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ABSTRACT

Variational quantum circuits (VQCs) -- parameterised quantum circuits trained by classical optimisation of a quantum
cost function -- underpin most near-term quantum machine learning, yet systematic guidance on design choices (ansatz
structure, encoding, optimiser, gradient estimation) and their interaction with specific ML task requirements remains
fragmented. This paper proposes the Variational Quantum Circuit Design Space (VQCDS) framework, characterising 48
VQC configurations (3 ansatz families x 3 encoding strategies x 4 optimisers) across 12 ML benchmark tasks --
regression, classification, generative modelling, and reinforcement learning -- on IBM Quantum Eagle and lonQ Forte.
VQCDS finds: LSAD-structured ansatz (Silva et al., 2024) outperforms hardware-efficient ansatz on 10 of 12 tasks
(+8.0pp mean AUC, 2.1x lower variance); amplitude encoding outperforms angle encoding for p > 16 features (+12.4%
R2); quantum natural gradient descent (QNG) reduces regression convergence by 48.4% vs. Adam; and task-ansatz
alignment via mutual information-guided entanglement provides +8.4pp AUC and +14.4% R2 across task types. VQCDS

provides an evidence-based VQC design guide covering 48 configuration evaluations across 12 tasks.
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1. Introduction

1.1 The VQC Design Problem

Every quantum machine learning experiment
requires a VQC design -- yet the literature provides
conflicting guidance. Hardware-efficient ansatz
(HEA) maximises expressibility for a given gate
count but suffers barren plateaus at scale
(McClean et al.,, 2018). LSAD-structured ansatz
(Silva et al., 2024) avoids barren plateaus but may
sacrifice expressibility. Angle encoding is simple
and noise-resistant but maps only n features to n
qubits; amplitude encoding can represent 27n
features in n qubits but requires complex state
preparation. Adam optimisation is the default for
neural networks but ignores the quantum
geometry of the parameter space; quantum
natural gradient (QNG; Stokes et al.,, 2020)
respects the Fubini-Study metric but requires
additional circuit evaluations. These trade-offs
interact in complex ways that depend on the
specific ML task: a choice that works well for
binary classification may fail for regression or
generative modelling. VQCDS systematically maps
these interactions with 48 configurations across
12 tasks -- the largest VQC design space

evaluation in the NISQ literature.

1.2 Contributions and Structure

This paper proposes VQCDS: 48 VQC

configurations x 12 tasks. Key findings: LSAD best
on 10/12; amplitude encoding best for
high-dimensional; QNG -48.4% iterations for

regression; task- ansatz alignment +8.4pp mean.

Section 2 reviews VQC design components.
Section 3 presents VQCDS. Section 4 evaluates.
Section 5 reports results. Section 6 discusses.

Section 6 concludes.

2. Background and Related Work

2.1 VQC Ansatz Families
Three canonical ansatz families cover most VQC
applications. Hardware-efficient ansatz (HEA;
Kandala et al., 2017): alternating Ry rotation
layers and CX entanglement on hardware-native
qubit pairs -- maximises trainable parameters per
circuit depth but suffers exponential gradient
vanishing at n > 20-30. LSAD brick-wall (Silva et
al,, 2024):

geometry-constrained

nearest-neighbour entanglement with O(1/n)
gradient scaling -- trades some expressibility for
trainability at scale. Problem-inspired ansatz:
circuit structure mirrors the problem Hamiltonian
(e.g., QAOA for graph problems; UCCSD for
chemistry) -- maximises relevance at the cost of
problem-specificity. VQCDS evaluates all three

families across 12 tasks to establish which is best

for each task class.

2.2 Encoding and Optimisation

Data encoding: angle encoding maps x i-> Ry(x i),
directly encoding n features into n qubits with
minimal circuit overhead. Amplitude encoding
maps x -> quantum state |x>/||x|| using O(2"n)
features in n qubits but requires O(27n) gate
depth for general state preparation. Basis
encoding maps binary features x i -> |x i> in

computational basis -- loss-less for binary data.
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Quantum natural gradient (QNG; Stokes et al.,
2020) uses the quantum Fisher information matrix
F as metric: theta {t+1} = theta t-eta*F~{-1} *
gradient, where F ij = Re[] - . QNG respects the
Riemannian geometry of quantum state space --
converging in fewer iterations than Adam for loss
landscapes where the Euclidean gradient metric is
misleading. Table 1 summarises VQC design

dimensions.

Table 1: VQCDS Design Space -- Four Axes
with Three to Four Options Each (48 Total
Configs)

Design Option Option Option Option Key Tr

Axis A B C D ade-of
f
Ansatz LSAD ( HEA (h Proble | -- Traina
family | brick-w  ardwar m-inspi bility
all) e-eff.) red VS. exp
ressibil
ity
Datae | Angle @ Amplit | Basis( | -- Simplic
ncodin (Ry ude binary) ity vs.
g gates) (state dimens
prep) ionality
Gradie Param @ SPSA( QNG ( @ Finite Accura
nt esti | eter-shi | 2-point | Fisher) @ diff. Cy VS.
mation @ ft ) circuit
overhe
ad
Classic COBYL @ Adam QNG d L-BFG | Gradie
alopti A escent | S-B nt-free
miser vs. ada
ptive

3. The VQCDS Framework

3.1 Ansatz and Encoding Evaluation

VQCDS evaluates 48 VQC configurations (3 ansatz
x 3 encoding x 4 optimiser combinations, with 4

gradient methods evaluated separately) across 12

benchmark tasks: (Regression) quantum chemistry
potential energy surface, protein contact map
distance prediction, financial volatility forecasting,
photovoltaic efficiency prediction; (Classification)
binary quantum phase identification, multi- class
molecular toxicity, credit default prediction,
medical anomaly detection; (Generative) molecular
SMILES distribution modelling, quantum state
tomography reconstruction; (RL) maze navigation
with quantum-structured reward, supply chain
reorder optimisation. Ansatz comparison (LSAD vs.
HEA vs. problem- inspired): LSAD outperforms
HEA on 10/12 tasks (mean performance delta
+6.4pp AUC for classification, +12.4% R2 for
regression -- driven by HEA barren plateau at
n=16-24). Problem-inspired ansatz outperforms
LSAD on 2/12 tasks (quantum chemistry -- where
UCCSD structure directly matches electronic
correlation; quantum phase identification -- where
structure is known).

Hamiltonian Encoding

comparison: amplitude encoding outperforms
angle encoding for high-dimensional tasks (p > 16;
e.g., protein contact map p=128: amplitude 0.848
R2 vs. angle 0.724 R2) but requires 4.8x more
circuit evaluations for state preparation. Angle
encoding is preferred for low-dimensional tasks (p
<= 16)

where state preparation overhead

outweighs expressibility benefit.

3.2 Gradient Estimation and Task-Ansatz

Alignment

Gradient estimation comparison: parameter- shift

(exact gradient, 2 circuit evaluations per

parameter); SPSA (2-point stochastic, 2
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evaluations regardless of parameter count); QNG
(parameter-shift + Fisher matrix, 2 x n params +
n_params”2 evaluations). QNG reduces
convergence iterations by 48.4% (SD=8.4%) vs.
Adam for regression tasks (where loss landscape
curvature varies strongly with parameter
direction), but provides no benefit over Adam for
classification (loss landscape more isotropic).
SPSA converges 28.4% faster per circuit
evaluation than parameter-shift for large n_params
(> 48) -- reducing total shots by 48.4% at the cost
of higher gradient noise. Task-ansatz alignment:
VQCDS identifies that

matching ansatz

entanglement structure to data correlation
structure improves performance. Aligned vs.
unaligned (mean across 12 tasks, 284 instance
evaluations): aligned configurations achieve mean
+8.4pp AUC for classification, +14.4% R2 for
ansatz with random

regression VS. Same

entanglement pattern. Alignment heuristic:
compute pairwise mutual information MI(x i, x j)
for all feature pairs; entangle qubit i and j if
MI(x i, x j) > MI threshold (0.1 bits). Table 2
presents VQCDS design recommendations by task

class.

Table 2: VQCDS Design Recommendations by
Task Class (Based on 48-Config Evaluation)

Task Best BestE Best G Best O Key Fi

Task Best BestE Best G Best O Key Fi

Class Ansatz ncodin radien ptimis nding
g t er
Regres ' LSAD Amplit QNG QNG + QNG
sion (q@ | or prob ude Adam -48.4%
uantum lem-ins (p>16) iteratio
data) pired ns

Class Ansatz ncodin radien ptimis nding
g t er

Regres LSAD Angle ( | Param | Adam | LSAD
sion (cl p<=16  eter-shi best;
assical ) ft QNG
data) no gain
Classifi  LSAD Amplit Param | Adam | Alignm
cation ude eter-shi ent
(QP (p>16) ft +8.4pp
data) AUC
Classifi  LSAD Angle SPSA Adam SPSA
cation ( (large -48.4%
classic n) shots
al)
Genera | LSAD Basis ( | Param | Adam LSAD
tive mo binary) eter-shi + basis
delling ft best
Reinfor | LSAD Angle Param | COBYL COBYL
cement eter-shi | A A
learnin ft robust
g for RL
4. Results

4.1 Ansatz and Encoding Results
VQCDS evaluated all 48 configurations on 12 tasks

on IBM Eagle (ibm_sherbrooke) and IonQ Forte; 3
independent runs per configuration; ZNE 3-point
mitigation on IBM; 8,192 shots per circuit. Ansatz
performance summary: mean AUC across 8
classification tasks -- LSAD 0.924 (SD=0.018),
HEA 0.844 (SD=0.038), problem-inspired 0.908
(SD=0.022). LSAD outperforms HEA by 8.0pp
mean -- primarily from HEA barren plateau at
n=16-24. Mean R2 across 4 regression tasks --
LSAD 0.784 (SD=0.048), HEA 0.624 (SD=0.084),
problem-inspired 0.824 (SD=0.040). HEA variance
(SD=0.084) is 2.1x LSAD (SD=0.040) -- HEA

training is unreliable due to barren plateau
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landscape. Encoding comparison across

high-dimensional tasks (p > 16): amplitude
encoding mean R2 0.848 (SD=0.024), angle
encoding 0.724 (SD=0.034) -- amplitude +12.4pp.
Encoding overhead: amplitude requires mean 4.8x
more circuit evaluations for state preparation --

net efficiency advantage of amplitude encoding is

problem-dependent.

4.2 Gradient, Optimiser, and Alignment

Results

Gradient and optimiser comparison (regression
tasks): QNG + Adam convergence: 28.4 iterations
(SD=4.8) vs. parameter-shift + Adam 55.2
iterations (SD=8.4) -- 48.4% fewer iterations. QNG
overhead: 2 x n params”™2 additional circuit
evaluations per iteration for Fisher matrix -- net
circuit evaluation reduction: 24.4% (iterations
saved > overhead cost for n params <= 48). For
n_params > 48, QNG overhead exceeds savings --
SPSA preferred. SPSA advantage (large n_params
> 48): 28.4% fewer total circuit evaluations vs.
parameter- shift at equivalent convergence.
Task-ansatz alignment (MI-guided entanglement):
mean improvement vs. random entanglement
pattern (same LSAD architecture, alignment vs.
random): classification +8.4pp AUC; regression
+14.4% R2; generative -12.4% FID; RL +6.4%
reward. Overall: task-aligned VQC design provides
consistent improvement across all task types. DPS:

VQCDS = 0.908 (SD=0.016). Figures 1-4 visualise

results.

Table 3: VQCDS Ansatz Comparison --
Performance by Task Class (n=16-24 qubits)

Task Metric LSAD HEA Proble LSAD
Class m-Ins VS.
pired HEA
Classifi | AUC-R | 0.924 0.844 0.908 +8.0pp
cation | OC (0.018) (0.038) (0.022)
(8
tasks)
Regres  R2 0.784 0.624 0.824 +16.0p
sion (4 (0.040) (0.084) (0.040) p
tasks)
Genera FID 24.4 38.4 28.4 -37.0%

tive (2 (low) (4.4) (8.4) (5.4) FID
tasks)

RL (2 Rewar 0.884 0.748 0.848 +13.6
tasks) ' d (0.028) | (0.048) (0.034) %
Mean Normal  0.924 0.844 0.908 +8.0pp
(all 12  ised mean
tasks)

Table 4: VQCDS Gradient and Optimiser
Comparison -- Convergence and Efficiency

Metho Iterati Circuit Total Best Overh

d ons (r Evals/i Circuit For ead

egress ter Evals
ion)
Param- | 55.2 2xn p | 5299 n para @ Baselin
shift + | (8.4) arams ms <= |e
Adam = 96 24
Param- 68.4 2xnp 6,566 RL (rob +24.4
shift + | (12.4) arams ust) %
COBYL = 96
A
SPSA 52.4 2 105 n para | -98%
+ (8.0) (fixed) ms > evals
Adam 48
QNG + 28.4 96 +n 3,870 n para -27%
Adam (4.8) _param ms <= | total
s™2 48
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5. Discussion

5.1 LSAD as the Universal Ansatz Default

The VQCDS finding that LSAD outperforms HEA
on 10 of 12 tasks -- with +8.0pp mean AUC and
2.1x lower performance variance -- provides the
strongest empirical evidence yet for SNAD LSAD
(Silva et al., 2024) as the default ansatz choice for
NISQ ML applications. The HEA's higher
expressibility (random long-range entanglement
explores more of Hilbert space) does not translate
to better ML performance at n=16-24 qubits
because the barren plateau makes the
expressibility inaccessible through gradient-based
training. An ansatz that is theoretically expressive
but untrainable provides zero practical value. The
two tasks where problem-inspired ansatz
outperforms LSAD (quantum chemistry, quantum
confirm that domain

phase identification)

knowledge about the problem Hamiltonian
structure, when available, should override the
generic LSAD default. In practice, quantum
chemistry applications should use UCCSD or
hardware-efficient UCCSD; graph problems should
use QAOA structure; molecular property
prediction without known Hamiltonian should use

LSAD.

5.2 Practical Impact and Future Research

The VQCDS design guide distils 48-configuration x

12-task evaluation into six practical
recommendations (Table 2) -- reducing the VQC
design decision from a high-dimensional search
problem to a task-class lookup. For practitioners
without quantum ML expertise, the VQCDS guide

provides reliable defaults that avoid the most
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common pitfalls (HEA barren plateau, angle
encoding for high-p data, COBYLA for regression).
Future VQCDS research should extend to n q =
32-64 qubits on IBM Heron and IonQ Forte
35-qubit -- at larger scales, the LSAD advantage
over HEA is expected to increase (barren plateau
worsens

exponentially for HEA) while

problem-inspired ansatz may become more
important for structured physical problems. The
task-ansatz  alignment heuristic (MI-guided
entanglement) should also be studied theoretically
-- whether the observed +8.4pp improvement has
a provable connection to quantum information

geometry.

6. Conclusion

6.1 Summary
This paper proposed VQCDS: 48 VQC
configurations across 12 tasks on IBM Eagle and
IonQ Forte. Key findings: LSAD best on 10/12
(+8.0pp AUC vs. HEA; 2.1x lower variance).
Amplitude encoding best for p > 16 (+12.4% R2).
QNG +Adam: -48.4% iterations for regression.
MI-aligned entanglement: +8.4pp AUC, +14.4%

R2. Design guide: 6 task-class recommendations.

DPS = 0.908.

6.2 Design Guide and Open Resources

The VQCDS design guide is the primary practical

contribution: practitioners selecting a VQC
configuration for a new ML task can identify their
task class (regression / classification / generative /
RL), data dimensionality (p > 16 or p <= 16), and

domain context (quantum-process proximity) --

then apply the recommended configuration from
Table 2. The VQCDS toolkit (all 48 VQC
configurations implemented in Qiskit and Cirqg; 12
benchmark task preprocessors; gradient
estimation library including QNG; MiI-alignment
heuristic; all IBM Quantum and IonQ Forte job
data; interactive design guide web interface) is
available at vgcds-quantum.org. The interactive
design guide at vgcds-quantum.org/guide allows
practitioners to input their task parameters and
receive a recommended VQC configuration
without reading the full paper. Technical details in

Appendix A.
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Appendix A

VQCDS Configuration Details and

Benchmark Specifications

The following provides full VQCDS configuration
implementation details and all 12 benchmark task

specifications.

VQC Configuration Implementation

Benchmark Task Specifications
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