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Abstract

Quantum kernel results are often reported without holding the input representation, train-
ing sample, tuning budget and temporal evaluation protocol fixed against a matched classical
kernel. This pre-specified, protocol-locked falsification study uses the Elliptic++ transaction
tables (203,769 transactions, 49 time steps) under a locked temporal split (training steps 1–24,
validation 25–29, test 30–49 in 4 locked windows). The primary metric is pooled Recall@5%. A
frozen full-dimensional gradient-boosting model reached 0.381, and every model, including this
one, collapsed in the final window. Graph structure and selective reranking were tested first and
falsified. Compressing 182 features to 4, 6 and 8 principal components retained 34%, 43% and
51% of the variance and 64%, 50% and 33% of the full-dimensional model’s pooled Recall@5%.
In the primary, default-bandwidth analysis, an entangling fidelity quantum kernel was below the
strongest matched classical kernel at 4, 6 and 8 qubits (pooled Recall@5% differences −0.078,
−0.203 and −0.146). In a secondary, post hoc bandwidth correction, explicit scale tuning raised
the entangling kernel’s Recall@5% by 0.070, 0.121 and 0.109; the corrected kernel remained
below the strongest matched classical kernel at 6 and 8 qubits and was statistically unresolved
at 4 qubits. The selected scale lay at the lower boundary of the tested grid, and the apparent
effect of entanglement depended on bandwidth. No repeatable predictive benefit of the quan-
tum kernel over matched classical kernels was observed in the tested setting; the findings do
not extend beyond this dataset, protocol, representation, feature-map family, sample size and
bandwidth range.

Keywords: quantum kernels; fraud detection; temporal distribution shift; kernel bandwidth; rep-
resentation loss; falsification

1 Introduction

Claims that quantum kernels compete with classical kernels depend on choices that are easy to
leave unmatched: the compressed input representation, the training sample, the tuning budget, the
kernel bandwidth, and, for financial data, the evaluation protocol under temporal distribution shift.
Benchmarking practice for quantum machine learning has been questioned on exactly such grounds
[1], and kernel bandwidth and kernel concentration are known determinants of quantum-kernel
behaviour [2–4].

This study asks whether quantum feature-space geometry provides repeatable predictive value
beyond matched classical alternatives when both receive identical low-dimensional representations
under a leakage-aware temporal protocol. The evidence is organised around these mechanisms:
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Figure 1: Falsification decision cascade: the question, decision and consequence of each stage, from
the classical baseline to the secondary bandwidth correction.

temporal drift, representation loss, kernel concentration and bandwidth, and matched quantum–
classical performance. Graph structure and selective reranking were examined first as falsification
steps that kept unsupported complexity out of the final direct kernel audit (Figure 1).

The design separates a primary analysis (the default-bandwidth quantum kernel, confirmatory
under locked protocols) from a secondary analysis (an explicit bandwidth correction added after
review, post hoc relative to the primary result). All protocols were written to hash-recorded files
before the corresponding stage ran; there is no public registry entry, so the term “pre-specified”
refers to repository-internal, timestamped locking. The conclusions are restricted to the Elliptic++
transaction tables, the tested temporal protocol, PCA dimensions 4, 6 and 8, the tested fidelity
feature maps, the tested bandwidth range and a training sample of 2,000 rows.

2 Related Work

Datasets. Elliptic++ extends the Elliptic Bitcoin transaction data [5] with transaction and actor
tables [6].

Quantum kernels. Quantum feature maps define kernels through state overlaps [7, 8], and
supervised quantum models can be analysed as kernel methods [9]. The role of data [10], bandwidth
[2, 3] and exponential concentration [4] in quantum kernels has been studied, and benchmarking
against classical models has been discussed critically [1]. Software documentation for the feature
maps and fidelity kernels used here is cited as vendor documentation [11–13].

Classical tools and statistics. Baselines use gradient boosting [14, 15], scikit-learn [16], Graph-
SAGE [17], probability calibration [18], centered kernel alignment [19], trustworthiness [20] and a
moving-block bootstrap [21]. This section states only what each cited source is about; positioning
claims relative to prior work await a systematic literature review.

2



Table 1: Dataset periods and temporal protocol. Illicit share is the share of labeled rows.
Period Steps Labeled rows Illicit rows Illicit share Role

training 1–24 23,606 2,219 9.4% fit
validation 25–29 2,775 652 23.5% selection
test window 30–34 30–34 3,513 591 16.8% locked evaluation window
test window 35–39 35–39 5,486 447 8.1% locked evaluation window
test window 40–44 40–44 7,458 515 6.9% locked evaluation window
test window 45–49 45–49 3,726 121 3.2% locked evaluation window

3 Dataset and Leakage Audit

The primary experiment uses the transaction tables only: 203,769 transactions over 49 time steps
with 234,355 directed edges and 182 predictive features after excluding the transaction identifier
and the time step. About 23% of transactions are labeled, and the labeled fraction varies from 11%
to 43% across steps; every metric is therefore conditional on being labeled, and unknown rows are
never treated as licit. Actor tables are excluded because their features are cumulative across steps.
Several properties of the data limit leakage claims. First, the shipped local and aggregate features
were standardised with statistics from all time steps, which cannot be undone; “leakage-aware”
therefore refers to the evaluation protocol, not to the raw features. Second, 965 transactions have
all augmented features missing, and all labeled ones among them (154 labeled, 0 illicit) are licit;
no missingness indicator is used and the rows are kept. Third, the time of labeling and the real
duration of a time step are undocumented. Fourth, redistribution terms are ambiguous, so raw
data and row-level derived outputs are not released (Data and Code Availability).

4 Temporal Evaluation Protocol

Models are fitted on steps 1–24, selected on steps 25–29, and evaluated once on steps 30–49, reported
in 4 locked windows (30–34, 35–39, 40–44, 45–49); Table 1 lists the periods. The primary metric
is pooled Recall@5%: at each step the highest-scoring 5% of labeled rows form the alert list, true
positives and positives are summed over steps, and the ratio is reported. The achievable ceiling
is min(1,K/P ) for list size K and P positives; equal scores are ordered by a seeded permutation.
Each stochastic component uses 5 locked seeds, and the quantum comparison uses 5 independent
training samples. Validation Recall@5% saturates for strong models, so selection uses Recall@5%
within its binomial standard error, then PR-AUC, then Brier score after leave-one-validation-step-
out Platt calibration. Uncertainty for paired comparisons uses a moving-block bootstrap over test
time steps (block length 3, 10,000 resamples, 95% percentile interval) with step-level true positives
averaged over the 5 samples. No multiplicity adjustment is applied. The interpretation rule for the
quantum comparison requires a result in at least 2 of 3 dimensions, and differences smaller than
the paired minimum detectable difference (about 2.4 points) are near the resolution of this test.
Protocols, search spaces and manifests were hashed before use, and test labels were loaded only
after the relevant manifests verified.

5 Classical Baselines and Temporal Failure

Under the locked protocol, the frozen full-dimensional LightGBM model reached pooled test Re-
call@5% of 0.381 and PR-AUC of 0.861; CatBoost reached 0.384 and 0.868, and logistic regression
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Table 2: Classical baselines, pooled test metrics (primary protocol; mean of the locked seeds).

Model Recall@5% PR-AUC Recall@2% Recall@10% Precision@5% Brier ECE

Logistic regression 0.156 0.229 0.047 0.395 0.256 0.208 0.232
LightGBM 0.381 0.861 0.169 0.639 0.625 0.021 0.014
CatBoost 0.384 0.868 0.169 0.644 0.631 0.021 0.012
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Figure 2: Temporal drift: illicit share of labeled rows (left), labeled share of transactions (centre)
and LightGBM Recall@5% per test step (right; dashed line: pooled value). Vertical lines separate
training, validation and test.

0.156 and 0.229 (Table 2). LightGBM was frozen as the practical reference and is not a primary
comparator for the quantum kernel. Performance was not stable across time: LightGBM Re-
call@5% was 0.295, 0.497, 0.454 and 0.061 in the 4 windows while the labeled illicit share fell from
16.8% to 3.2% (Figure 2; training 9.4%, validation 23.5%). The late-window collapse appears in
every model family examined below, so it is treated as dataset drift and not as a model-specific
failure.

6 Falsification of Graph Complementarity and Selective Routing

Graph. On per-step transaction graphs, GraphSAGE reached pooled Recall@5% of 0.342 against
0.370 for a matched edge-free MLP (difference −0.028, 95% block-bootstrap interval −0.063 to
−0.007), and randomised edges gave 0.344 (a single seed). The union of the GraphSAGE and
LightGBM alert lists recalled 0.503 of positives, whereas LightGBM read to the same list length
recalled 0.527; the graph model was therefore rejected as a second scorer.

Routing. On validation, LightGBM’s top-5% list had precision 1.0, so a perfect reranker of any
routed subset had oracle Recall@5% headroom of 0.0 percentage points, and 0 of 37 candidate rout-
ing rules passed the locked criteria. Validation is saturated, so this shows an absence of headroom
on validation, not in later steps. Both results are retained as negative results; they removed graph
and routing components from the kernel audit rather than adding them.
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Table 3: Representation loss for PCA at the quantum dimensions. Drift is the mean Wasserstein
distance from training in window 45–49 (training standard-deviation units). Test columns are
evaluation-only and follow validation selection.
Dim. Variance NN Jaccard Trustworth. Drift (PCA / 182-D) Validation-selected model Test Recall@5% Fraction of LightGBM

4 34% 0.13 0.81 1.20 / 0.38 MLP 0.245 64%
6 43% 0.20 0.89 1.08 / 0.38 Nyström + linear 0.189 50%
8 51% 0.25 0.91 1.10 / 0.38 MLP 0.124 33%
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Figure 3: Representation loss for PCA: explained variance, neighbourhood preservation and trust-
worthiness (left) and test Recall@5% of the validation-selected model against the frozen full-
dimensional LightGBM (right; evaluation-only).

7 Representation-Loss Audit

PCA was fitted on training steps only and frozen. At 4, 6 and 8 dimensions it retained 34%,
43% and 51% of the variance, with 10-nearest-neighbour Jaccard overlap of 0.13, 0.20 and 0.25
and trustworthiness of 0.81, 0.89 and 0.91 (Table 3, Figure 3). Compressed coordinates drifted
more than the original features: the mean Wasserstein distance from training in window 45–49
was 1.20 training standard deviations for 4 dimensions against 0.38 for the full 182-dimensional
space. The validation-selected classical models on these representations reached 64%, 50% and
33% of LightGBM’s pooled test Recall@5%. Compression therefore removed most of the full-
dimensional signal on test, and quantum and classical kernels compete within this weak-signal
regime. A minimal supervised feature selection performed unexpectedly well on test, but this was
observed only after test unblinding; it is a test-informed secondary observation, is excluded from
the primary quantum analysis and from every headline claim, and needs an independent dataset
or a new specification before it can be assessed.

8 Quantum Kernel Protocol

The quantum model is a fidelity kernel K(x, y) = |⟨ϕ(x)|ϕ(y)⟩|2 evaluated by exact ideal statevector
simulation, with a support-vector classifier on the precomputed kernel; no hardware, noise model
or variational circuit was used. The entangling map with linear ZZ-type blocks (QE) and the
separable map without entangling gates (QS) were compared, each with 1 or 2 repetitions chosen
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on validation and qubit count equal to the PCA dimension (4, 6, 8); no coordinate was padded or
dropped. Frozen PCA coordinates were scaled using training rows only and mapped to angles in
[−π, π], and the scaling was selected by the matched classical RBF kernel so that it was not tuned
for the quantum kernel. Quantum and classical models received identical rows, identical scaled
coordinates and identical temporally stratified natural-prevalence training samples of 2,000 rows (5
samples; the tuning sample held 180 positives). Matched classical controls (RBF and polynomial
SVMs, Nyström and random Fourier feature maps with a linear classifier, a linear model and a small
MLP) used the same inputs and presampled search spaces. The strongest matched classical kernel at
each dimension was fixed by validation before test scoring. The default-bandwidth quantum search
used 16 fits per dimension against 96 for the matched classical models. The batched simulation was
verified against Qiskit state vectors and the fidelity-kernel implementation [11–13]. The primary
analysis fixed the Pauli-rotation factor at its verified default of 2.0; classical kernels, in contrast,
tuned a bandwidth parameter.

9 Bandwidth Sensitivity and Kernel Geometry

Because the primary quantum kernel had no tuned bandwidth, a secondary, post hoc correction
was specified before any candidate kernel was computed and was never used to replace the primary
result. The only new hyperparameter was a multiplier s on the verified Pauli-rotation factor,
α = 2.0 s, applied to every Pauli rotation, with 5 values from 0.125 to 2; s = 1 reproduces the
primary kernel exactly. Scale and the regularisation constant (4 values from 0.1 to 100) were
selected on validation with the same hierarchy as before, with 40 fits per dimension against 96 for
the matched classical models. The entangling kernel selected s = 0.125 (α = 0.25), the smallest
value of the grid, in every dimension; the optimum may therefore lie below the tested range. The
grid was deliberately not extended: extending it after observing test results would add researcher
degrees of freedom, and this is recorded as a limitation and a replication question. Bandwidth
correction reduced concentration of the 8-qubit entangling kernel: the effective rank over sample
size fell from 0.90 to 0.25 and the share of similarities below 0.01 fell from 0.84 to 0.68 (Figure 4).
Centered alignment with the matched RBF kernel rose from 0.24, 0.26 and 0.32 at the default
scale to 0.77, 0.82 and 0.82 at the selected scale for 4, 6 and 8 qubits, so the improved kernel was
geometrically closer to a classical RBF kernel. This is an association across the default and selected
settings of each dimension; it is consistent with geometric distinctiveness not being sufficient for
predictive value in the tested setting, and it does not establish a causal link or any statement about
quantum geometry in general.

10 Results

10.1 Primary analysis: default bandwidth

At default bandwidth the entangling kernel QE reached pooled test Recall@5% of 0.039, 0.046 and
0.054 at 4, 6 and 8 qubits, against 0.118, 0.249 and 0.200 for the strongest matched classical kernels
(Table 4, Figure 5). The paired differences were −0.078 (95% interval −0.127 to −0.050), −0.203
(−0.275 to −0.153) and −0.146 (−0.196 to −0.091), all intervals lying below zero; the entangling
kernel was below the strongest matched classical kernel in all 3 dimensions. The separable control
QS reached 0.089, 0.164 and 0.124, and at default bandwidth QE minus QS was −0.049 (−0.103 to
−0.005), −0.118 (−0.200 to −0.032) and −0.070 (−0.118 to −0.008). These statements describe
the default-bandwidth kernel only.
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Figure 4: Secondary analysis: share of kernel similarities below 0.01 (top) and effective rank over
sample size (bottom) against the scale multiplier s for the entangling and separable kernels; rings
mark the selected scale.

10.2 Secondary analysis: bandwidth correction

This subsection reports the secondary, post hoc bandwidth correction. The corrected entangling
kernel reached 0.109, 0.167 and 0.163 (Table 5, Figure 6), improving on the default-bandwidth
kernel by 0.070 (0.054 to 0.100), 0.121 (0.066 to 0.180) and 0.109 (0.061 to 0.142). Relative to the
strongest matched classical kernel the corrected differences were −0.008 (−0.030 to 0.011), −0.082
(−0.141 to −0.039) and −0.037 (−0.067 to −0.015). At 4 qubits the interval contains zero, so
the difference is statistically unresolved; an unresolved difference neither shows that the kernels
perform alike nor favours the quantum kernel. At 6 and 8 qubits the intervals lie below zero, so
the corrected kernel remained below the strongest matched classical kernel in this setting. The
apparent effect of entanglement depended strongly on bandwidth: corrected QE minus corrected
QS was 0.021 (−0.008 to 0.058) and 0.011 (−0.033 to 0.077), both unresolved, and 0.074 (0.032
to 0.146) at 8 qubits; the 8-qubit comparison is an unadjusted secondary comparison and is not
generalised.
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Table 4: Primary (confirmatory) analysis at default bandwidth: pooled test Recall@5% of the
entangling kernel QE and the separable control QS versus the strongest matched classical kernel;
intervals are paired moving-block bootstrap intervals over test steps (no multiplicity adjustment).
Qubits QE QS Strongest matched kernel (Recall@5%) QE− matched [95% interval] QE− QS[95% interval]

4 0.039 0.089 RBF SVM (0.118) −0.078 [−0.127, −0.050] −0.049 [−0.103, −0.005]
6 0.046 0.164 Nyström + linear (0.249) −0.203 [−0.275, −0.153] −0.118 [−0.200, −0.032]
8 0.054 0.124 Nyström + linear (0.200) −0.146 [−0.196, −0.091] −0.070 [−0.118, −0.008]

4 qubits 6 qubits 8 qubits
0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

po
ol

ed
 te

st
 R

ec
al

l@
5%

 (e
va

lu
at

io
n-

on
ly

)

frozen LightGBM
corrected Q1
corrected Q0

original Q1
original Q0
strongest matched classical

Figure 5: Primary analysis: pooled test Recall@5% of the entangling kernel QE and separable
control QS (default and secondary bandwidth-corrected variants as labelled) against the strongest
matched classical kernel and LightGBM (error bars: standard deviation over 5 samples; evaluation-
only).

10.3 Performance by locked window and resources

Every model was weak in the final window (Table 6, Figure 7): full-dimensional LightGBM reached
0.061 in window 45–49 against 0.295 in window 30–34, so the collapse is not specific to compressed
or quantum models. Under ideal simulation the quantum models were not cheaper in the quan-
tities measured here (Table 7, Figure 8): test scoring of the default-bandwidth kernels required
363,654,720 exact kernel evaluations in 13.9 s, the corrected kernels 210,341,196 in 11.0 s, and the
matched classical models took 13.5 s; these are simulation costs on a single machine, not hardware
costs.
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Table 5: Secondary (post hoc) bandwidth correction: the entangling kernel QE at the selected
scale s versus the default-bandwidth kernel, the corrected separable control QS and the strongest
matched classical kernel (paired moving-block bootstrap intervals; no multiplicity adjustment). The
selected scale is the grid minimum in every dimension.
Qubits s Default QE Corrected QE Corrected QS Matched Corrected QE− matched Corrected − default QE Corrected QE− QS Reading

4 0.125 0.039 0.109 0.089 0.118 −0.008 [−0.030, 0.011] 0.070 [0.054, 0.100] 0.021 [−0.008, 0.058] unresolved
6 0.125 0.046 0.167 0.156 0.249 −0.082 [−0.141, −0.039] 0.121 [0.066, 0.180] 0.011 [−0.033, 0.077] below matched (this setting)
8 0.125 0.054 0.163 0.089 0.200 −0.037 [−0.067, −0.015] 0.109 [0.061, 0.142] 0.074 [0.032, 0.146] below matched (this setting)

Table 6: Recall@5% by locked test window for full-dimensional LightGBM and the 4, 6 and 8-
dimensional models (default and corrected quantum kernels, matched classical kernels, validation-
selected PCA models).

Dim. Model 30–34 35–39 40–44 45–49

4 default QE 0.059 0.026 0.019 0.079
4 corrected QE 0.132 0.138 0.068 0.069
4 corrected QS 0.130 0.116 0.023 0.069
4 matched RBF SVM 0.146 0.154 0.067 0.063
4 best PCA model (validation-selected) 0.243 0.310 0.232 0.069
6 default QE 0.047 0.041 0.044 0.061
6 corrected QE 0.206 0.227 0.092 0.074
6 corrected QS 0.215 0.124 0.147 0.025
6 matched Nyström + linear 0.240 0.311 0.252 0.045
6 best PCA model (validation-selected) 0.240 0.168 0.177 0.068
8 default QE 0.061 0.066 0.032 0.071
8 corrected QE 0.215 0.172 0.118 0.073
8 corrected QS 0.179 0.022 0.050 0.064
8 matched Nyström + linear 0.227 0.227 0.181 0.053
8 best PCA model (validation-selected) 0.246 0.052 0.071 0.030

full LightGBM 0.295 0.497 0.454 0.061

Table 7: Resource comparison from the run ledgers (ideal simulation on a single CPU; wall and
CPU time summed over all models and samples; circuit sizes after generic-basis decomposition are
characterisation only).

Phase Wall time (s) CPU time (s) Kernel evaluations / circuit size

matched classical final fits 8.4 10.5 –
matched classical test scoring 13.5 29.6 –
default-bandwidth quantum test scor-
ing

13.9 54.8 363,654,720

bandwidth-corrected quantum test
scoring

11.0 37.5 210,341,196

default-bandwidth quantum final fits
(span)

36.8 58.2 –

bandwidth-corrected quantum final fits
(span)

36.1 57.5 –

selected QEcircuit, 4 qubits: depth /
two-qubit gates

– – 11 / 6

selected QEcircuit, 6 qubits: depth /
two-qubit gates

– – 17 / 10

selected QEcircuit, 8 qubits: depth /
two-qubit gates

– – 31 / 28
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Figure 6: Secondary analysis: pooled test Recall@5% of the default-bandwidth and bandwidth-
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11 Discussion

Mechanisms. Temporal drift affected every model family: the labeled illicit share fell from 16.8%
to 3.2% and Recall@5% of the strongest classical model fell to 0.061 in the final window. Represen-

tation loss removed most of the full-dimensional signal and amplified feature drift. Concentration

and bandwidth explained most of the primary quantum deficit: explicit bandwidth tuning, a degree
of freedom the classical kernels already had, substantially improved the entangling kernel. Matched

performance still favoured the classical kernels at 6 and 8 qubits and was unresolved at 4 qubits.

Geometry. The default-bandwidth kernel was geometrically distinct from the classical kernels
but performed worst, and the corrected kernel became more RBF-like while improving; within this
setting, geometric distinctiveness was not sufficient for predictive value.

Entanglement. The sign of the entangling-versus-separable difference changed with bandwidth,
so no general statement about entanglement is supported.

Hardware. The mechanical hardware gate returned PASS_CONDITION_C, driven only by finite-
shot ranking instability (top-5% overlap with the exact ranking of 0.60, 0.96 and 0.88 at 1024 shots
on a 500-row subset); the scientific decision was DEFER because the ideal model was already below
the matched classical kernel. No quantum hardware was run, and no statement about hardware
performance is made.

What this does and does not show. The evidence supports the absence of a repeatable
predictive benefit of the tested quantum kernels over matched classical kernels in the tested setting.
It does not show that quantum kernels cannot help on other data, representations, feature maps,
bandwidths or sample sizes.

12 Limitations

Threats to internal validity. (i) Validation prevalence (23.5%) differs from test prevalence
and saturates Recall@5%, so validation-based selection and the representation feasibility gate were
permissive. (ii) The corrected entangling scale was selected at the grid boundary and the correction
is secondary and post hoc relative to the primary result. (iii) PCA compression removed most of
the full-dimensional signal. (iv) The shipped features were standardised with all time steps, and
the missingness pattern aligns with the licit label. (v) Only a non-random share of transactions
is labeled. (vi) Quantum and kernel-SVM models used 2,000-row samples while LightGBM used
all labeled rows; matched controls used identical samples. (vii) Test scores vary across the 5
samples and the final window has few positives; intervals are wide relative to differences of the
order of the paired minimum detectable difference (2.4 points), and secondary comparisons are not
multiplicity-adjusted. (viii) A test-informed observation exists in the record and is excluded from
all conclusions. (ix) Quantum results are ideal simulations, with finite shots modelled by a binomial
draw. (x) The feature-map family is limited to separable and linear-entanglement ZZ-type maps
with few repetitions.

Threats to external validity. Results come from a single dataset with ambiguous redistribution
terms, undocumented label timing and no external replication; actor features and graph models
were excluded from the final audit; and nothing is claimed about quantum hardware.

12



13 Conclusion

In the primary, default-bandwidth analysis, the entangling fidelity kernel was below the strongest
matched classical kernel at 4, 6 and 8 qubits. In the secondary bandwidth correction, explicit scale
tuning substantially improved the kernel and made its geometry more RBF-like, but the corrected
kernel remained below the strongest matched classical kernel at 6 and 8 qubits and was statistically
unresolved at 4 qubits; the selected scale lay at the grid boundary. Temporal drift affected every
model family, and compression to 4–8 dimensions removed most of the full-dimensional signal. No
repeatable predictive benefit of the quantum kernel over matched classical kernels was observed
in the tested setting. Reported quantum-kernel performance should therefore be accompanied by
bandwidth tuning, matched classical controls on identical inputs, and time-ordered evaluation.
Extending the bandwidth range, other datasets and other representations are future hypotheses,
not findings.
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