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Abstract

Findings: On the original quantum-network dataset, the best nonlinear model, Random Forest, reduces mean
absolute error (MAE) by only 4.0% relative to Ridge regression with one-hot-encoded categorical features (2.500
versus 2.605), while Ridge reduces MAE by 49.5% relative to a constant predictor (5.160). Nearly all predictive
signal is associated with memory family, every individual numerical feature has |r| < 0.08 with the target memory
budget mc. In four of five controlled synthetic scenarios—threshold effects, saturation, phase transitions, and family-
specific nonlinearity—the best tree ensemble reduces MAE by 31-66% relative to Ridge. In the heterogeneous
scenario, Random Forest also reduces the observed under-dimensioning frequency from 55.5% to 35.0%. For a
two-way numerical interaction, however, the improvement is only 12.5%. These single-split results support Ridge
with one-hot encoding as a necessary baseline, but do not establish a universal model-selection threshold.

Method: The original dataset contains 1,000 seed-averaged entanglement-buffering configurations spanning
six memory families, nine topology classes, three noise levels, seven traffic levels, and five network sizes (N €
710,15,20,30,50}), withmc e [1,20]. We compare a constant predictor, single-feature linear regression, multivariable
linear regression, Ridge regression, Random Forest, and XGBoost on one fixed 60/20/20 train/validation/test split.
MAE is the primary metric, supplemented by tolerance accuracy and the fraction of predictions below the target. To
probe where nonlinear models begin to add value, we construct five synthetic datasets of 1,000 observations each
with controlled threshold, interaction, saturation, phase-transition, and family-heterogeneous response functions.
Because all reported comparisons use one split and seed, differences of a few percentage points are exploratory.

Keywords: Quantum Networks, Quantum Memories, Memory Allocation, Machine Learning, Regression Baselines, Tabular

Data, Under-Provisioning

Introduction

Quantum-network design requires decisions about how many
quantum memories to allocate to network nodes and how long
entanglement should be buffered [1-5]. The required memory
budget depends on memory physics, including retrieval
efficiency, readout fidelity, and coherence time; on topology
and connectivity; and on workload and control assumptions
[6-8]. A natural approach is therefore to train a regressor on
simulated configurations and use it to predict the minimum
sufficient budget mc for new configurations [3,4,9]. Machine
learning (ML) is increasingly used in quantum networking for
protocol discovery, routing, repeater control, and surrogate-
guided optimization; broader connections between ML and
quantum technologies are reviewed in Ref [4,10-13]. Yet
comparisons among nonlinear models alone do not answer
the operational question: does ML add value beyond a simple,
well-specified baseline? Across forecasting, clinical prediction,
recommender systems, and information retrieval, apparent

gains have often narrowed when stronger classical baselines
and leakage controls were introduced [14-19].

We ask:

1. On the original quantum-network dataset, do tree
ensembles materially outperform Ridge regression for
predicting me?

2. Under which controlled forms of nonlinearity do tree
ensembles provide a substantial improvement?

3. Which baselines and risk measures should accompany ML
results for quantum-network resource prediction?

Our contribution is a baseline-focused reanalysis. We compare
nonlinear models with constant, univariate, and regularized
additive baselines; construct five synthetic stress tests with
known response structure; and report under-dimensioning
frequency alongside MAE. The stress tests are boundary
probes, not evidence that the same mechanisms occur in
deployed quantum networks.
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Data and Controlled Scenarios

Original Dataset

The original dataset contains 1,000 seed-averaged instances.
Each instance is associated with one of six memory families
(AFC, diamond electron, diamond nuclear, neutral atom,
superconducting, and trapped ion), one of nine topology classes
(binary tree, chain, hierarchical, lattice, random geometric
graph, ring, scale-free, star, and Waxman), one of three noise
levels, one of seven traffic levels, and N £{10,15,20,30,50}.
The memory and topology labels are motivated by established
physical platforms and graph families [20—30]. The target mc
is the smallest swept per-node budget that reaches 95% of the
best observed request-level availability for that configuration.
It ranges from 1 to 20 (mean 12.22, standard deviation 5.89).
Family is strongly associated with mc (Table 1), whereas
every individual numerical feature has an absolute Pearson
correlation below 0.08. This statement concerns marginal linear
association only; it does not exclude nonlinear or conditional
dependence.

Synthetic Extreme Scenarios

Each synthetic scenario contains 1,000 independently
generated rows, six family labels, nine topology labels, three
noise and traffic labels, and N ¢ {4,5,6,7,8}. Numerical inputs
are sampled over fixed ranges and topology statistics are
assigned by topology class. Gaussian noise is added before
rounding and clipping mc to [1,20].

Family n Meanm_, | SD

AFC 178 | 16.80 3.32
Diamond electron | 154 | 16.03 2.54
Diamond nuclear | 159 |7.30 3.80
Neutral atom 168 | 11.49 3.39
Superconducting | 181 | 16.44 4.45
Trapped ion 160 | 4.34 2.30

Table 1: Target distribution by memory family in the original
dataset

E1: Threshold
A family-shifted step in IT,, with m_ = 5 below and m_ = 18
above the threshold.

E2: Interaction
m, = 20(1-nra/1.5)+€, where #_is retrieval efficiency and a is
algebraic connectivity.

E3: Saturation
m_=20(1 — e ™) + ¢, with family-dependent 1.

E4: Phase Transition

A discontinuous change from approximately 3 to approximately
17 when nrF > 0.5 and 1B > 4, with increased variance near
the boundary.

ES: Heterogeneous Nonlinearity

Each family follows a distinct response to IIB (exponential
saturation, sigmoid, power law, rational saturation, sinusoid,
or hyperbolic tangent).

These scenarios are intentionally favorable to flexible nonlinear
models. Their purpose is to demonstrate model behavior under
known structure, not to estimate prevalence or effect sizes in
real networks.

Methods

Models and Features

We evaluate:

a training-set mean predictor;

a univariate ordinary least-squares model;

ordinary least squares using all numerical features;

Ridge regression with penalty o = 1 and one-hot-encoded

categorical features;

5. Random Forest with 300 trees and maximum depth 15;
and

6. XGBoost with 500 trees, maximum depth 6, learning rate
0.05, subsampling 0.8, and column subsampling 0.8 [31-
34].

General background is given in Ref. [35]. The feature set

comprises 15 numerical variables and four categorical

variables (family, topology, noise, and traffic). All predictions

are rounded to integer budgets and clipped to [1,20]. A

permutation generated with seed 42 defines 60% training,

20% validation, and 20% test partitions. The current scripts

do not use the validation partition for model selection; thus the

effective reported comparison is a fixed train/test evaluation

with 600 training and 200 test observations.

bl S

Metrics
The primary metric is mean absolute error (MAE) [36]. We
also report the fractions within one and two memory units
of the target. The empirical under-dimensioning frequency is
Runder,

e, - .
R = — 1im.; < m.;).
under n iz_; { i i)

and mean under-prediction is computed conditionally on m _ <
m.R . isadescriptive frequency, not a calibrated probability
of operational failure: the target itself is simulation-b derived,
and no asymmetric resource-cost function is fitted.

We use 10% and 20% as exploratory labels (small, marginal,
and substantial), not as inferential cutoffs.
MAE(B) — MAE(A)

A(A; B) = 100
(4;B) MAE(B)

We use 10% and 20% as exploratory labels (small, marginal,
and substantial), not as inferential cutoffs.
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Results
Original Dataset

Method MAE | Within 1 | Within 2 | Under-
dim.
Constant mean 5.160 | 0.120 0.235 58.5%
Univariate (ITB) 5.140 | 0.120 0.235 58.5%
Linear (numerical) | 5.255 | 0.100 0.220 58.5%
Ridge (all) 2.605 | 0.305 0.555 49.5%
Random Forest 2.500 | 0.400 0.525 49.0%
XGBoost 2.510 | 0.400 0.615 49.0%

Table 2: Fixed-Split test Performance on the Original Dataset
(ntest = 200)

Extreme-Scenario Comparison

Ridge reduces MAE by 49.5% relative to the constant
predictor. Random Forest reduces MAE by a further 4.0%
relative to Ridge. The nonlinear model therefore adds little on
this particular split, while one-hot family information accounts
for the dominant improvement. The conclusion is metric-
dependent: XGBoost has the best within-two rate even though
Random Forest has the lowest MAE. Tree ensembles are
generally strong on medium-sized tabular datasets, making the
small MAE difference here informative, but not statistically
conclusive [37,38].

Scenario Constant | Ridge | RF XGB | Best ML vs Ridge
Original 5.160 2.605 |2.500 | 2.510 | 4.0%

E1 threshold 6.120 3.210 1 2.210 | 2.220 | 31.2%

E2 interaction 3.485 1.435 | 1.255 | 1.310 | 12.5%

E3 saturation 3.260 1.775 10.795 | 0.770 | 56.6%

E4 phase transition | 4.990 3.720 | 1.560 | 1.900 | 58.1%

ES heterogeneous | 5.020 2.940 1 0.990 | 1.040 | 66.3%

Table 3: MAE by scenario. “Best ML” is the lower MAE of Random Forest and XGBoost

The tree ensembles provide large reductions for E1, E3, E4,
and ES5. Axis-aligned partitions can represent the E1 and E4
discontinuities directly, while the flexible ensembles capture
saturation and family-specific shapes in E3 and E5. E2
produces only a 12.5% gain. One-hot encoding cannot encode
the numerical product nra; rather, over the sampled and partly
discrete range of a, additive main effects approximate enough
of the bilinear surface that Ridge remains competitive. Explicit
interaction terms would be the appropriate linear-family
baseline for E2.

Under-Dimensioning Frequency

Scenario | Method Under-dim. | Mean
under-prediction
Original | Constant 58.5% 5.01
Original | Ridge 49.5% 2.85
Original | Random Forest | 49.0% 2.86
ES Constant 62.0% 4.73
ES Ridge 55.5% 3.25
ES Random Forest | 35.0% 1.51

Table 4: Selected under-dimensioning results

On the original data, Ridge and Random Forest have nearly
identical under-dimensioning frequencies. In E5, Random
Forest reduces the observed frequency from 55.5% for Ridge
to 35.0%, and also reduces the conditional magnitude of under-
predictions. The 62.0% constantmodel value is not the relevant
model-to-model baseline. Frequencies near one half are
unsurprising for approximately centered predictions trained
with symmetric objectives; controlling under-provisioning

requires an explicitly asymmetric objective or post-hoc safety
margin.

Discussion

When Nonlinear ML adds Little

In the original data, the target is strongly stratified by memory
family and only weakly associated, marginally and linearly,
with individual numerical variables. An additive model with
category-specific intercepts therefore captures much of the
available signal. Random Forest lowers MAE by only 0.105
memory units relative to Ridge on the fixed test set. This
resembles findings in other applied domains where flexible
models did not reliably improve upon strong regression
baselines when the effective signal was low-dimensional
or close to additive [14—17]. This result does not imply that
quantum-network memory budgeting is intrinsically linear.
Family labels may proxy fixed bundles of physical parameters,
the simulator design may suppress numerical variation, and
the random split tests interpolation among observed families
rather than extrapolation to a new memory technology.

When Nonlinear ML adds Value

The controlled scenarios identify response structures for
which tree ensembles can be useful: discontinuous thresholds,
saturating curves, multidimensional transition surfaces, and
categoryspecific nonlinear functions. In these constructed
cases, the best ensemble reduces MAE by 31-66% relative to
additive Ridge. A pure bilinear interaction produces a smaller
gain because an additive approximation performs reasonably
over the sampled domain. Before invoking a black-box model,
investigators should therefore compare against intermediate
baselines such as polynomial or interaction-augmented Ridge
and generalized additive models.
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Practical baseline protocol

We recommend a model ladder rather than an ML-versus-ML
comparison:

constant mean or median;

a transparent domain scalar or univariate regression;
multivariable linear regression;

Ridge with categorical encoding;

Ridge with prespecified interactions or a generalized
additive model;

6. nonlinear ensembles.

AEIb el

Model choice should use repeated resampling, paired
uncertainty intervals, and domain costs. Interpretability is
itself relevant when comparable performance can be achieved
by a simpler model [39]. The 10% and 20% bands used here
are descriptive heuristics and should not replace uncertainty
analysis.

Limitations

1. The extreme scenarios are synthetic and deliberately
designed to exhibit nonlinear structure. They establish
capability, not external validity.

2. All headline results use one split and one seed. A 4.0% gap
may be smaller than split-tosplit variation; repeated splits,
paired tests, and bootstrap intervals are needed [40, 46].

3. The sample size is 1,000. Flexible models may require
more data than regression models for stable estimation
[41].

4. Only Random Forest and XGBoost represent nonlinear
ML. Gaussian processes, neural networks, generalized
additive models, and explicit interaction models may yield
different comparisons [42,43].

5. The empirical under-dimensioning frequency is not linked
to a resource-cost function. Quantile regression or another
asymmetric objective would target under-provisioning
directly [44].

6. Pearson correlation measures marginal linear association
and can miss nonlinear and nonmonotonic dependence
[45].

7. The scripts reserve a validation split but do not use it.
Moreover, the reported “best single feature” is selected by
test MAE, which makes that auxiliary univariate baseline
optimistically biased. The central Ridge—ensemble
comparison does not use this feature-selection step, but
future code should select features and hyperparameters
using training/validation data only.

8. Synthetic and original datasets differ in network-size
and traffic supports. Cross-scenario MAEs characterize
separate generated problems and are not estimates of
transfer performance.

9. The target is simulator-derived. Simulator assumptions
can change absolute predictions; cross-validation studies
show that agreement requires reconciliation of connection
and error models [47].

Relationship to prior work

Prior quantum-network studies address resource allocation
through simulation, optimization, learned surrogates, and
queueing analysis. SeQUeNCe supports network-level
simulation and resource-management studies; Prielinger et al.
use support-vector and Random Forest surrogates in quantum-
network optimization; Davies et al. analyze entanglement
buffering with two quantum memories; and Vardoyan et al.
study an entanglement distribution switch [3-5,8]. The present
study asks a narrower methodological question: whether
nonlinear regressors improve on an encoded linear baseline
for scalar memory-budget prediction. Cross-simulator work
further cautions that matching labels do not guarantee matching
semantics: simulators can agree with their respective analytical
descriptions while differing because their connection and error
models differ [47]. Accordingly, baseline superiority within
one generated dataset should not be interpreted as evidence of
hardware-level validity. The appropriate claim is conditional:
given these data and this split, an encoded additive baseline
captures nearly all of the ensemble’s MAE improvement.

Conclusion

On the original dataset, Ridge with one-hot encoding reduces
MAE from 5.160 to 2.605, while Random Forest reaches
2.500—a further reduction of only 4.0%. In four controlled
nonlinear scenarios, by contrast, the best tree ensemble reduces
MAE by 31-66% relative to Ridge. The key methodological
lesson is not that ML is unnecessary, but that its incremental
value depends on response structure and must be measured
against a strong additive baseline. The reported 4.0%
difference is not yet a robust estimate because it rests on one
split. A submission-ready confirmatory study should repeat the
full pipeline over multiple splits, report paired uncertainty, add
interaction and generalized-additive baselines, and evaluate an
asymmetric loss tied to the cost of under-provisioning.

Reproducibility

Code, generated scenarios, fixed-split outputs, and manuscript
artifacts are contained in the project repository at https://
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are stored under code/results/.
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