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FT-FM-lite: tunable-entanglement refinement
and empirical benchmarking on
financial-cybersecurity datasets

Jean Marie Vianney Sindayigaya

Abstract—The financial-transaction feature map FT-FM, in-
troduced in the first paper of this series, is empirically more
expressive than generic quantum encodings but operates in
a near-maximally entangled regime in which quantum-kernel
values concentrate and kernel-based classification fails. This
paper introduces FT-FM-lite, a refinement of FT-FM with a
single entanglement-strength hyperparameter 5 < [0,1] that
preserves the domain-informed encoding axioms while allowing
the feature map to operate in the intermediate expressibility—
trainability regime; 3 = 1 recovers FT-FM exactly. A validation-
based protocol selects S per training split. In a ten-seed syn-
thetic diagnostic against exactly implemented matched controls,
validation-selected FT-FM-lite attains a mean held-out F1 of 0.620
(95% bootstrap CI [0.530,0.709]), exceeding exact amplitude
encoding (0.362) and Qiskit’s ZZFeatureMap (0.033) with Holm—
Bonferroni-corrected significance, while its advantage over full-
strength FT-FM (0.490) is not significant after correction. We
further specify a leakage-controlled, case-control benchmarking
protocol with paired Wilcoxon significance testing and apply it
to the Kaggle Credit-Card Fraud dataset over ten repeated strat-
ified case-control splits. In contrast to the synthetic diagnostic,
validation selection chose full strength (3 = 1) in every seed, and
FT-FM-lite attained a mean case-control test F1 of 0.891 (95%
bootstrap CI [0.870,0.907]; ROC-AUC 0.971; PR-AUC 0.976)
— significantly above exact amplitude encoding and significantly
below a matched RBF-SVM after Holm-Bonferroni correction,
and statistically indistinguishable from Qiskit’s ZZFeatureMap
and the remaining classical baselines. Balanced-cohort metrics
are benchmark values, not deployment-prevalence estimates.

Keywords—Quantum Machine Learning; Quantum Feature
Map; Entanglement; Expressibility; Financial Fraud Detection;
Network Intrusion Detection

I. INTRODUCTION

INANCIAL institutions and the network infrastructures

they operate face an escalating landscape of transaction-
level and network-level attacks — payment fraud, money
laundering, intrusion, and adversarially adapted abuse — under
extreme class imbalance, concept drift, and heterogeneous
feature types. Quantum Machine Learning (QML), and in
particular quantum-kernel methods built on parameterized
quantum feature maps [1], has been proposed as a source of
richer inductive biases for such data; yet generic encodings
carry no explicit structure for financial-transaction records.
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The first paper of this series introduced FT-FM, a financial-
transaction-specific quantum feature map whose gate struc-
ture is derived axiomatically from a five-class taxonomy of
transaction data (monetary, cyclic, categorical, velocity, rela-
tional) [2]. Its published empirical characterisation confirmed
the predicted expressibility advantage over generic feature
maps (Kullback-Leibler divergence to the Haar distribution
of 4.01 4+ 1.16, versus 21.24 £+ 0.79 and 19.53 £ 0.43
for ZZ-like and amplitude-like baselines at matched qubit
count), but also exposed a kernel-concentration phenomenon:
FT-FM states are near-maximally entangled (Meyer—Wallach
@ = 0.948 4+ 0.004 [3]), fidelity kernel values concentrate
regardless of input similarity, and kernel-SVM classification
on the synthetic benchmark collapses [2]. This is an instance
of the general expressibility—trainability tension of quantum
models [4]-[6].

This paper closes the loop opened by that finding. We
introduce FT-FM-lite, a refinement of FI-FM with a single
entanglement-strength hyperparameter 3 € [0, 1] that continu-
ously modulates the domain-informed entangling layer while
leaving the per-class encoding axes untouched. At § = 1 the
construction is statevector-equivalent to the published FT-FM;
at 5 = 0 it degenerates to a structured product-state encoding.
Because the informative regime is not knowable a priori, 3
is treated as a hyperparameter and selected on validation data
only, under a protocol predeclared before any test evaluation.

The contributions of this paper are as follows. 1) We
define the FT-FM-lite construction and analyse which of the
six FT-FM axioms are preserved, relaxed, or modulated as
functions of 3 (Section III). 2) We specify a leakage-controlled
evaluation methodology — validation-only 3 selection, exactly
implemented matched quantum controls, case-control cohorts,
and paired nonparametric significance testing with Holm—
Bonferroni correction [7], [8] (Section IV). 3) We report
a ten-seed synthetic diagnostic in which validation-selected
FT-FM-lite significantly exceeds exact amplitude encoding
and Qiskit’s ZZFeatureMap on held-out data, and we report
honestly that its advantage over full-strength FT-FM is not
significant after correction and that reduced entanglement
alone does not eliminate kernel concentration on this generator
(Section V). 4) We report the real-data case-control benchmark
on the Kaggle Credit-Card Fraud dataset promised in [2],
with exactly implemented quantum controls, four classical
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baselines, and Holm-corrected paired significance tests, and
we find that the informative entanglement regime reverses
between the synthetic generator and the real data (Section VI);
the CICIDS-2017 and UNSW-NB15 benchmarks await prede-
clared column contracts and are deferred to future work in this
series.

The remainder of the paper is organised as follows. Sec-
tion II reviews background and related work. Section III
defines FT-FM-lite. Section IV describes the experimental
methodology. Section V reports the synthetic diagnostic, Sec-
tion VI the real-data benchmark. Section VII discusses findings
and limitations, and Section VIII concludes.

II. BACKGROUND AND RELATED WORK
A. FT-FM: an axiomatic financial-transaction feature map

FT-FM [2] allocates distinct encoding strategies — rotation-
axis choice, scaling, and re-uploading depth — to the five
classes of the financial-transaction taxonomy, and couples
qubits according to a domain-informed entanglement graph
rather than a fixed topology. Its construction is derived
from six axioms: cyclic faithfulness (A1), monetary log-scale
monotonicity (A2), categorical orthogonality (A3), domain-
informed entanglement (A4), a NISQ qubit/depth budget (AS),
and trainability (A6).

We fix notation, identical to [2]. A transaction is a tuple
x = (m,c k,v,7), where m collects monetary features, ¢
cyclic features (each with period T'), k categorical indices,
v velocity counters, and r relational features. Each non-
categorical feature occupies one qubit; a categorical feature
with K values occupies [log, K| qubits under binary en-
coding. Writing Upr(z) for the FT-FM circuit on n qubits,
the encoded state is |¢)(z)) = Up(2)|0)®™, and the induced
fidelity kernel is

K(z,2') = [(b(z) | v(=")]?, (1)

which is used by a support-vector classifier over the precom-
puted Gram matrix [1], [9]. The normalised encoding values
are denoted yi; € [0, 1] (log-scaled monetary), 0; = 27c;/T;
(cyclic angle), v; € [0,1] (power-transformed velocity), and
p; € [0,1] (min—max relational).

B. Expressibility, trainability, and kernel concentration

The expressibility of a parameterized circuit — how closely
its output distribution approximates the Haar measure [10]
— is inversely related to gradient magnitude: highly ex-
pressive circuits generically exhibit barren plateaus [4], [5].
For quantum-kernel methods the analogous failure mode is
exponential concentration of kernel values, which renders
the Gram matrix uninformative regardless of the downstream
classifier [6]. The published FT-FM characterisation exhibits
precisely this signature [2]. FT-FM-lite is designed to let the
practitioner move along the expressibility—trainability curve
with a single interpretable parameter, in the spirit of the kernel-
bandwidth controls studied for generic quantum kernels, where
a global rescaling of encoding angles governs the transition
from an overly expressive, concentrating regime to a generalis-
ing one [11], [12]. FT-FM-lite differs from bandwidth scaling
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in what it rescales: the parameter 3 acts on the entangling
interactions of the domain-informed graph only, leaving the
per-class single-qubit encoding axes — and hence axioms Al—
A3 — exactly intact.

C. QML for financial fraud and network intrusion detection

Applied quantum-kernel studies exist for both target do-
mains of this series. Grossi et al. report an end-to-end QSVM
pipeline for card-payment fraud with quantum-assisted feature
selection, evaluated on an industrial payment dataset [13];
Kalinin and Krundyshev evaluate QSVM and quantum con-
volutional networks for network intrusion detection on flow
data [14]. These studies establish feasibility, but their compar-
isons are typically unmatched: quantum and classical models
are tuned separately, encodings are generic, per-split pairing is
not enforced, and significance testing with multiplicity control
is rare. The protocol of Section IV is designed to close exactly
these gaps — exactly implemented matched quantum controls
sharing every split, cohort, and selected feature with the
treatment; predeclared classical baselines; leakage-controlled
fitting; and Holm-corrected paired Wilcoxon tests [7], [8] —
so that any reported difference is attributable to the feature
map rather than to protocol asymmetry.

III. THE FT-FM-LITE CONSTRUCTION
A. Definition
FT-FM-lite is identical to FT-FM in its per-class encoding
layer and differs only in the entangling interactions: every

entangling angle of the domain-informed entanglement graph
is scaled by a global factor 3 € [0, 1],

Ulite(x; B) = Uent(ﬂ : @(I)) Uenc(x)a ()

where U, is the FT-FM encoding layer and U, (O(z)) its
entangling layer with data-dependent angles O(z). At gate
level, using the notation of Section II and exactly as realised
in the tested implementation, the encoding layer applies to
each feature’s qubit(s):

monetary: Ry (mp;) R. (277;1?)7
cyclic: Ry (cosb;) R, (sind;),
categorical: Xb1g...® Xb",
then H on the least-significant qubit,
velocity: R, (mv;),
relational: R, (7mp;), 3

none of which depends on /3. The entangling interactions, all
scaled by 3, are:

velocity—cyclic: CRZ(B7nv;) from each velocity qubit
to the first cyclic qubit,

relational-monetary: e~ UBTPi/2) ZOZ petween each relational

qubit and the first monetary qubit,

compiled as CX-R,(Bmp;)-CX,

(I® H)CP(pr) (I® H)

on each pair (g, ¢g+1 mod n). 4

ring:
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Fig. 1. FT-FM-lite circuit for the seven-qubit Kaggle CCF input contract
(cyclic Time, monetary Amount, five relational V components) at a repre-
sentative input, drawn from the tested implementation. Single-qubit encoding
gates are (-independent; the CX—R.—CX relational-monetary couplings and
the Hadamard-conjugated controlled-phase ring carry the S-scaled angles.

Fig. 1 shows the resulting circuit for the seven-qubit Kaggle
CCF input contract of Section IV, drawn directly from the
tested implementation.

Two endpoints anchor the family, and their properties,
together with axiom preservation, can be stated precisely.

Pl. Endpoint equivalence. At = 1, FI-FM-lite is
statevector-equivalent to the published FT-FM. Sketch:
CP(wr) = CZ and H CZ H (conjugation on the target)
equals CNOT, so the ring of Eq. (4) reduces to FT-FM’s
CNOT ring, while the CRZ and ZZ angles reduce to their
published values. The equivalence is verified by unit test
to statevector precision.

P2. Product-state limit. At B = 0, every entangling gate is the
identity (CRZ(0) =1, CXR.(0)CX =1, HCP(0) H =
), so |¢(x;0)) is a product of single-qubit encodings:
the Meyer—Wallach measure [3] satisfies Q = 0 and the
fidelity kernel factorises into a product of single-qubit
fidelities.

P3. AI-A3 hold for every . All dependence on a cyclic fea-
ture enters through (cos 6;,sin 6;), which is 7);-periodic,
and no entangling angle depends on a cyclic value, so
A1l holds. Monetary values enter only through the log-
scaled p;, so A2 holds. For A3, two inputs differing only
in a categorical index produce states whose categorical
subregisters are orthogonal after the encoding layer; since
both inputs then experience the same entangling unitary
(its angles depend only on the unchanged v; and p;),
and unitaries preserve inner products, the encoded states
remain orthogonal for every f3.

P4. A4 modulated, A5 unchanged. The entanglement-graph
topology is [-independent and every coupling angle is
linear in 3, so A4 is preserved in structure and modulated
in strength; gate count and depth do not depend on f3, so
the AS NISQ budget is exactly that of FT-FM.

Axiom A6 (trainability) is the motivation for the construc-
tion: decreasing 3 moves the map continuously from the near-
Haar regime in which the published FT-FM operates toward

the product regime of P2, in which kernel concentration driven
by global entanglement cannot occur [6]. Where on this curve
the informative regime lies is an empirical question, answered
per dataset in Sections V and VI

B. Validation-based selection of 3

Because the informative regime depends on the data distri-
bution, § is selected from the grid {0,0.1,0.25,0.5,0.75,1.0}
by maximum validation F1, with ties broken by validation PR-
AUC and then by lower 3. The selected map is refit on the
union of training and validation data and evaluated exactly
once on the untouched test split. This makes FT-FM-lite an
operational refinement: the practitioner does not need to know
the correct entanglement regime in advance.

IV. EXPERIMENTAL METHODOLOGY

A. Common protocol

All experiments use a class-balanced support-vector clas-
sifier (C' = 1.0) over a precomputed fidelity kernel K;; =
|(1(x:)|¢(z;))|* obtained from statevector simulation [15].
For each seed, data are split into stratified train/validation/test
partitions before any transform is fitted; feature scaling, feature
selection, and imbalance handling are fitted on training rows
only. The [-selection protocol of Section III-C is applied
per seed. Alongside FT-FM-lite, three exactly implemented
quantum controls are retrained and tested on the same per-
seed splits: (i) full-strength FT-FM, realised as the g = 1
endpoint that is statevector-equivalent to [2]; (ii) Qiskit’s
ZZFeatureMap (linear entanglement, one repetition) [15];
and (iii) exact amplitude encoding via state initialisation with
normalisation and zero padding. Four predeclared classical
baselines are trained on the identical per-seed cohorts and
selected features: an Lo-regularised logistic regression (C' = 1,
balanced class weights); a multilayer perceptron with hidden
layers (64,32), ReLU activations, Adam optimisation, and
fixed early stopping; an RBF-kernel SVM (C' = 1, v = scale,
balanced class weights); and a random forest with 100 trees
and balanced class weights.

Statistical comparisons use two-sided Wilcoxon signed-rank
tests [7] on paired per-seed test scores, with Holm—Bonferroni
correction across the comparison family [8]. Repeated seeds
are repeated stratified splits of one dataset; the resulting
intervals and tests quantify stability of the predeclared protocol
and are not inference from independent populations.

B. Synthetic diagnostic

The synthetic generator of [2] produces labelled transactions
matching the five-class taxonomy. For each of ten seeds, 300
transactions are generated and split 60/20/20. The generic
controls use a deterministic, no-fit vectorisation (log-scaled
amount, periodic time of day, three merchant-category bits,
bounded velocity, three fixed-bound relational values), so that
no test statistic can inform any modelling choice.



TABLE I
FT-FM-LITE STRENGTH SWEEP: VALIDATION METRICS OVER TEN SEEDS
(SYNTHETIC DIAGNOSTIC). CI IS THE 95% BOOTSTRAP INTERVAL OF
MEAN VALIDATION F1.

B Val. F1 95% CI KL to Haar Mean )  Eff. rank
0.00 0.612 0.469, 0.758 58.06 0.000 2322
0.10 0585 0.439,0.735 57.81 0.026 23.32
025  0.570 0.421,0.718 56.63 0.151 23.84
0.50  0.551 0.410, 0.695 52.87 0.514 25.74
0.75  0.546 0.375,0.715 47.42 0.855 28.95
1.00  0.459 0.287,0.619 41.35 0.950 33.56

C. Real-data benchmark

Of the three datasets named in [2], this paper bench-
marks Kaggle Credit-Card Fraud [16]; CICIDS-2017 [17]
and UNSW-NBI15 [18] require predeclared source-column
contracts that have not yet been frozen and are deferred to
future work in this series (Section VII).

1) Kaggle Credit-Card Fraud: A predeclared compact-
input contract controls leakage: raw rows are split 60/20/20
(stratified) before any fitting; Time and Amount are always
retained, and five of the PCA components V1-V28 are ranked
by the squared difference of training-class means divided by
the sum of training-class variances (computed on training
rows only; zero variances e-regularised; ties broken by source-
column order), giving a seven-feature input within the A5 qubit
budget. Deterministic 1:1 case-control cohorts of 240/80/80
rows are drawn from the splits; S is chosen on the validation
cohort; the selected model is refit on train-plus-validation
cohorts and evaluated once on the test cohort. Every quantum
and classical control uses the same selected features, cohorts,
and seed. The runner records source-row indices and the SHA-
256 digest of the input file; the canonical run uses ten seeds
over the full dataset (284,807 rows, 492 positive). Because
test cohorts are balanced by design, all reported F1, precision,
and PR-AUC values are case-control benchmark metrics, not
deployment-prevalence estimates.

V. SYNTHETIC DIAGNOSTIC RESULTS

All values in this section derive from a single frozen
diagnostic run of ten seeds (Python 3.12.3, Qiskit 0.46.3,
statevector simulation), archived with its raw log in the repos-
itory; the real-data benchmark of Section VI was subsequently
executed under the canonical Python 3.11 environment with
the same Qiskit stack.

A. Strength sweep

Table I reports the validation-split behaviour of FT-FM-lite
across the [ grid, aggregated over ten seeds. Increasing [
increases entanglement capability () and effective kernel rank
and decreases the KL divergence to Haar, but mean validation
F1 declines monotonically; validation selection chose 5 = 0
for four seeds, 5 = 0.1 for three, and 5 = 0.75 for three,
and never selected full strength. Fig. 2 visualises the trade-
off. Section VI shows that this monotone decline is generator-
specific and reverses on real data.
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Fig. 2. Validation F1 versus entanglement strength (3 (ten seeds, synthetic
diagnostic; shading is the 95% bootstrap interval of the mean).

TABLE II
HELD-OUT TEST F1 OVER TEN SEEDS (SYNTHETIC DIAGNOSTIC).
Model Mean test F1 95% CI
FT-FM-lite (validation-selected) 0.620 0.530,0.709
FT-FM full strength (6 = 1) 0.490 0.310, 0.650
Exact amplitude encoding 0.362 0.326,0.398
Qiskit ZZFeatureMap 0.033 0.000, 0.100
FT-FM-lite (selected) A — ° $—
FT-FM (B=1) 1 g H oot &—+
ZZFeatureMap - ‘ °
Amplitude enc. 1 Fﬂi}-—f
T T T T T
0.0 0.2 0.4 0.6 0.8

Held-out test F1 (synthetic diagnostic)

Fig. 3. Held-out test F1 of validation-selected FT-FM-lite against exact
matched controls (ten seeds, synthetic diagnostic).

B. Held-out comparison against exact controls

Table II reports single-shot test evaluations. Validation-
selected FT-FM-lite attains mean test F1 0.620 (95% bootstrap
CI [0.530,0.709]), mean test ROC-AUC 0.932 ([0.904, 0.958]),
and mean test PR-AUC 0.688 ([0.601,0.786]). Fig. 3 shows
the per-model distributions.

C. Significance

Table III reports two-sided Wilcoxon signed-rank tests on
the ten paired seed results with Holm—Bonferroni correction
across the three F1 comparisons. FT-FM-lite exceeds both
exact generic controls after correction; its advantage over full-
strength FT-FM is positive in median but not significant.
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TABLE III
PAIRED WILCOXON SIGNED-RANK TESTS ON TEST F1 (TEN PAIRS;
HOLM-BONFERRONI FAMILYWISE @ = 0.05).

Control Median AF1 Raw p  Holm sig.

Exact amplitude encoding 0.222 0.00195 Yes

FT-FM full strength (3 = 1) 0.048 0.0625 No

Qiskit ZZFeatureMap 0.619 0.00195 Yes
TABLE IV

FT-FM-LITE STRENGTH SWEEP ON KAGGLE CCF: VALIDATION METRICS
OVER TEN SEEDS (CASE-CONTROL COHORTS). CI IS THE 95% BOOTSTRAP
INTERVAL OF MEAN VALIDATION F1. THE KL ESTIMATOR (75 BINS) IS
NOT COMPARABLE TO THE SYNTHETIC-DIAGNOSTIC OR PAPER 1

ESTIMATORS.

B8 Val. F1 95% CI KL to Haar Mean ()  Eff. rank
0.00  0.856 0.826,0.885 101.51 0.000 3.34
0.10  0.858 0.828,0.887 101.49 0.027 3.34
0.25 0.859 0.830,0.886 101.18 0.159 3.35
0.50 0.868 0.842,0.892 100.01 0.538 3.38
0.75 0.885 0.865,0.906 98.20 0.876 3.43
1.00  0.899 0.884,0.916 95.98 0.968 3.50

D. Kernel concentration is not eliminated

The off-diagonal kernel median remained numerically near
zero at every tested strength. This run therefore does not
support the simple claim that weaker entanglement elimi-
nates kernel concentration; the mechanism by which lower
B improves classification on this generator appears to operate
through the informative kernel entries rather than through bulk
deconcentration. The logged kernel statistics quantify this:
across the 3 grid, mean centred kernel-target alignment rises
only from 0.051 to 0.055 and mean effective rank from 23.2
to 33.6, both moving monotonically toward the full-strength
endpoint even though validation F1 moves monotonically
away from it. On this generator, neither bulk statistic tracks
task performance — a caution against selecting 8 by kernel
diagnostics instead of validation performance.

VI. REAL-DATA BENCHMARK RESULTS

This section reports the Kaggle Credit-Card Fraud bench-
mark under the protocol of Section IV. All values derive from
a single archived ten-seed run under the canonical environment
(Python 3.11, Qiskit 0.46.3, statevector simulation), with the
repository commit, the dataset’s SHA-256 digest, and per-seed
source-row indices recorded in the run artifact. Because all
cohorts are balanced 1:1 case-control samples, every F1 and
PR-AUC value in this section is a case-control benchmark
metric, not a deployment-prevalence estimate; the raw positive
rate of the dataset is 492/284,807 ~ 0.17%.

A. Strength sweep and selection

Table IV reports validation-cohort behaviour across the 3
grid, and Fig. 4 visualises it. In contrast to the synthetic
diagnostic of Section V, mean validation F1 increases mono-
tonically with 3, and the selection rule chose 5 = 1 in all
ten seeds. Feature selection was stable: every seed retained
{Time, Amount, Vi4, V4, Vi1, Via, Vig}, with only the rela-
tive rank of V7, and Vi, varying.

0.92

0.90 +

0.88 1

0.86

Mean validation F1

0.84 A

T T T T
0.000.10 0.25 0.50 0.75 1.00

Entanglement strength

Fig. 4. Validation F1 versus entanglement strength 3 on Kaggle CCF (ten
seeds, case-control cohorts; shading is the 95% bootstrap interval of the mean).
The trend is the reverse of the synthetic diagnostic (Fig. 2).

TABLE V
KAGGLE CCF CASE-CONTROL BENCHMARK: HELD-OUT TEST METRICS
OVER TEN REPEATED STRATIFIED SPLITS (MEAN = STD; BALANCED TEST
COHORTS — VALUES ARE BENCHMARK METRICS, NOT
DEPLOYMENT-PREVALENCE ESTIMATES).

Model Fl1 PR-AUC ROC-AUC

FT-FM-lite (val.-selected) 0.891 £0.031 0.976 £0.013 0.971 £ 0.015
FT-FM full strength (8 = 1) 0.891£0.031 0.976 +0.013 0.971 +0.015
Qiskit ZZFeatureMap 0.870 £ 0.060 0.961 £ 0.021 0.950 £ 0.027
Exact amplitude encoding 0.767 £0.048 0.974 £0.014 0.966 £ 0.018
Classical LogisticRegression 0.915 4+ 0.022 0.976 &£ 0.009 0.967 + 0.014
Classical MLP 0.840 £ 0.065 0.945 £ 0.050 0.933 £ 0.049
Classical SVM (RBF) 0.918 £0.032 0.980 £ 0.008 0.971 £ 0.013
Classical RandomForest 0.923 £ 0.026 0.976 £ 0.009 0.967 + 0.012

B. Held-out comparison

Table V reports single-shot test-cohort evaluations, and
Fig. 5 the per-model distributions. Validation-selected FT-
FM-lite attains mean test F1 0.891 (95% bootstrap CI
[0.870,0.907]), mean test ROC-AUC 0.971 ([0.961,0.979]),
and mean test PR-AUC 0.976 ([0.968,0.982]). Because every
seed selected 5 = 1, the validation-selected model coincides
with the full-strength FT-FM control on this dataset, and their
rows are identical by construction.

C. Significance

Table VI reports two-sided Wilcoxon signed-rank tests on
the ten paired seed F1 scores, Holm—Bonferroni-corrected
across the seven-comparison family. Two comparisons survive
correction, in opposite directions: FT-FM-lite significantly ex-
ceeds exact amplitude encoding (median AF1 = 40.115) and
is significantly below the RBF-SVM (median AF1 = —0.015).
Its differences against Qiskit’s ZZFeatureMap and the remain-
ing classical baselines are not significant after correction. We
therefore make no claim of quantum advantage on this dataset;
the supported claim is that the domain-informed quantum-
kernel pipeline is competitive with strong classical baselines
under an identical leakage-controlled contract, while signif-
icantly exceeding the generic amplitude-encoding quantum
control.
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Fig. 5. Held-out case-control test F1 on Kaggle CCF for validation-selected
FT-FM-lite, the exact quantum controls, and the classical baselines (ten seeds
each). The FT-FM full-strength distribution is identical to the selected model
because 5 = 1 was selected in every seed.

TABLE VI
KAGGLE CCF: PAIRED WILCOXON SIGNED-RANK TESTS ON
CASE-CONTROL TEST F1 (TEN PAIRS; HOLM—BONFERRONI FAMILY WISE
a = 0.05 ACROSS SEVEN COMPARISONS). AF1 1S FT-FM-LITE MINUS

CONTROL.
Control Median AF1 Raw p  Holm sig.
Exact amplitude encoding +0.115 0.00195 Yes
Classical SVM (RBF) —0.015 0.00391 Yes
Classical RandomForest —0.025 0.0195 No
Classical MLP +0.045 0.0371 No
Classical LogisticRegression —0.020 0.0391 No
Qiskit ZZFeatureMap +0.013 0.496 No
FT-FM full strength (5 = 1) 0.000 1.0 No

D. Reversal of the informative entanglement regime

The real-data sweep inverts the synthetic finding: on the
synthetic generator, validation F1 declined with 3 and full
strength was never selected; on Kaggle CCF, validation F1
rises monotonically with 5 and full strength is selected in
every seed. The regime that was pathological on the synthetic
generator is the best-performing regime on this real dataset.
This is the central empirical argument for treating entangle-
ment strength as a validated hyperparameter rather than a fixed
design choice: the informative regime is dataset-dependent and
not knowable a priori, and the predeclared selection protocol
adapted correctly in both cases.

Kernel structure sharpens the point. The FT-FM-family
kernel remains heavily concentrated on real data — mean
effective rank rises only from 3.34 to 3.50 (of a possible 80)
across the grid, versus 24.75 for ZZFeatureMap — yet FT-
FM-lite matches or exceeds ZZFeatureMap’s F1 with roughly
half its across-seed standard deviation (0.031 vs. 0.060).
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Centred kernel-target alignment increases monotonically with
B (0.068 to 0.095), tracking the validation-F1 gain, where
on the synthetic generator alignment and task performance
moved in opposite directions. As in the synthetic diagnostic,
task performance is governed by the informative minority of
kernel entries rather than by bulk deconcentration.

VII. DISCUSSION
A. What the entanglement-strength parameter buys

The synthetic diagnostic supports the operational claim
of FT-FM-lite: validation-based selection reliably avoids the
pathological full-strength regime and recovers classification
performance that significantly exceeds exactly implemented
generic controls. It does not support the stronger claim that
FT-FM-lite significantly exceeds full-strength FT-FM — the
median advantage is positive but not significant on ten paired
seeds. The Kaggle CCF benchmark of Section VI refines
this picture: on real case-control data the informative regime
reverses, full strength is selected in every seed, and the
value of the [ parameter lies in adaptivity — the same
predeclared selection protocol avoided full strength where it
was pathological (synthetic) and embraced it where it was
optimal (real data). With respect to hypothesis H2-FM-lite, the
real-data evidence is mixed: FT-FM-lite significantly exceeds
exact amplitude encoding, is statistically indistinguishable
from Qiskit’s ZZFeatureMap, and is significantly below a
matched RBF-SVM after Holm correction. The hypothesis is
therefore supported against generic amplitude encoding but not
against tuned classical baselines on this dataset.

B. On the mechanism

Reduced entanglement strength did not deconcentrate the
bulk of the kernel on the synthetic generator: the off-diagonal
kernel median stayed near zero at all 5. The observed F1
gains must therefore be attributed to changes in the informa-
tive minority of kernel entries. This nuance matters for the
theory of domain-specific feature maps: the practical benefit
of moving along the expressibility—trainability curve may be
visible in task metrics before it is visible in bulk kernel
statistics [4], [6]. The Kaggle CCF run reinforces this: kernel
effective rank stays in the 3.3-3.5 range across the entire [ grid
(versus 24.75 for ZZFeatureMap), while centred kernel-target
alignment rises monotonically with 5 from 0.068 to 0.095 in
step with validation F1. On both data sources, classification
quality tracks the alignment of the informative kernel entries,
not bulk kernel rank — and on the synthetic generator not even
alignment, cautioning against selecting 3 by kernel diagnostics
instead of validated task performance.

C. Limitations and threats to validity

Six limitations bound the claims of this paper. First, repeated
seeds are repeated stratified splits of a single dataset; the
reported intervals quantify protocol stability, not inference over
independent populations. Second, all cohorts are balanced by
design, so reported metrics are case-control benchmark values
and must not be read as deployment-prevalence estimates.
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Third, all quantum evaluations use noiseless statevector simu-
lation; shot-budget and hardware-noise effects are out of scope
and deferred to the Q-RAD paper of this series. Fourth, the
synthetic diagnostic KL estimator differs from the Paper 1
estimator, so KL values are not comparable across the two
papers. Fifth, the Kaggle CCF V-features are PCA components
of an undisclosed original feature set [16], so the domain-typed
encoding operates on anonymised projections rather than raw
transaction semantics; only Time and Amount receive their
taxonomy types on direct domain grounds. Sixth, results on a
single real dataset do not establish generality across financial-
cybersecurity domains: the CICIDS-2017 [17] and UNSW-
NB15 [18] benchmarks promised in [2] require predeclared
source-column contracts that have not yet been frozen, and
remain future work in this series.

VIII. CONCLUSION

This paper introduced FT-FM-lite, a tunable-entanglement
refinement of the financial-transaction feature map FT-FM,
together with a leakage-controlled evaluation methodology
built on validation-only hyperparameter selection, exactly im-
plemented matched controls, and multiplicity-corrected paired
statistics. On a ten-seed synthetic diagnostic, validation-
selected FI-FM-lite attained mean held-out F1 0.620 and
significantly exceeded exact amplitude encoding and Qiskit’s
ZZFeatureMap, while never selecting the pathological full-
strength regime identified in the first paper of this series. On
the Kaggle Credit-Card Fraud case-control benchmark, the
informative regime reversed: validation selection chose full
strength in every seed, and FI-FM-lite attained mean case-
control test F1 0.891 (ROC-AUC 0.971, PR-AUC 0.976),
significantly exceeding exact amplitude encoding while re-
maining significantly below a matched RBF-SVM after Holm
correction. Together, the two studies establish entanglement
strength as a dataset-dependent, validation-selectable hyper-
parameter rather than a fixed design choice, and they set an
honest baseline: the domain-informed quantum kernel is com-
petitive with, but does not surpass, strong classical baselines
on this dataset.

The next paper in this series will embed FI-FM-lite as
the quantum branch of Q-RAD, a hybrid residual architecture
in which a learned gating function routes only ambiguous
examples to the quantum module under realistic shot-budget
constraints.
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