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Abstract 1

Quantum-network capacity planning couples memory physics, finite storage, topology, 2

and traffic. We study these interactions using a discrete-event simulator with six represen- 3

tative memory profiles. A memory–topology atlas contains 9,360 completed runs, com- 4

plemented by 8,730 confirmatory runs and an extended per-node memory-budget sweep. 5

We distinguish a threshold relative to the best performance observed on a finite grid from 6

a physical saturation limit. Among 840 reported threshold estimates, 22.3% reach 95% 7

of the observed maximum by four slots per node, while 35.5% first reach it at the up- 8

per grid boundary of 64 slots. Four tested scalar reductions do not provide a topology- 9

independent collapse; the best pooled quadratic fit explains 37.9% of response variance. 10

The retrieval-window parameter χr = τr pgen/tattempt provides an interpretable descrip- 11

tor, but an independent-channel approximation does not establish a network memory- 12

sizing law. In 5,310 heterogeneous-placement runs, hub and betweenness-based place- 13

ment outperform peripheral placement in aggregate, with topology-specific exceptions. 14

Coupling assumptions change absolute performance while preserving the aggregate strat- 15

egy ordering. Harmonized model comparisons provide limited robustness evidence, not 16

independent native-protocol validation. The results support model-specific capacity and 17

placement analysis with explicit metric definitions, finite-grid limitations, and interface 18

assumptions. 19

Keywords: quantum networks; quantum memory; discrete-event simulation; finite capac- 20

ity; heterogeneous placement; reproducibility 21

1. Introduction 22

Quantum networks promise distributed quantum computation, secure communica- 23

tion, and distributed sensing [1]. A central engineering question is not simply which mem- 24

ory technology is best, but rather: how do physical memory properties, finite capacity, network po- 25

sition, topology, and offered load jointly determine useful end-to-end entanglement? This question 26

couples device-level physics (coherence time, retrieval efficiency, readout fidelity, physical 27

interfaces) to network-level structure (topology, routing, contention), and its answer deter- 28

mines hardware–network co-design rules for heterogeneous quantum networks. Figure 1 29

summarizes the key findings of this study. 30

Existing analytical results characterize scaling and rate–memory trade-offs for spe- 31

cific repeater architectures, often homogeneous chains with prescribed memory mod- 32

els [2,3,5]. Simulation frameworks such as SeQUeNCe [6], NetSquid [7], and QuISP [8] 33

enable more detailed studies, while recent cross-validation work shows that simulator 34

assumptions can materially affect timing even when fidelity agrees [9]. Recent work on 35
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Figure 1. Key findings at a glance. The retrieval-window parameter χr = τr pgen/tattempt (where

τr is the retrieval decay time, not T2) provides an interpretable descriptor but does not establish a

universal memory-sizing law; the 95%-of-observed-maximum memory threshold is strongly regime-

dependent with 35.5% of regimes as boundary cases at m = 64; and hub/bottleneck placement

outperforms peripheral placement in aggregate under the tested heterogeneous configurations.

heterogeneous link architectures [10] and hybrid repeater designs [11,12] motivates the 36

question of whether conclusions derived from homogeneous models transfer to heteroge- 37

neous hardware. 38

Simulation-based network-design conclusions are valuable only if they are not arti- 39

facts of a single implementation. We therefore supplement the component-level analytical 40

validation with a harmonized cross-implementation robustness check (Sec. 4.3), in which 41

selected conclusions are re-evaluated through harmonized implementations executed on 42

the SeQUeNCe and SimQN event frameworks. The purpose is to test whether selected 43

structural conclusions survive an independent implementation/event-framework path- 44

way, not to establish universal simulator invariance. A companion reliability study reports 45

the full simulator-invariance methodology. 46

This paper addresses four research questions: 47

RQ-A1 Which memory- and network-level parameters limit end-to-end entanglement de- 48

livery? 49

RQ-A2 How does performance vary across representative memory profiles and topolo- 50

gies? 51

RQ-A3 Does a universal scaling law for memory sufficiency exist? 52

RQ-A4 How does heterogeneous memory hardware affect conclusions? 53

Our central thesis is: 54

Within the investigated operating regimes, the per-node memory-budget threshold mc 55

is strongly regime-dependent and does not collapse to a topology-independent scalar. 56

The retrieval-window parameter χr = τr pgen/tattempt (where τr is the retrieval decay 57

time, not the coherence time T2) provides an interpretable physical descriptor, but an 58

independent-channel approximation does not establish a network memory-sizing law. 59

Conclusions about heterogeneous memory deployment additionally require explicit in- 60

terface modeling. 61

We do not claim that no universal scaling law can exist, that one memory technology 62

is universally superior, or that the observed saturation behavior constitutes a fundamen- 63

tal physical law. Our claims are restricted to the tested models, parameter ranges, and 64

operating regimes. 65

The retrieval-window descriptor. A physical timescale descriptor used in this paper 66

is the coincidence-window parameter 67

χr =
τr pgen

tattempt
, (1) 68
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where τr is the retrieval decay time (not the coherence time T2), pgen is the per-attempt 69

link generation success probability, and tattempt is the link attempt interval. The parameter 70

χr counts the expected number of successful link generations within one memory lifetime 71

and separates two operating regimes: 72

Coincidence-limited (χr ≪ 1): Link success within the retrieval lifetime is rare. The 73

single-link memory threshold is 74

m ≈ ln(1− α)

ln(1− pw)
, pw = 1− (1− pgen)

τr/tattempt , (2) 75

where pw is the probability of at least one link success during the memory lifetime 76

and α is the target fraction of peak performance. 77

Queue-limited (χr ≫ 1): Many link successes occur within the retrieval lifetime, and 78

memory demand is governed by Little’s law (m ∝ load × wait time) rather than by 79

coincidence probability. 80

For multi-hop paths of length h, the path-success probability is ppath = p h
w (all links 81

must succeed), so the memory threshold scales with hop length. Table 1 maps the four 82

primary memory profiles to their χr values and regimes. 83

Table 1. Regime map for the four primary memory profiles at atlas parameters (pgen = 0.005,

tattempt = 10−3 s). χr = τr · pgen/tattempt.

Profile χr Regime

Trapped Ion 50 Queue-limited (χr ≫ 1)
Neutral Atom 0.5 Transitional (χr ∼ 1)
Diamond (Electron) 0.22 Coincidence-limited (χr ≪ 1)
AFC 0.025 Coincidence-limited (χr ≪ 1)

The retrieval-window descriptor χr provides a physical interpretation of the regime- 84

dependent mc distribution (Sec. 8). No predictive accuracy or invariance rate is asserted 85

for χr in this revision; the independent-channel approximation is an illustrative reference, 86

not a validated network memory-sizing law. 87

2. Related Work 88

2.1. Quantum Repeater Scaling 89

Scaling behavior for quantum repeaters has been analyzed under a range of 90

homogeneous-chain assumptions. Razavi, Piani, and Lütkenhaus [2] showed that finite 91

memory coherence can change favorable polynomial distance scaling into an exponential 92

degradation in
√

L in their optimized repeater model. More recent work studies exact rate 93

analysis with imperfect memories [4] and joint optimization of repeater count, spacing, 94

and distillation under rate and fidelity constraints [5]. These results provide important 95

benchmarks, but they do not directly address the cross-product of heterogeneous memory 96

profiles and network topology studied here. 97

2.2. Topology and Entanglement Distribution 98

The impact of network topology on entanglement distribution has been studied by 99

several groups. Ooi, Sutcliffe, and Beghelli [13] identified four topology-dependent per- 100

formance regimes across 81 real topologies. Ozaydin et al. [14] developed optimal algo- 101

rithms for multi-ring topologies. Vardoyan et al. [15] derived end-to-end capacity bounds 102

via flow maximization. Pirandola [19] derived end-to-end capacity bounds for quantum 103

networks. Takeoka et al. [20] established the fundamental rate-loss tradeoff for optical 104
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quantum communication, constraining the achievable rates that any network design must 105

respect. Vasantam and Towsley [21] analyzed the stability of quantum networks with max- 106

weight scheduling, providing a queueing-theoretic foundation for resource contention 107

analysis. These studies focus on routing, capacity, and scheduling rather than memory- 108

physics interactions. 109

2.3. Heterogeneous Quantum Networks 110

Recent work has begun exploring heterogeneous hardware. Soon et al. [10] demon- 111

strated that mixed link architectures work without significant rate loss using QuISP. Van 112

Loock et al. [11] and Liu et al. [12] proposed hybrid repeater architectures combining 113

trapped ions, neutral atoms, and AFC memories. These studies motivate, but do not re- 114

place, a controlled comparison of representative memory profiles across multiple topology 115

classes and placement rules. 116

2.4. Resource Placement 117

Repeater and memory placement has been formulated as an optimization problem. 118

Pouryousef et al. [16] developed a network-planning framework that allocates repeaters 119

and memories while accounting for rate, fidelity, multiplexing, and coherence. Sripotcha- 120

nart et al. [17] proposed a scalable two-step linear-programming approach for repeater 121

placement, while Islam and Arslan [18] developed fast heuristic deployment models. Our 122

focus differs: we hold the network-planning objective fixed and study how heterogeneous 123

memory quality, finite capacity, topology, and interface assumptions interact. 124

2.5. Simulator Validation 125

Cross-validation of quantum network simulators is an emerging concern. Chung 126

et al. [9] cross-validated QuISP and SeQUeNCe, finding that different simulator assump- 127

tions can produce different timing results even when fidelity results agree after harmo- 128

nization. This motivates careful validation of any single-simulator study. The present 129

work supplements its component-level analytical validation with a harmonized cross- 130

implementation robustness study (Sec. 4.3). We emphasize that this cross-implementation 131

check does not yet use native SeQUeNCe or SimQN protocols, does not include NetSquid 132

or QuISP, and that the SeQUeNCe and SimQN adapters share a common harmonized 133

model. The purpose is therefore to test whether selected conclusions survive an inde- 134

pendent implementation/event-framework pathway, not to establish universal simulator 135

invariance. 136

3. Quantum Memory and Network Model 137

3.1. Representative Memory Profiles 138

We model six representative quantum-memory profiles using literature-informed pa- 139

rameter bundles (Table 2): 140

These profiles are representative bundles, not complete device-level hardware compar- 141

isons. Some bundles combine characteristic values reported for related implementations 142

within a memory platform; Supplemental Table S1 therefore labels each numerical entry as 143

MEASURED, DERIVED, or ASSUMED. The simulated budget m is an abstract number of 144

independently usable memory slots per node and is not identified with an experimentally 145

reported multimode capacity. 146
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Table 2. Representative memory-profile parameters. T1 and T2 are in seconds, ηr is retrieval effi-

ciency at t = 0, τr is the retrieval decay time (s), and Fro is readout fidelity. Provenance and source

citations are provided in Supplemental Table S1 [22–33].

Profile T1 (s) T2 (s) ηr τr (s) Fro

Trapped Ion 100 10.0 0.90 10.0 0.999
Neutral Atom 1.0 0.1 0.80 0.5 0.99
Diamond (Electron) 1.0 0.044 0.70 0.1 0.95
Diamond (Nuclear) 100 1.3 0.50 1.0 0.95
AFC 10 0.005 0.50 0.01 0.99
Superconducting 0.001 0.0001 0.95 0.001 0.999

3.2. Network Topologies 147

We study nine topology classes: chain, star, random geometric graph (RGG), Wax- 148

man, hierarchical, lattice, scale-free, binary tree, and ring. Topologies are generated with 149

controlled parameters (node count, edge density, geographic extent). 150

3.3. Simulator 151

Our discrete-event simulator models: 152

• Per-node memory capacity via a placement dictionary 153

• Homogeneous or heterogeneous memory profiles 154

• Homogeneous or heterogeneous decoherence models 155

• Depolarizing, dephasing, or amplitude-damping noise 156

• Serial or parallel link generation 157

• Entanglement swapping with configurable success probability 158

• Retrieval efficiency and readout fidelity 159

• Deadline-based service qualification 160

• Poisson request arrivals with optional traffic matrices 161

• Warmup and censoring to reduce transient artifacts 162

Table 3 lists the default simulator parameters. 163

Table 3. Simulator parameters used throughout the paper unless otherwise stated.

Parameter Value Description

pgen 0.005 Link generation success probability
tattempt 10−3 s Link attempt interval
Deadline 1.0 s Request deadline
Fmin 0.5 Minimum fidelity for qualification
pswap 0.98 Entanglement swap success probability
Finitial 0.9 Initial link fidelity
Tobs 200 s Simulation observation time
Warmup First 10% of requests Warmup period
nrequests 100 Requests per simulation

Noise levels are defined for the sensitivity analysis (Sec. 10) as: low = 0.1× baseline 164

depolarizing rate, medium = 1.0× baseline, high = 10× baseline. The baseline depolar- 165

izing rate is derived from the memory profile’s T2. In the atlas and confirmatory experi- 166

ments, noise is not independently varied; the depolarizing rate is fixed by each profile’s 167

T2. 168

Run-length caveat: With nrequests = 100 and the highest traffic level λ = 50, the 169

observation window covers approximately 100/50 = 2 s of simulated time. This is short 170
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relative to the Tobs = 200 s parameter and may not reach full stationarity for queueing 171

dynamics at high load. The warmup period (first 10% of requests) partially mitigates 172

transient effects, but the high-traffic results should be interpreted with the caveat that the 173

system may not have fully reached steady state. 174

The primary performance metric is Areq: the fraction of effective incoming requests (ex- 175

cluding warmup, censored, and no-path requests) that are completed within deadline. A 176

companion metric Aqual additionally requires the final fidelity to exceed Fmin. Quality- 177

qualified throughput showed stronger ordinal agreement across the tested harmonized 178

implementations than completion-only throughput. Because request-processing and de- 179

nominator conventions were not fully identical across implementations, we treat this as 180

a robustness observation rather than as a general superiority claim for either metric. All 181

confidence intervals reported in this paper are 95% bootstrap intervals (10,000 resamples, 182

percentile method) computed across seeds unless otherwise stated. 183

Definition of m: Throughout this paper, m denotes the per-node memory budget: every 184

node is assigned m memory slots. This definition is used consistently in the atlas, the 185

confirmatory replication, and the mc audit. 186

3.4. Mathematical Model 187

The simulator’s quantum-state and noise models are defined as follows. 188

Werner-state parameterization. Each entangled link is represented as a Werner state 189

with fidelity F to the target Bell state |Φ+⟩: 190

ρ = F |Φ+⟩⟨Φ+|+ 1− F

3 ∑
i

|Ψi⟩⟨Ψi|, (3) 191

where {|Ψi⟩} = {|Φ−⟩, |Ψ+⟩, |Ψ−⟩} are the other three Bell states. The Werner state is 192

entangled iff F > 0.5. 193

Decoherence channels. During memory storage, the depolarizing channel drives F 194

toward the completely mixed value F = 0.25: 195

F(t) = 0.25 + (F0 − 0.25) exp(−Γ t), (4) 196

where Γ is the depolarizing rate derived from the memory profile’s T2. The simulator also 197

supports pure dephasing and amplitude-damping channels; in the atlas and confirmatory 198

experiments, the depolarizing channel is used with Γ determined by T2. 199

Entanglement-swap composition. Multi-hop entanglement is established via Bell- 200

state-measurement (BSM) swaps with success probability pswap. The simulator composes 201

Werner states via the Werner parameter w = (4F − 1)/3. For two links with Werner 202

parameters w1 and w2 and a BSM with Werner parameter wbsm = (4Fbsm − 1)/3, the 203

output after a successful swap is 204

wnew = w1 w2 wbsm, Fswap =
3 wnew + 1

4
, (5) 205

where Fbsm is the BSM fidelity (default Fbsm = 0.99). For an ideal BSM (Fbsm = 1, i.e., 206

wbsm = 1), this reduces to the standard Werner-state swap formula 207

Fswap = F1F2 +
(1− F1)(1− F2)

3
. (6) 208

The swap succeeds with probability pswap per hop. Failed swaps consume the stored pairs. 209
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Retrieval efficiency. When a stored pair is retrieved from memory, the retrieval suc- 210

ceeds with probability given by an exponential decay model 211

η(t) = ηr exp

(

− t

τr

)

, (7) 212

where ηr is the profile-dependent retrieval efficiency at t = 0 and τr is the retrieval 213

decay time (both listed in Table 2). The simulator also supports a Gaussian model 214

η(t) = η0 exp[−(t/τ)2/2] for AFC-type memories, but the exponential model is used 215

throughout the atlas and confirmatory experiments. Readout fidelity Fro is applied as 216

a depolarizing channel: with probability Fro the state is preserved, and with probability 217

1− Fro the state is fully depolarized to the completely mixed state (F = 0.25): 218

F ← Fro · F + (1− Fro) · 0.25. (8) 219

T1/T2 compatibility. All memory profiles satisfy the physical constraint T2 ≤ 2 T1, 220

which follows from the relation 1/T2 = 1/(2T1) + 1/Tϕ with Tϕ ≥ 0 (the pure dephasing 221

time Tϕ is non-negative). This is a constraint on the parameter space, not a derivation 222

of a specific value; the T2 values in Table 2 are drawn from experimental literature and 223

independently satisfy this inequality. 224

Readout-model note. The frozen atlas, confirmatory, and mc datasets (commit 225

1f86a98, October 4) were generated using a multiplicative readout model Fout = Fro · F. 226

The current codebase has since been updated to a depolarizing readout model Fout = 227

Fro · F + (1 − Fro) · 0.25, which is the model described in Eq. (8) above. The difference 228

between the two models is 1–2.5% in fidelity (systematic: the depolarizing model yields 229

higher fidelity because it mixes toward the completely mixed state at fidelity 0.25, which 230

is above the multiplicative floor Fro · F when F > 0.25). All quantitative results reported 231

in this paper are drawn from the frozen datasets and therefore reflect the multiplicative 232

readout model. This discrepancy does not affect the retrieval-window descriptor χr (Sec. 8) 233

because χr depends on τr and generation parameters (pgen, tattempt), not on readout fidelity. 234

Regenerating the frozen datasets with the depolarizing model is future work. 235

4. Simulator Validation 236

4.1. Component-Level Analytical Validation 237

We validate the simulator’s component models against analytical formulas for ele- 238

mentary link generation probability, Werner-state decoherence, multi-hop swapping fi- 239

delity composition, and retrieval efficiency/readout. The implementation is verified 240

against the formulas (numerical error < 10−10). 241

4.2. Component-Level Reference Comparison 242

As an additional reference-model check, we evaluate five scenario families (V1: ele- 243

mentary link, V2: three-node repeater, V3: multi-hop, V4: finite memory, V5: decoherence 244

crossover) using parameterizations aligned with SeQUeNCe component models. This ex- 245

ercise is not a protocol-level cross-simulator validation because the SeQUeNCe protocol 246

stack is not executed end-to-end. Accordingly, we use these results only as component- 247

level validation and do not infer protocol-level agreement. Table 4 shows the component- 248

level reference comparison. 249

Table 4 shows that fidelity agreement is moderate (median |∆F| = 0.065) but ranking 250

correlation varies substantially by scenario, from ρ = 0.32 (V2) to near zero (V4, V5). The 251

low ranking correlation in V4 and V5 reflects differences in how the two models handle 252
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Table 4. Component-level reference comparison per scenario. ρ is the Spearman rank correlation

between WestQuant and reference-model Areq.

Scenario n Median |∆F| Median |∆A| ρ

V1: Elementary link 270 0.017 0.178 0.218
V2: Three-node repeater 270 0.058 0.356 0.319
V3: Multi-hop 360 0.103 0.378 0.130
V4: Finite memory 270 0.152 0.356 0.027
V5: Decoherence crossover 540 0.042 0.244 0.025

Overall 1,710 0.065 0.152 —

finite-memory and decoherence effects. A matched protocol-level comparison against an 253

independent codebase remains future work. 254

4.3. Cross-Implementation Robustness Check 255

A cross-implementation robustness check was performed using harmonized imple- 256

mentations on the SeQUeNCe and SimQN event frameworks. In summary: the topol- 257

ogy ordering (RGG > star > chain) and the memory-profile ordering (trapped ion > 258

neutral atom > diamond electron > AFC) were reproduced under Aqual, while absolute 259

performance values and finite-memory contention were implementation-sensitive. The Se- 260

QUeNCe and SimQN adapters share a common harmonized model and do not constitute 261

two independent physical-model replications; native SeQUeNCe/SimQN protocols were 262

not included. This check therefore provides limited robustness evidence, not independent 263

native-protocol validation. 264

5. Representative Memory-Profile Atlas 265

5.1. Experimental Design 266

The atlas spans 6 representative memory profiles, 9 topology classes, 3 traffic levels 267

(λ ∈ {1, 10, 50}), 3 network sizes (N ∈ {10, 20, 50}), 4 memory budgets (m ∈ {1, 2, 4, 8}, 268

per node), and 5 random seeds. Noise is not independently varied in the atlas; the depo- 269

larizing rate is determined by each memory profile’s T2 (Sec. 3). The full Cartesian design 270

contains 6× 9× 3× 3× 4× 5 = 9,720 nominal cells, of which 9,360 completed runs are 271

retained. The 360 missing cells (3.7%) arise from disconnected random-geometric graphs 272

at small N and from simulation failures; no missing cells are imputed. The frozen atlas 273

dataset is v05_fixes/results/p3_scalar_test.csv. 274

5.2. Confirmatory Replication 275

A pre-specified confirmatory campaign spanning 6 profiles, 5 topologies (chain, 276

star, RGG, lattice, scale-free), 3 traffic levels, 5 budgets m ∈ {1, 2, 4, 8, 16}, and 277

20 seeds produced a frozen dataset of 8,730 completed simulations (frozen file: 278

v05_fixes/results/p2_c3_extended.csv). The full Cartesian design contains 6× 5× 3× 279

5× 20 = 9,000 cells; 270 cells (3.0%) are missing due to disconnected random-geometric 280

graphs and simulation failures. No missing cells are imputed. The completed dataset 281

confirms: 282

• C1 (family effect): Memory family materially affects Areq (Trapped Ion mean= 0.453 283

vs Superconducting mean= 0.003). The tested cross-implementation analysis repro- 284

duced the ordering of the evaluated memory profiles under the fidelity-qualified met- 285

ric, whereas absolute performance differences were implementation-sensitive. 286
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Figure 2. C3 memory-budget response with extended budget (m = 1, 2, 4, 8, 16, per node). Error

bars show 95% CI across 20 seeds. The curve flattens but does not reach a clear plateau within the

tested range.

• C2 (topology effect): Topology materially affects Areq (RGG mean= 0.233 vs chain 287

mean= 0.082). This comparison is confounded with path length and total memory: 288

under the per-node budget definition, topologies with more nodes receive more total 289

memory, and RGGs have shorter mean path lengths than chains. The RGG > star > 290

chain ordering was reproduced in the harmonized cross-implementation experiment. 291

• C3 (diminishing returns): Memory-budget response shows diminishing marginal 292

gains but the 95%-of-observed-maximum threshold is not fully resolved at m = 16 293

(m = 1: 0.076, m = 2: 0.178, m = 4: 0.262, m = 8: 0.297, m = 16: 0.318). Monotonicity 294

of A(m) was reproduced in the cross-implementation check; the diminishing-returns 295

conclusion rests on the finer WestQuant sweep and was not resolved by the coarser 296

cross-implementation grid. 297

Figure 2 shows the extended budget-response curve. The curve is nondecreasing and 298

the marginal gain diminishes, but a clear asymptotic plateau is not reached within m ≤ 16. 299

Data provenance: All quantitative results in this paper are drawn from the frozen 300

v05_fixes dataset directory, not from the earlier exploratory experiments in the a07 or a10 301

directories. The atlas uses p3_scalar_test.csv (9,360 runs), the confirmatory replication 302

uses p2_c3_extended.csv (8,730 runs), and the mc audit uses p1_mc_values.csv (840 mc 303

estimates per α). Earlier exploratory runs (a07: 10,080 raw results, 2,817 mc estimates; 304

a10: 5,238 confirmatory runs) used different parameter grids and are not the basis for the 305

numbers reported here. 306

6. Memory-Budget Response and Memory-Budget Threshold 307

6.1. Budget-Response Curves 308

Figure 3 shows memory-budget response curves for four memory families across 309

three topologies, using the per-node budget definition and an extended sweep m ∈ 310

{1, 2, 4, 8, 16, 32, 64}. 311

https://doi.org/10.3390/quantum1010000
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Figure 3. Memory saturation curves with 95% CI for four memory families across three topologies

(per-node budget m ∈ {1, 2, 4, 8, 16, 32, 64}). Trapped-ion profiles approach a plateau within the

tested range; AFC profiles are still increasing at m = 64.

6.2. Memory-Budget Threshold (mc) 312

We define the memory-budget threshold as the smallest per-node budget at which 313

the primary performance metric Areq reaches a specified fraction of the best observed per- 314

formance on the tested budget grid: 315

mc(α) = min
{

m : Areq(m) ≥ α · Aobs
max

}

(9) 316

with primary α = 0.95. Here Aobs
max = maxm Areq(m) is the maximum over the observed 317

budget grid m ∈ {1, 2, 4, 8, 16, 32, 64}, not an asymptotic limit. Because Aobs
max > 0 when- 318

ever any budget produces a nonzero signal, some budget on the grid always satisfies the 319

criterion; the threshold is therefore always finite on the grid. We exclude regimes where 320

Aobs
max < 0.02 (no meaningful signal), which removes 60 of the 900 profile–topology–traffic– 321

size–seed combinations before the budget dimension. (The companion metric Aqual was 322

used in the cross-implementation check because it showed stronger ordinal agreement 323

across implementations, but the primary mc definition uses Areq, consistent with the pri- 324

mary metric declared in Sec. 3.) 325

Three distinct concepts should not be conflated: 326

1. Grid threshold: The first budget on the discrete grid {1, 2, 4, 8, 16, 32, 64} that reaches 327

α · Aobs
max. This is what mc measures. A threshold at mc = 16 does not imply that the 328

minimum integer budget is exactly 16; the true minimum lies in [8, 16] given the grid 329

resolution. 330

2. Practical plateau: Whether the budget-response curve has flattened enough that fur- 331

ther budget increases yield negligible improvement. This requires a separate plateau 332

criterion (e.g., |A(2m)− A(m)| < δ) and is not automatically established by mc. 333

3. Asymptotic threshold: The threshold relative to an asymptotic performance level 334

A∞ = limm→∞ A(m), if this limit can be identified. Our data do not identify a stable 335

asymptote for all families; we therefore report grid thresholds, not asymptotic thresh- 336

olds. 337

Values reaching the upper boundary of the sweep (mc = 64) indicate that the thresh- 338

old was not reached at a lower budget on the grid. We label these as boundary cases rather 339

than “right-censored,” because the threshold relative to Aobs
max is always defined on the 340

grid; what is unknown is whether the curve would continue to rise beyond m = 64. 341

An audit across 4 families × 5 topologies × 3 traffic levels × 3 network sizes × 7 342

budgets × 5 seeds (6,300 nominal runs, of which 5,880 completed; 420 runs missing due 343

to disconnected RGG graphs; 840 mc estimates at α = 0.95 after excluding 60 low-signal 344

regimes; frozen file: v05_fixes/results/p1_mc_values.csv) shows: 345
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Figure 4. (Left) mc distribution at α = 0.95 (per-node budget). Boundary cases (mc = 64) are shown

in red. (Right) mc by memory family; boundary counts are annotated.

• mc = 1: 0 regimes (0%) 346

• mc ≤ 4 (interior): 187 regimes (22.3%) 347

• 4 < mc < 64 (interior): 355 regimes (42.3%) 348

• Boundary case (mc = 64): 298 regimes (35.5%) 349

Table 5 shows the per-family mc distribution, and Figure 4 visualizes the overall dis- 350

tribution. 351

Table 5. Per-family mc at α = 0.95 (per-node budget). “Boundary” indicates mc = 64.

Family Median mc Range Boundary n

Trapped Ion 4 [2, 16] 0/210 210
Neutral Atom 16 [4, 64] 52/210 210
Diamond (Electron) 32 [8, 64] 102/210 210
AFC ≥ 64 [2, ≥ 64] 144/210 210

The threshold location varies strongly by memory profile: the Trapped Ion pro- 352

file reaches the 95%-of-observed-maximum threshold at a median mc = 4, while AFC 353

reaches the boundary (mc = 64) in 69% of its regimes. Because 35.5% of observations 354

are boundary cases, we do not report a single mean or standard deviation for mc. The 355

data support a regime-dependent threshold, not a universal constant. These mc esti- 356

mates are model-specific quantitative results of the WestQuant simulation; a coarser cross- 357

implementation sweep reproduced the qualitative regime-dependence of the memory 358

threshold but showed sensitivity of threshold location to implementation details. Direct 359

quantitative cross-validation of the full m = {1, 2, 4, 8, 16, 32, 64} threshold analysis re- 360

mains future work. 361

α stability: The median mc increases from 16 (α = 0.90) to 32 (α = 0.95 and 0.99), 362

indicating that the threshold is moderately sensitive to the saturation criterion. 363

7. Failure of Universal Scalar Scaling 364

We test four dimensionless scaling hypotheses. The first three are motivated by di- 365

mensional analysis of the load–capacity ratio and its topology corrections; the fourth in- 366

corporates memory physics: 367
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Π =
λ tattempt

m pgen
(10)

Π∗ = Π ·
√

h̄ (11)

ΠB = max
v

ρv, ρv =
Λv

mv · µ
, µ =

pgen

tattempt
(12)

Πphys =
Π

ηr · exp(−tstorage/T2)
(13)

where h̄ is the mean shortest-path length, Λv is the traffic-weighted betweenness of 368

node v, mv is the memory at node v, and tstorage is the mean storage time. ΠB is the maxi- 369

mum node utilization (bottleneck-flow parameter). Πphys incorporates retrieval efficiency 370

ηr and coherence decay. 371

Quantitative test: We compute the coefficient of determination R2 for Areq as a func- 372

tion of each scalar (log-transformed). All four candidates are evaluated in the pooled data; 373

Π, ΠB, and Πphys are also evaluated separately within each memory profile (Table 6): 374

Table 6. R2 of Areq versus the three candidates evaluated per profile. Π∗ was evaluated in the

pooled global collapse test (R2 = 0.042) but was not separately refit per profile in the frozen closure

analysis.

Profile R2(Π) R2(ΠB) R2(Πphys)

Trapped Ion 0.153 0.255 0.245
Neutral Atom 0.081 0.176 0.166
Diamond (Electron) 0.040 0.123 0.112
Diamond (Nuclear) 0.024 0.103 0.085
AFC 0.017 0.084 0.067
Superconducting 0.007 0.042 0.000

Pooled R2 0.025 0.052 0.177

Among the three candidates evaluated per profile, no scalar achieves R2
> 0.26; all 375

four candidates have pooled R2
< 0.18. For Π alone, 85–99% of within-profile response 376

variance remains unexplained, and Figure 5 shows that the residual structure is visibly 377

organized into topology-specific bands. Table 7 quantifies the unexplained fraction per 378

profile. 379

Table 7. Fraction of within-profile response variance unexplained by the log-Π regression, com-

puted as 1− R2(Π). This quantity is residual variance, not a direct variance-component estimate for

topology.

Profile Unexplained fraction 1− R2(Π)

Trapped Ion 0.847
Neutral Atom 0.919
Diamond (Electron) 0.960
Diamond (Nuclear) 0.976
AFC 0.983
Superconducting 0.994

Figure 5 shows the scalar collapse test, and Figure 6 compares the R2 values across 380

families. 381

Claim: In the WestQuant dataset, none of the four tested scalar reductions achieves a 382

topology- and hardware-independent collapse. We do not claim that no universal scaling 383
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Figure 5. Scalar collapse test: Areq vs Π for four memory families, colored by topology. Topology-

specific bands persist within each family, confirming that Π does not capture topology-dependent

variation even when hardware is held fixed.

law can ever exist—only that these specific candidates are insufficient. The physics-aware 384

candidate Πphys achieves the highest overall R2 (0.177) but still leaves more than 82% of 385

variance unexplained. The scalar-collapse result has not yet been independently cross- 386

implemented. 387

Nonlinear collapse test: Because the linear R2 test may miss a nonlinear mono- 388

tonic relationship, we additionally compute (i) Spearman rank correlation ρs between each 389

scalar and Areq, and (ii) R2 of a quadratic log-transformed fit Areq = a(log Π)2 + b log Π + 390

c. Table 8 reports the pooled results. For Π, Π∗, and ΠB, the quadratic R2 remains be- 391

low 0.06 and |ρs| < 0.22, confirming that both linear and nonlinear monotonic fits fail. 392

For Πphys, the quadratic fit improves to R2 = 0.379 (pooled) with ρs = −0.721, but per- 393

family quadratic R2 remains below 0.28 (Trapped Ion: 0.274; AFC: 0.069), indicating that 394

the pooled improvement is driven by inter-family separation rather than within-family 395

collapse. We therefore conclude that the failure of universal scalar scaling is robust to 396

nonlinear monotonic transformations for Π, Π∗, and ΠB, and that Πphys shows partial 397

nonlinear improvement but does not achieve a topology-independent within-profile col- 398

lapse. 399
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Figure 6. R2 per family for Π, ΠB, and Πphys. No scalar exceeds R2 = 0.26 in any family.

Table 8. Nonlinear scalar-collapse test (pooled). R2
lin: linear log-transformed. R2

quad: quadratic log-

transformed. ρs: Spearman rank correlation.

Scalar R2
lin R2

quad ρs

Π 0.025 0.029 −0.118
Π∗ 0.042 0.045 −0.169
ΠB 0.052 0.058 −0.214
Πphys 0.177 0.379 −0.721

8. Retrieval-Window Descriptor and Limits of Analytical Sizing 400

The four scalar candidates above fail to predict mc without circularity. We now ex- 401

amine the retrieval-window parameter χr = τr pgen/tattempt (defined in Eq. 1), where τr is 402

the retrieval decay time, as a physical descriptor of the operating regime. We present an 403

independent-channel reference calculation, discuss its physical interpretation, and iden- 404

tify the limits of analytical sizing. No predictive accuracy or invariance rate is asserted 405

for the corrected χr in this revision; the calculation below is an illustrative reference, not a 406

validated predictor. 407

8.1. Independent-Channel Reference Calculation 408

For a single link, the number of link attempts within one retrieval lifetime is 409

K =

⌊

τr

tattempt

⌋

, (14) 410

and the probability of at least one successful generation within the retrieval lifetime is 411

pw = 1− (1− pgen)
K . (15) 412

The memory budget needed to achieve target availability α on a single link is 413

msingle ≈
ln(1− α)

ln(1− pw)
. (16) 414
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Table 9 compares the single-link reference calculation to the observed median mc across 415

the four primary profiles. 416

Table 9. Single-link reference calculation vs. observed median mc at α = 0.95 (per-node budget). Ob-

servations are 2–3× higher than the single-link reference, consistent with multi-hop paths requiring

simultaneous link success. The reference is illustrative, not a validated predictor.

Profile χr pw Reference m Observed median

Trapped Ion 50 ≈ 1 1 4
Neutral Atom 0.5 0.39 6 16
Diamond (Electron) 0.22 0.20 14 32
AFC 0.025 0.025 120 64

The single-link reference underestimates the observed mc by a factor of 2–3. This is 417

expected: in multi-hop networks, all h links along a path must succeed, so the effective 418

path-success probability is ppath = p h
w, which is much smaller than pw and therefore re- 419

quires more memory budget. 420

8.2. Multi-Hop Reference and AFC Illustrative Example 421

For a path of h hops, the memory threshold becomes 422

mmulti(h) ≈
ln(1− α)

ln(1− p h
w)

. (17) 423

As an illustrative reference, consider the AFC profile (τr = 0.01 s, pgen = 0.005, tattempt = 424

10−3 s) on a 2-hop path at α = 0.95: 425

• K = ⌊0.01/0.001⌋ = 10 attempts per retrieval lifetime 426

• pw = 1− (1− 0.005)10 ≈ 0.0489 427

• ppath = p2
w ≈ 0.00239 428

• mmulti(2) = ln(0.05)/ ln(1− 0.00239) ≈ 1252 channels 429

This ∼1252-channel figure is an illustrative reference for the coincidence-limited regime, 430

not a validated prediction of the observed mc. The observed AFC median mc ≥ 64 (Table 5) 431

is lower than this reference, which does not account for topology-specific path lengths, 432

traffic, or contention effects captured in the simulation. 433

8.3. Physical Interpretation 434

The χr values cleanly separate the four primary profiles into two regimes (Table 1): 435

• Queue-limited (χr ≫ 1, Trapped Ion χr = 50): Many link successes occur within 436

the memory lifetime, so the bottleneck is queueing and contention, not coincidence. 437

Memory demand is governed by Little’s law. 438

• Coincidence-limited (χr ≪ 1, AFC χr = 0.025, Diamond Electron χr = 0.22): Link 439

success within the memory lifetime is rare. Memory demand is governed by the coin- 440

cidence probability pw, and mc is large. 441

• Transitional (χr ∼ 1, Neutral Atom χr = 0.5): Both mechanisms contribute. 442

This regime separation is consistent with the per-family mc distribution (Table 5): 443

Trapped Ion (queue-limited) has median mc = 4, while AFC (coincidence-limited) has 444

median mc ≥ 64. The retrieval-window descriptor thus provides a physical interpreta- 445

tion for the regime-dependent threshold that the four scalar candidates could not capture 446

without circularity. 447

No predictive accuracy or invariance rate is asserted. The independent-channel ap- 448

proximation does not account for topology, traffic, contention, or interface effects. No 449
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invariance test, factorial variance attribution, or benchmark comparison is reported for 450

the corrected χr in this revision. The descriptor is offered as a physical timescale interpre- 451

tation, not as a network memory-sizing law. 452

9. Heterogeneous Memory Placement 453

We resolve an apparent contradiction in earlier exploratory results with a con- 454

trolled experiment over 6 topologies, 2 network sizes, 3 traffic levels, 3 coupling rules, 455

and 5 seeds. Four mixed-placement strategies are evaluated at both high-quality frac- 456

tions, while the two homogeneous controls (all-high and all-low) are evaluated once per 457

graph/traffic/coupling condition. This gives 5,400 nominal runs. Ninety runs (1.7%) are 458

skipped due to disconnected RGG graphs at N = 20, leaving 5,310 actual runs. 459

Definitions: Hub nodes are the top-k nodes by degree centrality. Bottleneck nodes 460

are the top-k nodes by betweenness centrality. Peripheral nodes are the bottom-k nodes by 461

degree centrality. In a star topology, the hub and bottleneck nodes coincide. 462

Result: Hubs (mean A = 0.0815) and bottlenecks (mean A = 0.0766) outperform 463

peripheral placement (mean A = 0.0323). The strategy ranking is robust across coupling 464

rules (Kendall τ = 1.0 for all pairs of {min, sqrt, product}). 465

Paired comparison (hub vs bottleneck): Across 1,062 matched pairs, the median 466

paired difference is 0 (558 ties, 322 hub wins, 182 bottleneck wins). A Wilcoxon signed- 467

rank test is significant (p < 0.001) due to the asymmetry in non-tie outcomes, but the 468

effect size is small (mean difference = 0.005, Cohen’s d = 0.19). The Wilcoxon test uses the 469

standard wilcox zero method, which discards the 558 zero-difference pairs before ranking, 470

leaving 504 non-zero pairs; the p-value is computed via the normal approximation. A two- 471

one-sided-tests (TOST) equivalence procedure with margin δ = 0.02 confirms equivalence 472

(pTOST < 0.001), indicating that the mean paired difference is within ±0.02 on the Areq 473

scale. We conclude that hub and bottleneck placement are statistically distinguishable but 474

practically equivalent in the tested configurations, supported by both the small effect size 475

and the formal TOST result. 476

Per-topology ranking: The ranking is not perfectly consistent across topologies. In 477

chain, peripheral outperforms bottleneck; in lattice, bottleneck outperforms hub. The over- 478

all ranking (hub > bottleneck > random > peripheral) holds in 4 of 6 topologies. Figure 7 479

shows the heterogeneous placement results across coupling rules. 480

9.1. Interface-Coupling Model Sensitivity 481

The three coupling rules (min,
√

ηiηj, ηiηj) are alternative model assumptions used 482

to test sensitivity to the physical interface between heterogeneous memories at the two 483

endpoints of a link. They produce different absolute performance levels but preserve the 484

ranking of placement strategies. The min and
√· rules produce similar absolute levels 485

(within 2%), while the product rule lowers absolute Areq by 18–25% depending on strat- 486

egy. These coupling rules are explicit modeling assumptions and are not native concepts 487

in the external frameworks used in the cross-implementation study; they have not been 488

independently validated. This confirms that heterogeneous-memory conclusions require 489

explicit interface modeling. 490

9.2. Gap Between Mixed and All-High Placement 491

A notable finding is the large gap between any mixed placement and the all-high 492

baseline: mixed strategies recover only 8–18% of the all-high performance. This gap quan- 493

tifies the cost of heterogeneous hardware and is a distinct result from the ranking of mixed 494

strategies. 495
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Figure 7. Heterogeneous placement results across three coupling rules. Aggregated across the tested

configurations, hub and bottleneck placement outperform peripheral placement, although the per-

topology ranking is not universal.

10. Global Sensitivity Analysis 496

10.1. Permutation Importance Cross-Check 497

As an independent sensitivity cross-check, we compute permutation importance us- 498

ing a Random Forest surrogate trained on the 67,584 A08 samples. Permutation impor- 499

tance measures which variables the surrogate is most dependent on for its predictions; it 500

does not directly measure causal physical importance. The surrogate’s held-out R2 and 501

MAE are reported alongside the importance values to contextualize their reliability (Ta- 502

ble 10). 503

Table 10. Random Forest surrogate performance on held-out data (20% test split, 200 trees). Per-

topology R2 is high; the lower overall R2 reflects topology as a major driver not included as a feature.

Topology n R2 MAE

All (pooled) 67,584 0.423 0.142
Chain 22,528 0.944 0.015
Star 22,528 0.972 0.019
RGG 22,528 0.974 0.023

The per-topology R2 values (0.94–0.97) indicate that the surrogate captures the within- 504

topology input–output mapping well, so the permutation importance values are reliable 505

as predictive associations. The pooled R2 = 0.42 confirms that topology is a major driver 506

of performance that is not captured by the 10 varied parameters alone. Table 11 lists the 507

parameter ranges, and Figure 8 shows the permutation importance by topology. 508

Result: Retrieval efficiency is consistently ranked as the most informative predictor 509

by the Random Forest surrogate across all three tested topologies (permutation impor- 510

tance 0.78–1.15), followed by T2 (0.61–0.67) and tattempt (0.40–0.59). The qualitative surro- 511

gate ranking is reproducible. The qualitative ranking is reproducible across topologies. 512

Caveat: Retrieval efficiency ηr enters the success probability multiplicatively, so its 513

high importance is partly structural rather than purely physical. The importance of 514

ηr should be interpreted as “most informative for the surrogate’s predictions,” not as 515

“causally dominant in the physical system.” The broad range of ηr (0.30–0.99) also con- 516

tributes to its high ranking; a narrower range would likely reduce its importance. The 517

feature-importance ordering has not yet been evaluated across independent simulation 518

models. 519
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Table 11. Parameter ranges for the sensitivity analysis. Log-scaled parameters are sampled uni-

formly in log-space.

Parameter Min Max Scale

ηr (retrieval eff.) 0.30 0.99 linear
Fro (readout fid.) 0.90 0.999 linear
T2 0.001 s 10 s log
pgen 0.001 0.05 log
tattempt 10−5 s 10−2 s log
m (memory budget) 1 8 discrete
λ (arrival rate) 1.0 100.0 log
noise scale 0.1 10.0 linear
N (network size) 10 50 discrete
Finitial 0.85 0.99 linear

Figure 8. Permutation importance by topology. Retrieval efficiency is consistently the most impor-

tant parameter across all three topologies, followed by T2 and tattempt.

Why T2 ranks high in the surrogate. The permutation-importance analysis ranks T2 520

as the second-most informative predictor (0.61–0.67). In the atlas dataset, T2 and τr are per- 521

fectly collinear across the six memory families (Spearman ρ = 1.0). The surrogate therefore 522

uses T2 as a proxy for τr; permuting T2 destroys the proxy and degrades predictions. The 523

surrogate’s high ranking for T2 is therefore a consequence of collinearity in the training 524

data, not necessarily of independent physical causation. The three metrics—Areq (deliv- 525

ery without fidelity), Aqual (delivery with fidelity threshold), and fidelity at delivery—are 526

affected differently: T2 affects fidelity and Aqual through decoherence; τr affects all three 527

through retrieval decay. A surrogate trained on Aqual or fidelity would rank T2 highly for 528

a direct physical reason; a surrogate trained on Areq may rank T2 highly because it proxies 529

for τr. 530

11. Design Implications 531

1. The χr descriptor provides a physical timescale interpretation. The coincidence- 532

window parameter χr = τr pgen/tattempt (where τr is the retrieval decay time) sep- 533

arates queue-limited (χr ≫ 1) from coincidence-limited (χr ≪ 1) regimes and is 534

consistent with the observed per-family mc distribution. No predictive accuracy or 535

invariance rate is asserted for χr in this revision. For network planning, χr can be 536
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computed from device parameters as a physical descriptor, but it does not establish a 537

network memory-sizing law. 538

2. Memory selection cannot be reduced to coherence time alone. Retrieval efficiency, 539

coherence, and waiting-time-induced decoherence interact; retrieval efficiency and 540

coherence time rank highly in the tested surrogate analyses, while memory-profile 541

choice produces large performance differences. This is a structural conclusion; the 542

specific importance values are model-specific estimates. 543

3. Retrieval efficiency, coherence, and waiting time interact. The cross-implementation 544

check reproduced the ordering of the evaluated memory profiles under the fidelity- 545

qualified metric, confirming that the family ordering is a structural finding within the 546

tested model class. 547

4. Network topology changes the value of a given memory resource. The confirma- 548

tory subset exhibits a topology effect (RGG mean Areq = 0.233 vs chain mean 0.082), 549

though this comparison is confounded with path length and total memory (topolo- 550

gies with more nodes receive more total memory under the per-node budget defini- 551

tion). The RGG > star > chain ordering was reproduced in the cross-implementation 552

check. The tested scalar scaling hypotheses remain topology-dependent, so mean 553

path-length corrections alone are insufficient to collapse the observed variation. 554

5. Memory overprovisioning thresholds are regime-specific. A single mc value does 555

not describe the tested configurations; capacity planning must account for memory 556

profile, topology, and offered load. The mc values reported here are model-specific 557

quantitative estimates of the WestQuant simulation; the structural conclusion that mc 558

is regime-dependent is robust. 559

6. High-quality resources should preferentially occupy structurally important nodes 560

under the tested placement model. Assigning high-quality memories to hubs or 561

traffic-bottleneck nodes outperforms peripheral placement, and the strategy order- 562

ing is unchanged across the three coupling rules. This is a structural conclusion; the 563

placement result has not yet been cross-implemented. 564

7. Interface assumptions can materially alter absolute performance. Coupling-rule 565

assumptions affect absolute performance by 18–25%. The interface-coupling rules 566

are explicit modeling assumptions and have not been independently validated. 567

Heterogeneous-memory conclusions require explicit interface modeling. 568

The representative memory profiles used here are parameter bundles, not complete 569

realized hardware stacks; the design messages above are qualitative rather than device- 570

certification-level. 571

12. Limitations 572

1. Cross-implementation rather than full native-protocol validation. In addition to 573

analytical component checks, selected conclusions were tested through harmonized 574

implementations executed on SeQUeNCe and SimQN event frameworks. The two 575

external adapters share a common harmonized model and therefore do not constitute 576

two independent physical-model replications. Native SeQUeNCe/SimQN protocols, 577

NetSquid, and QuISP were not included. 578

2. Absolute-value model dependence. Cross-implementation comparisons indicate 579

that absolute performance values are more implementation-sensitive than the tested 580

topology and memory-profile orderings. 581

3. Critical memory capacity. Numerical critical-memory thresholds have not yet been 582

cross-validated using the full m = {1, 2, 4, 8, 16, 32, 64} sweep. 583

4. Heterogeneous placement. The heterogeneous placement result has not yet been 584

cross-implemented. 585
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5. Interface-coupling rules. The interface-coupling rules are explicit modeling assump- 586

tions and have not been independently validated. 587

6. Metric semantics. Completion and latency metrics are sensitive to queueing, cen- 588

soring, and timing definitions; future native-protocol comparisons must harmonize 589

these definitions before quantitative comparison. 590

7. Scalar collapse. The scalar-collapse result has not yet been independently cross- 591

implemented. 592

8. Sobol bootstrap bug. The Saltelli bootstrap confidence intervals were found to be 593

unreliable due to a structural resampling bug (resampling individual rows instead of 594

Saltelli blocks). Sobol indices are therefore not reported as quantitative results; fixing 595

the bootstrap and rerunning is future work. We rely on permutation importance for 596

qualitative ranking. 597

9. Representative memory parameters. Memory families use representative parameter 598

bundles, not complete hardware-stack comparisons. Real devices have additional 599

noise sources. 600

10. Uniform traffic in main atlas. Most atlas experiments use uniform traffic. Traffic- 601

matrix support exists but is not exercised in the main atlas. 602

11. No purification or multiplexing. The simulator does not model entanglement purifi- 603

cation or spatial multiplexing. 604

12. Limited network sizes. Experiments cover N ∈ [10, 50]. Scaling to N ≥ 100 is future 605

work. 606

13. Routing policy. We use shortest-hop routing. Other policies may change conclusions. 607

14. No dynamic traffic. Traffic is Poisson with fixed rate. Time-varying traffic belongs to 608

future work. 609

15. Atlas and confirmatory grid completeness. The atlas design contains 9,720 nomi- 610

nal cells; 9,360 completed runs are retained (360 missing, 3.7%). The confirmatory 611

grid contains 9,000 cells; 8,730 completed simulations are retained (270 missing, 3.0%). 612

Missing cells arise from disconnected random-geometric graphs and simulation fail- 613

ures and are not imputed. 614

16. Topology fairness: per-node vs total-memory confound. Because m is defined as 615

the per-node budget, topologies with more nodes receive more total memory. Cross- 616

topology comparisons therefore conflate topology structure with total resource allo- 617

cation. A fixed-total-memory design would be needed to isolate the pure topology 618

effect. 619

17. Topology-dependent exclusion of no-path requests. The metric Areq excludes no- 620

path requests from the denominator. Because the fraction of no-path requests de- 621

pends on topology (e.g., disconnected RGGs produce more no-path requests than 622

fully connected chains), the effective denominator varies across topologies, poten- 623

tially biasing cross-topology comparisons. 624

18. Seed and request quantization. The atlas uses 5 seeds and 100 requests per simula- 625

tion. With only 100 requests, Areq is quantized to multiples of 1/100, limiting resolu- 626

tion for small differences. The confirmatory dataset uses 20 seeds, which reduces but 627

does not eliminate this quantization effect. 628

19. mc relative to observed maximum. The threshold mc is defined relative to Aobs
max, 629

the maximum on the observed budget grid, not an asymptotic limit. If the budget- 630

response curve has not plateaued, mc underestimates the budget needed to reach a 631

fixed fraction of the true asymptotic performance. This is a fundamental limitation of 632

grid-based threshold estimation. 633

20. RGG disconnection selection bias. Disconnected random-geometric graphs are ex- 634

cluded from the analysis (contributing to the 360 missing atlas cells and 270 missing 635
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confirmatory cells). This creates a selection bias: the surviving RGG instances are 636

those with sufficient edge density to remain connected, which may overstate RGG 637

performance relative to a random draw from the RGG ensemble. 638

21. Readout-model discrepancy. The frozen datasets were generated with a multiplica- 639

tive readout model (Fout = Fro · F), while the current codebase uses a depolarizing 640

model (Fout = Fro · F + (1− Fro) · 0.25). The difference is 1–2.5% in fidelity (system- 641

atic: the depolarizing model yields higher fidelity than the multiplicative model for 642

Fro < 1 and F > 0.25). This does not affect the retrieval-window descriptor χr because 643

χr depends on τr and generation parameters, not readout. Regenerating the frozen 644

datasets with the depolarizing model is future work. 645

22. Run length at high traffic. With nrequests = 100 and λ = 50, the observation window 646

is approximately 2 s, which may not reach full stationarity for queueing dynamics at 647

high load. Results at λ = 50 should be interpreted with this caveat. 648

13. Conclusion 649

Memory capacity requirements in the tested quantum-network model depend on 650

memory profile, topology, and traffic. The finite-grid threshold reaches the upper tested 651

budget in 35.5% of the reported regimes, and it must be distinguished from an asymptotic 652

saturation capacity. The tested scalar reductions leave substantial topology-dependent 653

variation. Correctly using retrieval decay time in χr provides a physical timescale de- 654

scriptor but does not establish a universal sizing law. Heterogeneous placement favors 655

hubs and betweenness-based nodes in aggregate, while topology-specific exceptions and 656

coupling-dependent absolute performance limit generalization. These findings support 657

explicit, model-specific capacity planning and targeted validation of the decisions to be 658

deployed. 659
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