the clustering). A node 
n∈  is functional in scenario σ  if n Fσ∉  and there exists a selected con-
troller k  with 1ky =  such that the shortest-path distance from k  to n  in 
Gσ  is at most H ; the worst-case number of functional nodes is  

{ }min : is functional undern nσ σ . All reported standard deviations are sample 
(Bessel-corrected) standard deviations over the T  independent runs. All scripts, 
fixed seeds, library versions, and raw JSON outputs are bundled with the submis-
sion archive so that every table in this section is reproducible end-to-end on a 
commodity CPU. 

6.2. Results 

Table 3 and Table 4 report the mean and worst-case number of functional nodes 
over the test scenarios (50 per intensity, three intensities), for all four estimators 
combined with K-means clustering. The GNN row corresponds to the pipeline of 
Figure 1: GraphSAGE encoder, pairwise readout for Π, and K-means on node 
embeddings. 
 

Table 3. Mean number of functional nodes after attacks ( 7B = , K-means clustering, 75,50=  test scenarios per intensity, 

mean ± standard deviation over 5T =  independent runs). On mean coverage, all four estimators lie within the standard deviation 
of one another, indicating that at this topology size, the choice of Π estimator does not dominate the downstream PF selection. 

Method 7Fσ =  10Fσ =  13Fσ =  

Analytical (Manual) [2] 67.89 ± 0.07 64.83 ± 0.07 61.39 ± 0.08 

Logistic Regression [2] 67.94 ± 0.02 64.93 ± 0.04 61.53 ± 0.03 

Random Forest [2] 67.94 ± 0.03 64.90 ± 0.01 61.47 ± 0.05 

GNN 67.93 ± 0.02 64.87 ± 0.04 61.43 ± 0.02 
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Table 4. Worst-case number of functional nodes over the test scenarios ( 7B = , K-means clustering, mean ± standard deviation 
over 5T =  runs). The picture is more differentiated than for mean coverage: Logistic Regression produces the highest worst-case 
coverage at the two higher intensities, while the GNN ties the best method only at the lightest intensity. These results show that on 
a 75-node topology, topological features remain competitive with learned ones, and that any advantage of GNNs must be sought 
either at larger scale or through the architectural extensions outlined in Section 7. 

Method 7Fσ =  10Fσ =  13Fσ =  

Analytical (Manual) [2] 66.20 ± 0.40 62.40 ± 1.02 52.20 ± 3.19 

Logistic Regression [2] 66.40 ± 0.49 63.80 ± 0.40 56.00 ± 0.89 

Random Forest [2] 66.60 ± 0.80 63.20 ± 0.40 53.00 ± 1.26 

GNN 66.80 ± 0.40 61.60 ± 1.50 52.20 ± 0.40 

 
The results reveal that no single estimator dominates across the two metrics. 

On mean coverage (Table 3), the four methods are statistically indistinguishable: 
the standard deviations are larger than the gaps between estimators of Π, so at this 
topology size, the choice of Π estimator does not dominate the downstream PF 
selection. The data presented here do not, by themselves, decompose the variance 
in placement quality between the clustering step and the estimator of Π; we there-
fore concentrate the rest of the comparison on worst-case coverage, where the 
methods separate beyond noise. The remainder of the comparison concentrates 
on worst-case coverage rather than mean coverage. The PF placement framework 
targets resilience under failure and adversarial attack, and the operationally con-
sequential quantity is the lower envelope of coverage across scenarios, not its av-
erage; mean coverage obscures the catastrophic scenarios that the PF objective is 
designed to mitigate. We therefore retain mean coverage as a consistency check 
(where the four estimators agree) and adopt worst-case coverage as the discrim-
inating metric for the rest of the paper. On worst-case coverage (Table 4), the 
methods separate clearly: Logistic Regression achieves the best worst-case cover-
age at the two higher intensities ( { }10,13Fσ ∈ ), outperforming both Random 
Forest and the GNN by 0.6 to 3.8 functional nodes. The GNN matches the best 
method at 7Fσ =  but trails at the higher intensities. Figure 2 visualises this 
pattern. 

As a robustness check on the run-mean magnitudes reported in Table 4, we re-
ran the placement pipeline with seeded RNGs and computed a one-sided paired 
Wilcoxon signed-rank test on the per-run worst-case-functional-node vectors 
across the 5T =  runs, paired by K-means seed for each scenario pool, with the 
alternative that Logistic Regression dominates GraphSAGE. The observed p-val-
ues are 0.625 at 7Fσ = , 0.156 at 10Fσ = , and 0.531 at 13Fσ = ; the paired-
bootstrap 95% confidence intervals for the worst-case gap are [−1.80,+1.20], 
[−0.40,+3.20], and [−2.20,+1.40] functional nodes respectively. At 5T = , the test 
has limited statistical power; we report it here as a robustness check supporting 
the run-mean direction at 10Fσ =  rather than as an independent certification 
of the magnitudes in Table 4. 
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Figure 2. Worst-case functional nodes across attack intensities ( 7B = ). Error bars denote ±1 standard deviation over 

5T =  independent runs. Under light attacks ( 7Fσ = ) all four methods cluster tightly around 66 - 67 functional nodes. 

Under heavier attacks, Logistic Regression achieves the highest worst-case coverage; the GNN remains competitive but 
does not surpass it on this 75-node instance. The standard deviation of the GNN is consistently small under this protocol, 
consistent with run-to-run variability driven primarily by K-means initialisation rather than by the estimator; we do not 
present this observation as a full variance decomposition. 

6.3. Ablation Studies 

To disentangle the contributions of the two design choices (the GNN estimator of 
Π and the embedding-space clustering), we run two ablations, each varying one 
component at a time while holding the rest of the pipeline fixed. All ablation num-
bers use the intermediate attack intensity 10Fσ =  and report worst-case cover-
age, the metric where all methods separate most clearly. 

A1. Architecture. We vary the encoder in {GCN [9], GraphSAGE [10], GAT 
[11]} and the number of layers in {1, 2, 3}, holding the readout, training recipe, 
and clustering fixed. Results in Table 5 show that i) the three architectures lie 
within ≈1.5 nodes of each other at every depth, well within the run-to-run noise 
of the main experiment, and ii) GCN is marginally best on this instance. These 
observations indicate that the choice of architecture is not a dominant factor on a 
graph of this size: at the comparable attack intensity 10Fσ = , the best GNN con-
figuration (GCN at 1L = , 64.00) is marginally above the Logistic Regression run-
mean of 63.80 reported in Table 4—a difference well inside the run-to-run spread 
of both methods—while the remaining seven architecture-depth combinations 
trail it. The main four-axis conclusion of Section 6.2 therefore does not depend 
on the specific GNN architecture chosen. 

A2. Clustering space. The GraphSAGE estimator of Π is held fixed and only 
the clustering is varied: probability-space K-means (as in [2]), DBSCAN in em-
bedding space, similarity thresholding on probability profiles, and embedding-
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space K-means. Table 6 reports the outcome. On this 75-node topology, proba-
bility-space K-means outperforms embedding-space K-means by approximately 
1.4 functional nodes on worst-case coverage. Density-based and similarity-
thresholded alternatives perform noticeably worse. The remark on embedding-
space clustering in Section 4 remains formally correct (embedding equality im-
plies profile equality), but the converse-gap it exploits does not materialise empir-
ically at this scale. We return to this observation in Section 8. 
 

Table 5. A1: Architecture ablation. Worst-case functional nodes at 10Fσ = , 7B = , embedding-space K-means, averaged over 

5T =  runs. 

Encoder 1L =  2L =  3L =  

GCN [9] 64.00 63.60 63.60 

GraphSAGE [10] 62.80 63.00 62.80 

GAT [11] 62.80 63.20 62.40 

 
Table 6. A2: Clustering ablation. Worst-case functional nodes at 10Fσ = , 7B = , GraphSAGE estimator of Π, averaged over 

5T =  runs. Probability-space clustering achieves the highest worst-case coverage on this instance; embedding-space clustering is 
second. 

Clustering method Worst-case 

K-means on probability profiles (as in [2]) 63.00 

K-means on embeddings 61.60 

Similarity threshold on probability profiles 50.00 

DBSCAN on embeddings 48.00 

6.4. Calibration Analysis 

We now turn from the geometry of the clustering step to the calibration of the 
probability matrix that feeds the PF score, the second axis on which the four esti-
mators differ. Because Π enters the PF score through a logarithm, a well-calibrated 
π̂  matters beyond raw classification accuracy: systematic over- or under-estima-
tion of coverage distorts ( )kω  non-linearly. We measure calibration via ECE 
[28] on a separate pool of 50 scenarios at 10Fσ = , with 10M =  equal-width 
bins:  

 ( ) ( )
1

ECE acc conf ,
M

m
m m

m

B
B B

N=

= −∑  (7) 

where mB  is the set of predictions in bin m . Table 7 reports ECE before and 
after post-hoc isotonic regression. Two observations are worth highlighting. 
First, uncalibrated ECE varies widely across estimators: Random Forest pro-
duces the best-calibrated raw probabilities (ECE = 0.026), while the GNN is the 
most over-confident (ECE = 0.237), an instance of the general finding of [28] 
that deep networks trained with cross-entropy tend to be miscalibrated by default. 
Second, after post-hoc calibration all four estimators converge to a narrow band 
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( [ ]0.066,0E E 2C .07∈ ); the differences are then much smaller than the statistical 
uncertainty of downstream placement quality, which explains why calibration is 
not by itself a lever for performance on this topology. 
 

Table 7. Expected Calibration Error (lower is better). Evaluated on a held-out pool of 50 scenarios at 10Fσ = , 10M =  bins. 

After calibration the four estimators converge; before calibration, the GNN is substantially worse, consistent with the known ten-
dency of cross-entropy-trained deep models to be over-confident [28]. 

Estimator of Π ECE (uncalibrated) ECE (calibrated) 

Analytical (Manual) 0.040 0.072 

Logistic Regression 0.064 0.069 

Random Forest 0.026 0.066 

GNN 0.237 0.070 

 
Figure 3 visualises the ECE values of Table 7 as a grouped bar chart. The GNN’s 

tall uncalibrated bar is characteristic of over-confident deep networks [28]; post-
hoc calibration reduces all four estimators to a similar regime. A per-bin reliability 
diagram is omitted because the distribution of predicted probabilities is concen-
trated near the base rate of connectivity (≈0.7 on this topology), leaving several of 
the ten bins empty for every method; ECE aggregates over bin occupancy and re-
mains meaningful in this regime. The practical implication is that calibration is a 
necessary preprocessing step for using the raw GNN probabilities inside  
( ) ( ){ }\ log 1 ˆknn kkω π

∈
= −∑  , but it is not by itself sufficient to lift the GNN above 

Logistic Regression on the placement metrics of Table 3 and Table 4. 
 

 
Figure 3. Calibration error before and after isotonic regression. Uncalibrated ECE varies widely across the four estimators, 
with the GNN being the most over-confident. After post-hoc calibration, all four methods converge into a narrow band 
(0.066 - 0.072), so calibration is no longer a differentiator at inference time. 
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6.5. Scale Sensitivity: 300-Node and 500-Node Validations 

The 75-node experiment leaves open whether the observed trends are an artefact 
of the topology size or hold more broadly. To probe this, we replicate the full pipe-
line on a 300-node Barabási–Albert topology with proportionally scaled parame-
ters ( 15B = , { }30,40,50Fσ ∈ , 30R = , train 80S = , 30 test scenarios per inten-
sity, 3T =  runs). Coverage is computed with the same hop limit 3H =  as in 
Section 6, so the per-controller reach scales sub-linearly with  ; we report this 
choice rather than scaling H  with diameter to keep the placement protocol iden-
tical to [2]. Table 8 and Table 9 report the outcome. 
 

Table 8. Worst-case functional nodes on the 300-node topology ( 15B = , K-means clustering in estimator-appropriate space, mean 
± standard deviation over 3T =  runs). Logistic Regression continues to produce the highest worst-case coverage, consistent with 
the 75-node results in Table 4. 

Method 30Fσ =  40Fσ =  50Fσ =  

Analytical (Manual) [2] 215.33 ± 2.87 189.33 ± 8.22 177.00 ± 2.16 

Logistic Regression [2] 223.33 ± 7.13 209.67 ± 4.92 189.67 ± 4.03 

Random Forest [2] 219.67 ± 1.70 201.33 ± 3.40 190.33 ± 8.22 

GNN 216.00 ± 14.97 189.67 ± 12.23 189.33 ± 13.89 

 
At 300 nodes, the estimator ranking is preserved: Logistic Regression and Ran-

dom Forest lead, the Analytical baseline trails, and the GNN is competitive at the 
lightest intensity but exhibits the highest run-to-run variance. The conclusion of 
Section 6 that the estimator of Π is not the binding constraint on placement qual-
ity therefore extends to the larger graph. The clustering-space ablation, however, 
reverses this outcome: 
 

Table 9. Clustering-space ablation on the 300-node topology (GraphSAGE estimator of Π, 40Fσ = , 15B = , mean over 3T =  

runs). Embedding-space K-means outperforms probability-space K-means by approximately 19 functional nodes, reversing the 
ranking observed at 75 nodes in Table 6. 

Clustering method Worst-case 

K-means on probability profiles (as in [2]) 170.33 

K-means on embeddings 189.67 

 
Embedding-space K-means leads by 19.3 functional nodes at 300 nodes, revers-

ing the ranking observed at 75 nodes (Table 6). We interpret this crossover as 
empirical support for the mechanism implied by the remark on embedding-space 
clustering in Section 4: as the graph grows, profile collisions between structurally 
distinct candidates become more frequent, so probability-space clustering merges 
sites that embedding-space clustering correctly separates. 

To move from a two-point comparison to a three-point scale curve, we run a 
third topology at 500 nodes with proportionally scaled parameters ( 25B = , 

{ }50,70,90Fσ ∈ , 50R = , 3T = ). The same clustering-space ablation is evalu-
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ated at the intermediate intensity ( 70Fσ = ). Table 10 summarises the three 
scales. 
 

Table 10. Three-point scale sweep for the clustering-space ablation (GraphSAGE estimator of Π). emb-profΔ  is the worst-case gain 

of embedding-space K-means over probability-space K-means. The sign flips between 75 and 300 nodes and stays positive at 500 
nodes. 

Topology Fσ  Profile K-means Embedding K-means emb-profΔ  

75 nodes 10 63.00 61.60 −1.40 

300 nodes 40 170.33 189.67 +19.34 

500 nodes 70 377.67 382.00 +4.33 

 
As a robustness check on the run-mean magnitudes in Table 10, we re-ran the 

clustering ablation with seeded RNGs and computed a paired Wilcoxon signed-
rank test on emb-profΔ  across the T  runs at each scale. At 75 nodes, the five 
paired diffs are unanimous in the direction of probability-profile K-means ({−3, 
−1, −1, 0, −1}), confirming the run-mean ranking with paired-bootstrap 95% CI 
[−2.20, −0.40]. At 300 nodes, the per-run diffs are {+4, −18, +52} (mean +12.67, 
CI [−18, +52]); at 500 nodes {+4, −15, +24} (mean +4.33, CI [−15, +24]). At 3T =  
the test has limited statistical power; we report it here as a robustness check sup-
porting the sign of the run-mean direction (positive embedding-space gain at 300 
and 500 nodes, negative at 75 nodes) rather than as a formal certification of the 
magnitudes in Table 10. 
 

 
Figure 4. Three-point scale curve of the clustering-space gap emb-profΔ  (worst-case functional nodes, em-

bedding-space K-means minus probability-space K-means). The sign flips between 75 and 300 nodes and 
stays positive at 500 nodes; the magnitude varies non-monotonically, indicating a regime transition rather 
than a continuous growth law. 

 
The third point confirms persistence of the post-crossover regime: emb-profΔ  

changes sign from negative at 75 nodes to positive at 300 nodes and remains positive 
at 500 nodes. The gain magnitude is not monotonic ( 1.40 19.34 4.33− → + → + ); 
the evidence is therefore consistent with a regime transition above 75 nodes, but 
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the magnitude at 500 nodes is within the run-to-run spread of the worst-case sta-
tistic, so the qualitative sign change rather than the magnitude is the robust find-
ing. A paired comparison over the available 3T =  runs at 300 and 500 nodes 
places the 300-node gap well outside the paired-run dispersion and the 500-node 
gap inside it; we therefore report the sign change as the empirical claim and treat 
the magnitude at 500 nodes as indicative rather than definitive.2 The empirical 
evidence supports the mechanism formalised in the remark on embedding-space 
clustering in Section 4: the embedding-space advantage is no longer a single-scale 
anomaly. Figure 4 visualises the three-point curve. 

6.6. Discussion of Results 

Synthesising the 75-node experiment (Tables 3-7, Figure 2, Figure 3), the 300-
node replication (Table 8, Table 9), and the 500-node extension (Table 10), the 
four-axis characterisation announced in the introduction yields the following out-
come. 

i) Worst-case placement quality. Logistic Regression dominates worst-case cov-
erage at moderate-to-heavy attack intensities on every topology tested. The 
GraphSAGE estimator trails the best baseline by up to 3.8 functional nodes at 75 
nodes and by up to 20.0 at 300 nodes, and matches it only at the lightest attack 
intensity. The estimator of Π is therefore not, by itself, the binding constraint on 
placement quality on Barabási-Albert topologies in this size class within the data 
presented here. 

ii) Training wall-clock time. The empirical measurements in Table 2 show that 
the deep estimator costs between roughly 10× and 45× more training time than 
the supervised baselines at every topology tested (a factor of approximately 45 at 
75 nodes, 20 at 300 nodes, and 24 at 500 nodes relative to Logistic Regression). 
The gap is structural rather than an isolated artefact, since it is reproduced across 
reruns of the same configuration, and it is not compensated by any gain on the 
placement-quality axis. 

iii) Expected calibration error. Before calibration the GraphSAGE estimator is 
the most over-confident of the four (ECE = 0.237 versus 0.064 for Logistic Re-
gression and 0.026 for Random Forest), consistent with the general finding of 
[28]. Post-hoc isotonic regression brings all four methods into a narrow ECE 
band, so calibration is a necessary preprocessing step before substituting  
GraphSAGE outputs into ( ) ( ){ }\

ˆ ˆlog 1 knn kkω π
∈

= −∑  , but is not by itself a lever  

that lifts the deep estimator above the classical baselines on the placement metrics. 
iv) Interpretability. Logistic Regression admits inspectable per-feature coeffi-

cients, and Random Forest admits per-feature importance scores; both are inter-
pretable by network operators without additional tooling. A two-layer GraphSAGE 

 
2The 5T =  runs used at 75 nodes are reduced to 3T =  at {300, 500} for training-cost reasons doc-
umented in Table 2 rather than by methodological choice; the wider error envelopes in Tables 8-10 
reflect this reduction. Per-run paired statistics are bundled with the simulation archive; with 3T =  
the test has limited power and the qualitative sign change remains the load-bearing finding. 
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encoder is not directly interpretable in the same sense; recovering an analogous 
explanation requires post-hoc tooling such as integrated gradients or GNNEx-
plainer [32]. On this fourth axis the deep estimator is therefore dominated by both 
supervised baselines. 

In addition to the four-axis comparison, the clustering-space ablation reveals a 
scale-dependent reversal: probability-space K-means leads by 1.4 functional nodes 
at 75 nodes (Table 6), then trails by 19.3 at 300 nodes (Table 9) and by 4.3 at 500 
nodes (Table 10). The sign change is qualitatively consistent with the mechanism 
formalised in the remark on embedding-space clustering in Section 4: as the graph 
grows, profile collisions among structurally distinct candidates become more fre-
quent, and embedding-space clustering recovers the structural separation that the 
readout collapses. The gain magnitude is non-monotonic in topology size; the em-
pirical evidence supports a regime transition rather than a strict growth law. 

Taken together, the classical pipeline of [2] is the operational choice on this 
problem class across all four axes, while the embedding-space clustering, rather 
than the GraphSAGE estimator of Π, is the only component of the deep pipeline 
that contributes a measurable benefit, and only above a topology-size threshold 
between 75 and 300 nodes. Section 7 discusses the directions in which this con-
clusion can be extended. 

7. Directions for Future Work 

The three-step framework of [1]-[3] (linearised PF objective, learned Π, cluster-
ing-based diversity) is agnostic to the choice of internal estimator, and several ex-
tensions can be pursued independently. Transfer across topologies: a trained 
GNN is a function of the graph, so pre-training on a collection of synthetic topol-
ogies followed by fine-tuning on a target network is a natural extension, unavail-
able to Random Forest since the per-pair feature vector changes meaning with the 
topology. End-to-end differentiable placement: Equation (1) can be relaxed into a 
continuous top-B operator [33], making the whole pipeline trainable under a 
downstream resilience loss. Temporal and heterogeneous graphs: temporal GNNs 
and heterogeneous message-passing generalise the current model when traffic, at-
tack footprints, or node criticality vary across time. Adversarial training: training 
the GNN against an attacker that selects Fσ  to maximise the BCE loss directly 
improves the resilience of the placement against the intensities where current 
methods degrade. Application domains: the agricultural sensor setting of [3] is 
structurally identical to the CPP, and the pipeline transfers to Wi-Fi access-point 
planning [34], 5G/6G edge-server placement, and LoRaWAN gateway position-
ing. None of these directions requires re-deriving the PF objective or the partition-
matroid constraint. Each addresses one of the limitations stated next. 

8. Limitations 

Several limitations qualify the experimental results of Section 6 and motivate the 
directions of Section 7. Scale and topology family: the main experiment uses a 75-

https://doi.org/10.4236/jcc.2026.145004


I. Shinko et al. 
 

 

DOI: 10.4236/jcc.2026.145004 73 Journal of Computer and Communications 
 

node topology and is replicated on 300-node and 500-node topologies (Section 
6.5); all three share the same Barabási-Albert generative family with long-range 
edges, so the empirical conclusions admit no claim of generalisation to opera-
tional SDN backbones such as those catalogued in the Topology Zoo, nor to 
graphs of substantially different degree distribution. Single-instance training: the 
encoder is trained on a single operational topology and must be retrained when 
links are added or nodes retire; the natural remedy (pre-training on synthetic to-
pologies and fine-tuning) is listed as future work. Independence: the PF objective 
of [1] assumes independence of per-controller coverage events, while our GNN 
predicts only marginal ˆknπ  and does not yet model the joint distribution of con-
nectivity events. Hop limit: coverage is defined relative to a fixed hop limit H  
from [2], which we preserve and do not learn. Interpretability: Random Forest 
admits per-feature importance scores that operators routinely consult; a two-layer 
GraphSAGE does not, at least not without additional tooling [32]. Hyperparame-
ter coverage: only encoder architecture and depth were varied in the ablation of 
Section 6.3. A broader sweep over hidden dimension, learning rate, weight decay, 
and learning-rate schedule was not performed; consequently, the negative result 
on the four-axis comparison cannot be definitively attributed to limitations of the 
GNN itself rather than to a sub-optimal hyperparameter setting. The same caveat 
applies to the Logistic Regression and Random Forest baselines, both of which 
were used at scikit-learn’s default settings and could in principle be tuned further. 

9. Conclusions 

This paper closes the present research line on proportionally fair (PF) controller 
placement, begun as a probabilistic-optimisation problem in [1], given a linear-
ised supervised-ML form in [2], and applied in [3] to sensor coverage in agricul-
ture, along the one direction, the prior work had left open: a graph-native learned 
estimator of Π replacing the topological-feature classifiers, and a clustering step 
in the learned embedding space replacing probability-profile clustering, with the 
linearised PF objective, the partition-matroid constraint, the heap-based selection 
rule, and the online cost ( )km logO L D D I R D B+ + +      preserved 
unchanged. Three Barabási-Albert topologies of 75, 300, and 500 nodes are tested 
under a single placement protocol; the controlled comparison validates the classi-
cal pipeline as the operational choice, superior to the deep instantiation on every 
operational axis that determines deployment. 

On worst-case placement quality, Logistic Regression leads by run-mean mar-
gins of 20.0 functional nodes at 300 and 3.8 at 75 under heavy attack; the deep 
estimator does not surpass it at any tested scale within the data presented here. 
GraphSAGE costs roughly 24× more training time than Logistic Regression at 500 
nodes with no compensating placement-quality gain. Uncalibrated GraphSAGE 
is the most over-confident estimator (ECE 0.237 versus 0.064 for Logistic Regres-
sion); post-hoc isotonic regression brings all four into a narrow band (≈0.07), 
making isotonic necessary preprocessing for the deep estimator but not sufficient 
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to lift it above the supervised baselines. Logistic Regression is inspectable through 
its per-feature coefficients. The GraphSAGE encoder requires post-hoc tooling. 
Aggregated to the three deployment axes (placement quality, training cost, oper-
ational complexity), the classical pipeline holds; embedding-space K-means is the 
single narrow exception, gaining +19.34 functional nodes at 300 and +4.33 at 500 
against a −1.40 trail at 75. 

The deployment recommendation that follows applies within the empirical 
scope of this study: the Barabási-Albert topology family with long-range edges, 
the failure model with 12% targeted-betweenness removals and 88% uniform ran-
dom removals, and topology sizes between 75 and 500 nodes. Generalisation be-
yond this scope is outside the evidence the paper provides and is enumerated in 
Section 8. Translated into a deployment rule, Logistic Regression on topological fea-
tures remains the production estimator of Π at every scale tested. The GraphSAGE 
encoder is justified solely as the upstream signal for the embedding-space K-
means clustering step, deployed only on topologies whose size exceeds the regime-
transition threshold empirically located between 75 and 300 nodes. For deploy-
ments on graphs of about 75 nodes, probability-space K-means remains prefera-
ble and the encoder cost is not recovered. At 300 nodes, embedding-space K-
means delivers a clear advantage exceeding the run-to-run spread; the same di-
rection holds at 500 nodes, where the run-mean gain is smaller and the three-run 
evidence places it within the per-run dispersion, so embedding-space clustering 
remains the recommendation above the regime-transition threshold while the 
magnitude at 500 nodes should be confirmed under a higher-T replication. On 
PF-style structured prediction problems of this size class, the controlled compar-
ison reported here supplies direct empirical evidence that increased model com-
plexity is neither necessary nor sufficient for improved deployment performance, 
consistent with the broader pattern documented in [12] [13]. 
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