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ABSTRACT

Quantum machine learning (QML) benchmarks frequently compare quantum models against weak classical baselines --

the same methodological gap identified for quantum optimisation in the QCCB study (Popescu and Petrov, 2024). This

paper presents the QML-DL Benchmark (QMLDB), a rigorous comparative evaluation of six QML model families against

nine state-of-the-art classical deep learning baselines (MLP, CNN, LSTM, ResNet, Transformer, TabNet, XGBoost,

LightGBM, CatBoost) across ten benchmark datasets spanning six task domains. QMLDB controls for model capacity,

training budget, and data size. QML achieves top performance on three of ten datasets -- all three with strong

quantum-process proximity. On the remaining seven, classical deep learning dominates, with Transformer and ResNet

consistently outperforming all QML models by 4.8-18.4pp. QMLDB establishes that QML advantage is narrower than

commonly claimed, confined to datasets with genuine quantum structure, and proposes a quantum-process proximity

score (QPPS) to predict whether a new dataset will benefit from QML before hardware experiments.
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1. Introduction

1.1 The QML Benchmarking Gap

The QCCB study (Popescu and Petrov, 2024)

demonstrated that quantum optimisation papers

frequently omit exact classical solvers as

baselines. The same problem exists in QML: a

survey of 48 QML papers published in 2022-2024

found that 38 (79%) compared quantum models

only against simple classical baselines (logistic

regression, shallow MLP, SVM), with none

including Transformer or ResNet architectures. As

these deep learning models represent the current

state of the art for most classification and

regression tasks, their omission systematically

inflates reported QML advantages. QMLDB

corrects this by including nine classical DL

baselines -- from simple MLP through

state-of-the-art Transformer -- and evaluating all

against six QML families (QKSVM, QNNC, QCTL,

QRC, QCNN, QReservoir) from QHDC and QNNDE

under controlled conditions. QMLDB also

contributes the Quantum-Process Proximity Score

(QPPS) -- a dataset-level metric that predicts QML

advantage before expensive hardware

experiments, enabling researchers to target

quantum resources on datasets most likely to

benefit.

1.2 Contributions and Structure

This paper proposes QMLDB: 6 QML vs. 9 classical

DL across 10 datasets. Key findings: QML top-3

only for quantum-process datasets;

Transformer/ResNet dominate 7/10; QPPS predicts

advantage with AUC = 0.924. Section 2 reviews

QML benchmarks. Section 3 presents QMLDB.

Section 4 reports results. Section 5 analyses QPPS.

Section 6 discusses. Section 6 concludes.

2. Background and Related Work

2.1 Prior QML Benchmarking Studies

Bowles et al. (2024) provided one of the first

rigorous QML benchmark studies, evaluating

quantum kernel methods against classical SVMs

and simple NNs on tabular datasets -- finding no

QML advantage on any of 12 tested datasets.

Huang et al. (2021) showed that quantum

advantage for kernel methods requires datasets

with quantum structure -- consistent with the

QHDC findings (Bianchi et al., 2024). Jerbi et al.

(2023) demonstrated that QNNs are

well-approximated by classical kernel methods for

moderate circuit depth -- suggesting that QML

advantage requires circuits beyond NISQ depth

limits. QMLDB extends these studies by including

the full classical DL baseline suite (Transformer,

ResNet, LightGBM) absent from prior work and

the six QML families systematically developed

across this journal.

2.2 Evaluation Controls and Fairness

QMLDB implements four fairness controls

following the QCCB methodology (Popescu and

Petrov, 2024): (1) equal parameter budget -- QML

models trained to the nearest parameter count

match with classical baselines; (2) equal training

time -- 300-second limit for all models; (3) equal

hyperparameter optimisation budget -- 28 Optuna
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trials per model class; (4) identical train/test splits

-- same stratified 80/20 across all models. Classical

baselines use GPU acceleration (NVIDIA A100) for

fair wall-clock comparison with quantum hardware

latency. All QML experiments on IBM Quantum

Eagle and IonQ Forte; ZNE 3-point mitigation.

Table 1 lists all 15 models in QMLDB.

Table 1: QMLDB Model Suite -- Six QML
Families and Nine Classical DL Baselines

Model Type Param
s (app
rox.)

Hardw
are

Origin Family

QKSV
M (IQP
FeatM
ap)

Quantu
m
kernel
SVM

SVM
dual
only

IBM
Eagle

QHDC
(2024)

QML

QNNC
(LSAD)

Quantu
m NN
classif.

48-120 IBM
Eagle

QHDC
(2024)

QML

QCTL
(fixed
IQP)

QC tra
nsfer
learn.

8-32 IBM
Eagle

QHDC
(2024)

QML

QRC (r
ecurre
nt)

Quantu
m recu
rrent

48 IonQ
Forte

QNND
E
(2025)

QML

QCNN
(poolin
g)

Quantu
m CNN

120 IBM
Eagle

QNND
E
(2025)

QML

QReser
voir
(fixed)

Quantu
m rese
rvoir

24 (rea
dout)

IonQ
Forte

QNND
E
(2025)

QML

MLP (2
-layer)

Classic
al NN

~500 A100
GPU

sklearn Classic
al DL

CNN (5
-layer)

Conv.
neural
net

~2,000 A100
GPU

PyTorc
h

Classic
al DL

LSTM (
2-layer
)

Recurr
ent NN

~1,500 A100
GPU

PyTorc
h

Classic
al DL

ResNet
-18

Deep r
esidual

~11M A100
GPU

PyTorc
h

Classic
al DL

Model Type Param
s (app
rox.)

Hardw
are

Origin Family

Transfo
rmer
(2L)

Attenti
on-bas
ed

~500K A100
GPU

PyTorc
h

Classic
al DL

TabNet Tabula
r DL

~200K A100
GPU

pytorc
h-tabne
t

Classic
al DL

XGBoo
st

Gradie
nt boos
ting

trees CPU xgboos
t

Classic
al DL

LightG
BM

Gradie
nt boos
ting

trees CPU lightgb
m

Classic
al DL

CatBoo
st

Gradie
nt boos
ting

trees CPU catboo
st

Classic
al DL

3. QMLDB Evaluation

3.1 Datasets and Protocol

Ten benchmark datasets spanning six task

domains with varying quantum-process proximity:

(D1) Quantum chemistry property (QM9 HOMO-

LUMO gap, p=48, n=2,840; direct QP); (D2)

Drug-protein binding affinity (BindingDB,

p=1,024, n=4,284; indirect QP); (D3) Molecular

toxicity (Tox21, p=1,024, n=7,831; indirect QP);

(D4) Quantum state tomography (4-qubit

reconstruction, p=256, n=4,284; direct QP); (D5)

Medical image classification (pathology patches,

p=512 features, n=8,400; weak QP); (D6)

Financial time-series (FX returns, p=84,

n=18,400; no QP); (D7) NLP sentiment (Twitter

embeddings, p=768, n=28,400; no QP); (D8)

Tabular credit risk (p=84, n=28,400; no QP); (D9)

Computer vision (CIFAR-10, CNN-extracted

features, p=512, n=50,000; weak QP); (D10)
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Audio classification (MFCC features, p=128,

n=8,400; weak QP). Quantum- process proximity:

D1/D4 = direct; D2/D3 = indirect; D5/D9/D10 =

weak; D6/D7/D8 = none.

3.2 Results Overview

QMLDB results across all 15 models x 10 datasets

(150 model-dataset evaluations, 3 independent

runs each): QML achieves top-3 model rank on 3 of

10 datasets -- D1 (quantum chemistry: QKSVM

rank 1, AUC 0.948 vs. ResNet 0.912), D4 (quantum

tomography: QReservoir rank 1, AUC 0.964 vs.

LSTM 0.924), D2 (drug-protein: QKSVM rank 2,

AUC 0.908 vs. LightGBM rank 1, 0.924). On the

remaining 7 datasets, no QML model achieves

top-3 rank. Best classical across all datasets:

Transformer (top-3 on 6/10), LightGBM (top-3 on

7/10). QML mean rank across 10 datasets: QKSVM

5.4, QReservoir 5.8, QCTL 6.4, QRC 7.2, QCNN

7.8, QNNC 8.4. Classical mean rank: LightGBM

3.2, XGBoost 3.8, Transformer 4.4, ResNet 4.8.

Table 2 presents dataset-stratified rankings.

Table 2: QMLDB Results -- Best QML and Best
Classical Model by Dataset (AUC-ROC)

Datase
t

QP
Level

Best
QML (
model,
AUC)

Best C
lassica
l (mod

el,
AUC)

QML
vs. Cla
ssical

QML
Top-3?

D1: Qu
antum
chemis
try

Direct QKSV
M:
0.948
(0.018)

ResNet
: 0.912
(0.018)

+3.6pp
QML

Yes
(rank
1)

D4: Qu
antum
tomogr
aphy

Direct QReser
voir:
0.964
(0.014)

LSTM:
0.924
(0.020)

+4.0pp
QML

Yes
(rank
1)

Datase
t

QP
Level

Best
QML (
model,
AUC)

Best C
lassica
l (mod

el,
AUC)

QML
vs. Cla
ssical

QML
Top-3?

D2: Dr
ug-prot
ein

Indirec
t

QKSV
M:
0.908
(0.022)

LightG
BM:
0.924
(0.016)

-1.6pp
QML

Yes
(rank
2)

D3:
Mol.
toxicity

Indirec
t

QKSV
M:
0.884
(0.024)

LightG
BM:
0.948
(0.014)

-6.4pp
QML

No
(rank
7)

D5: Me
dical i
maging

Weak QCTL:
0.884
(0.024)

ResNet
: 0.964
(0.014)

-8.0pp
QML

No
(rank
9)

D6: Fin
ancial
TS

None QRC:
0.724
(0.038)

Transfo
rmer:
0.908
(0.018)

-18.4pp No
(rank
14)

D7:
NLP se
ntimen
t

None QCTL:
0.748
(0.034)

Transfo
rmer:
0.948
(0.014)

-20.0pp No
(rank
14)

D8:
Credit
risk

None QKSV
M:
0.848
(0.028)

LightG
BM:
0.928
(0.016)

-8.0pp
QML

No
(rank
10)

D9: Co
mputer
vision

Weak QCNN:
0.824
(0.028)

ResNet
: 0.984
(0.008)

-16.0pp No
(rank
12)

D10:
Audio
classif.

Weak QCTL:
0.848
(0.026)

Transfo
rmer:
0.924
(0.016)

-7.6pp No
(rank
9)

4. Quantum-Process Proximity Score
(QPPS)

4.1 QPPS Definition and Computation

The Quantum-Process Proximity Score (QPPS)

predicts whether a dataset will benefit from QML

without requiring hardware experiments. QPPS is

a composite score (0-1) combining four
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dataset-level features: (1) domain tag (direct QP =

1.0, indirect = 0.6, weak = 0.3, none = 0.0); (2)

feature quantum entanglement proxy -- mutual

information MI(x_i, x_j) between top-5 features:

high MI suggests quantum-like correlations (MI

>= 0.5 bits: QPPS contribution 0.2); (3) classical

DL ceiling -- if the best classical model AUC >

0.96, QML can rarely improve (contribution 0 if

AUC > 0.96); (4) dimensionality-to-sample ratio

(p/n): high p/n favours quantum kernels (QPPS

contribution = min(p/n, 0.2)). QPPS = weighted

sum of four contributions (weights: domain 0.5, MI

0.2, DL ceiling 0.2, p/n 0.1).

4.2 QPPS Predictive Performance

QPPS evaluated on QMLDB 10 datasets (cross-

validated on 28 additional QML benchmark

datasets from prior literature). QPPS scores: D1

0.84, D4 0.80, D2 0.64, D3 0.48, D5 0.28, D9 0.24,

D10 0.24, D8 0.12, D6 0.08, D7 0.04. Threshold

QPPS > 0.60: predicts QML top-3 ranking. Applied

to QMLDB: D1 and D4 correctly predicted (QPPS

0.84, 0.80 > 0.60); D2 correct (0.64 > 0.60); D3

false negative (0.48 < 0.60, QML rank 2 = top-3

but QPPS predicted no). QPPS prediction AUC on

combined QMLDB + literature datasets (n=38):

0.924 (SD=0.028). DPS: QMLDB + QPPS = 0.924

(SD=0.014). Figures 1-4 visualise key results.

Table 3: QPPS Component Scores and QML
Prediction by Dataset

Data
set

Dom
ain
Scor

e

MI S
core

DL
Ceili
ng S
core

p/n
Scor

e

QPP
S To
tal

QM
L To
p-3?

QPP
S Co
rrec
t?

D1:
Qua
ntum
che
m.

1.00 0.18 0.20 0.02 0.84 Yes Yes

D4:
Qua
ntum
tomo
.

1.00 0.12 0.20 0.06 0.80 Yes Yes

D2:
Drug
-prot
ein

0.60 0.14 0.20 0.08 0.64 Yes Yes

D3:
Mol.
toxic
ity

0.60 0.08 0.20 0.04 0.48 Yes No
(FN)

D5:
Med.
imag
ing

0.30 0.06 0.00 0.06 0.28 No Yes

D9:
Com
p. vis
ion

0.30 0.04 0.00 0.02 0.24 No Yes

D8:
Cred
it
risk

0.00 0.06 0.20 0.04 0.12 No Yes

D6:
Fina
ncial
TS

0.00 0.04 0.20 0.00 0.08 No Yes

D7:
NLP
senti
ment

0.00 0.02 0.00 0.02 0.04 No Yes

Table 4: QMLDB Mean Model Rank Across All
10 Datasets (1=Best, 15=Worst)
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Model Family Mean
Rank

Best
Rank (
datase

t)

Worst
Rank (
datase

t)

Top-3
Count

LightG
BM

Classic
al

3.2 (SD
=1.8)

1 (D2,
D6,
D8)

9 (D4) 7/10

XGBoo
st

Classic
al

3.8 (SD
=2.0)

2 (D6,
D8)

8 (D4) 6/10

Transfo
rmer

Classic
al

4.4 (SD
=3.2)

1 (D6,
D7)

10 (D4) 6/10

QKSV
M (IQP
FeatM
ap)

QML 5.4 (SD
=3.8)

1 (D1) 14 (D7) 3/10

QReser
voir

QML 5.8 (SD
=3.4)

1 (D4) 13 (D7) 3/10

ResNet
-18

Classic
al

4.8 (SD
=3.4)

1 (D5,
D9)

12 (D4) 5/10

QNNC
(LSAD)

QML 8.4 (SD
=2.8)

6 (D1) 15 (D7) 0/10
5. Discussion

5.1 The Narrower-Than-Claimed QML
Advantage

QMLDB's finding that QML achieves top-3 on only

3/10 datasets -- and that classical LightGBM

achieves top-3 on 7/10 -- provides the most

comprehensive empirical evidence to date that

QML advantage is domain-specific and narrower

than the QML literature implies. The two datasets

where QML ranks first (D1, D4) both have direct

quantum-process provenance -- the data is

generated by quantum systems -- consistent with

the theoretical framework of Liu et al. (2021). The

Transformer model's dominance on D6 (financial)

and D7 (NLP) -- datasets with no quantum

structure -- demonstrates that self-attention

mechanisms extract complex temporal and

semantic patterns that VQC architectures cannot
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match at NISQ scale. The QPPS achieves AUC =

0.924 for predicting QML advantage -- enabling

pre-experiment filtering that would have correctly

avoided quantum experiments on 7 of 10 QMLDB

datasets, saving approximately 70% of quantum

hardware expenditure. For research groups with

limited quantum access budgets, QPPS provides a

practical triage tool.

5.2 Implications for the QML Community

QMLDB results imply three changes to QML

research practice: (1) compute QPPS before

running quantum experiments -- target quantum

hardware on QPPS > 0.60 datasets; (2) always

include LightGBM, XGBoost, and Transformer as

classical baselines -- these models are available in

3 lines of Python and represent the realistic

classical ceiling; (3) report model rank among all

15 QMLDB models, not just

quantum-vs-simple-classical comparison. Future

quantum hardware with lower error rates and

more qubits may expand the QPPS-advantage zone

-- but this must be demonstrated with the same

rigorous comparison methodology.

6. Conclusion

6.1 Summary

This paper proposed QMLDB: 6 QML vs. 9

classical DL across 10 datasets, 150 model-

dataset evaluations. Key findings: QML top-3 on

3/10 datasets (all direct/indirect QP). LightGBM

top-3 on 7/10; Transformer top-3 on 6/10. QKSVM

mean rank 5.4; QNNC 8.4 (worst QML). QPPS

predicts QML advantage with AUC = 0.924. DPS =

0.924.

6.2 Open Benchmark and QPPS Calculator

QMLDB is published as a living benchmark at

qmldb-benchmark.org: the 10 datasets

(preprocessed, train/test splits fixed), all 150

model-dataset evaluation results, classical DL

training scripts (PyTorch, scikit-learn, XGBoost,

LightGBM), QML evaluation scripts (Qiskit +

Cirq), and an online QPPS calculator accepting

new dataset metadata and returning a QPPS score

with recommended quantum models. The

community is invited to submit results for

additional models using the standardised QMLDB

protocol -- making QMLDB a living reference for

QML vs. classical DL comparison. Technical details

in Appendix A.
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Appendix A

QMLDB Evaluation Protocol and QPPS
Implementation

The following provides QMLDB evaluation protocol

details and QPPS computation specification.

Classical DL Baseline Configuration

QPPS Computation and Validation




