Astronomy and Computing 57 (2026) 101168

Contents lists available at ScienceDirect

Astronomy and
Computing

Astronomy and Computing o “w%

®

journal homepage: www.elsevier.com/locate/ascom e X

Full length paper

Brain-inspired quantum machine learning architecture and its benchmarking
on astronomical classification

Subhash S. Pandey ?, Mousam Mondal °, Xing Liang ¢, Christos Kalyvas ?, Dimitrios Makris ¢,
Hongwei Wu "

2 School of Physics, Engineering and Computer Science, University of Hertfordshire, College Lane, Hatfield, Hertfordshire AL10 9AB, UK
b Centre for Astrophysics Research, University of Hertfordshire, College Lane, Hatfield, Hertfordshire AL10 9AB, UK
¢ School of Computer Science and Mathematics (CSM), Kingston University London, UK

ARTICLE INFO ABSTRACT
Dataset link: https://www.sdss4.org/dr14/, htt Automated classification of stars, galaxies, and quasi-stellar objects (QSOs) is essential for large-scale astro-
ps://www.sdss4.org/dr17/ nomical surveys, where reliable classifiers must remain stable across survey releases, class imbalance, and

incomplete observational inputs. In this work, we present a Brain-Inspired Quantum Machine Learning (BIQML)
framework for SDSS star-galaxy-QSO classification as a step toward robust source classification for next-
generation photometric pipelines. The model combines a spiking Leaky Integrate-and-Fire (LIF) controller with
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Spiking neural networks a classically simulated variational quantum circuit (VQC), in which the controller sequentially selects quantum
Variational quantum circuits gates using measurement feedback; all circuits are classically simulated, and no hardware-level quantum
Astronomical classification advantage is claimed. The framework is trained and internally tested on SDSS DR17, with SDSS DR14 used
Sloan digital sky survey as an external cross-release test set, and is benchmarked against a broad suite of baselines including Random
Cross-domain generalization Forest, Extra Trees, HistGradientBoosting, Logistic Regression, Linear Support Vector Machine, and Multilayer

Perceptron classifiers under a repeated ten-split protocol with paired statistical significance testing. In the
full-feature setting, BIQML is statistically on par with the strongest classical baselines, reaching 97.36 + 0.05%
accuracy (96.90% balanced) on SDSS DR17 and 98.76 + 0.09% accuracy (98.41% balanced) on the external
SDSS DR14 test set, where the leading tree ensembles span 97.3-97.8% and 98.8-99.4%, respectively. To
probe robustness when key observational channels are unavailable, we introduce a low-sensor (g,r,i) no-
redshift setting in which spectroscopic redshift, the u- and z-bands, and metadata are removed. Under this
reduced-feature condition, BIQML remains among the top-performing models on a single controlled split (0.805
balanced accuracy, versus 0.64-0.80 for the classical baselines), achieving 85.58% accuracy on SDSS DR17 and
93.44% accuracy on SDSS DR14, suggesting that it remains competitive, degrading no more than the strongest
ensembles, when discriminative information is scarce. A component-level ablation isolates the contributions of
the VQC, the spiking controller, and the measurement-feedback loop, while both an analytic noise screening
and a finite-shot, IBM-calibrated device-noise benchmark show that BIQML predictions remain stable under
representative depolarizing, amplitude-damping, readout, and realistic NISQ-style noise channels. Together,
these results position BIQML as a competitive and robust quantum-inspired architecture for astronomical source
classification under cross-release shift and limited observational information.

1. Introduction Digital Sky Survey (SDSS) (Abolfathi et al., 2018; Abdurro’uf et al.,
2022). Over the past decade, numerous studies demonstrated that this

Modern ground-based and space-based observatories have produced problem could be effectively addressed using supervised, unsupervised,
astronomical datasets of unprecedented scale, making automated and ensemble-based machine-learning approaches applied to SDSS data

source classification an essential component of observational astron-
omy. In particular, reliable astronomical object classification, such as
the separation of stars, galaxies, and quasi-stellar objects (QSOs), is a
foundational task for large spectroscopic surveys including the Sloan

(Logan and Fotopoulou, 2020; Cunha and Humphrey, 2022; Wen et al.,
2023; Whiting et al., 2020; Peruzzi et al., 2021; Wang et al., 2023;
Portillo et al., 2020; Fraix-Burnet et al., 2021; Chatterjee and Ghosh,
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2025). While these methods achieved high accuracy when trained and
tested on data drawn from the same survey release, their robustness
across different survey versions, sky coverage, and data distributions
remained an active area of investigation. A further and less frequently
examined challenge is robustness to incomplete observational inputs,
where spectroscopic redshift or specific photometric bands may be
unavailable, expensive to obtain, or deliberately excluded in fast photo-
metric pipelines. In this work, we address these robustness challenges
by introducing a Brain-Inspired Quantum Machine Learning (BIQML)
framework for star—galaxy-QSO classification and benchmarking it
against a broad suite of classical tabular baselines under repeated-split
and external cross-release evaluation protocols.

Brain-Inspired Machine Learning (BIML) draws motivation from
biological neural systems, which process information through sparse,
event-driven, and temporally adaptive dynamics rather than continuous
activations (Wang et al., 2026; Irfan et al., 2021; Singh et al., 2025;
Atashgahi et al., 2022). BIML models commonly employ spiking neuron
formulations (Kasabov, 2010), such as the Leaky Integrate-and-Fire
(LIF) neuron, enabling temporal integration (Ai et al., 2025), stateful
processing, and sensitivity to feedback. These properties allow BIML
systems to learn efficiently from limited data and to adapt rapidly under
uncertainty. In the context of astronomical classification, such dynam-
ics are advantageous for handling overlapping class boundaries and
evolving survey characteristics. However, BIML models alone remain
constrained by classical representational limits and do not explicitly
exploit non-classical feature interactions (Schmidgall et al., 2024).

Quantum Machine Learning (QML) leverages quantum-mechanical
principles to construct expressive models based on parameterized quan-
tum circuits, often referred to as Variational Quantum Circuits (VQCs)
(Martin-Guerrero and Lamata, 2022; Lu et al., 2024). In QML, clas-
sical data are encoded into quantum states and transformed through
trainable unitary operations, enabling highly non-linear feature map-
pings via superposition and interference. Despite their representational
power, practical QML models typically rely on fixed circuit ansitze
and hybrid quantum-classical optimization, which can suffer from
barren plateaus, sensitivity to initialization, and inefficient exploration
of the circuit design space. These limitations restrict their robustness
and scalability for real-world astronomical datasets (Bhavsar et al.,
2023; Rahmaniar et al., 2024). Hybrid quantum-classical models have
also been applied to astrophysical classification; for example, Rauf
et al. (2026) proposed a hybrid quantum—classical convolutional neural
network that amplitude-encodes raw astronomical images into a fixed,
randomized quantum circuit used as a front-end feature extractor for a
separately trained CNN. BIQML differs in three respects: it operates on
tabular photometric and spectroscopic features rather than images; it
treats the circuit structure as a learned, sequentially constructed object
with measurement feedback rather than a fixed extractor decoupled
from the classifier; and it targets robustness under cross-release shift
and reduced observational information rather than in-distribution accu-
racy. Given these differences in data modality and evaluation objective,
a direct numerical comparison is not meaningful, and we position
BIQML relative to Rauf et al. (2026) on architectural grounds.

BIQML integrates the adaptive, feedback-driven dynamics of BIML
with the expressive capacity of QML (Andrés et al.,, 2024; Nguyen
et al., 2024; Duan et al., 2025). In this framework, spiking neural
controllers sequentially construct and adapt a quantum circuit through
measurement-driven feedback, forming a closed-loop hybrid learning
system. Rather than optimizing a static quantum ansatz, BIQML treats
quantum circuit design as a decision-making process guided by brain-
inspired principles such as sparse activation, temporal accumulation,
and iterative refinement. This combination is hypothesized to reduce
the effective search complexity of quantum circuit construction while
promoting robust, transferable representations, a hypothesis we ex-
amine empirically rather than assume. We state our scope explicitly.
In this study, all quantum circuits are executed using classical state-
vector simulation; we therefore do not claim, and our results do not
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require, any hardware-level quantum speed-up or quantum advantage.
The variational quantum circuit is used as a structured, quantum-
inspired nonlinear feature transformation with measurement feedback,
and any performance reported here is attributable to this architecture
under classical simulation rather than to quantum hardware execution.
Accordingly, BIQML is presented as a quantum-inspired solver architec-
ture for robust astronomical source classification, particularly for future
large-scale photometric survey pipelines where reliable decisions may
be required under cross-release shifts and incomplete observational
features.

The central question of this work is whether brain-inspired,
measurement-driven circuit construction yields a classifier that remains
reliable both across survey releases and under reduced observational
information. To address this, we make the following contributions:

Comprehensive benchmarking. We evaluate BIQML against
strong classical tabular baselines—Random Forest, Extra Trees,
HistGradientBoosting, Logistic Regression, Linear SVM, and a
Multilayer Perceptron—under a repeated multi-split protocol with
paired statistical significance testing and external DR17—DR14
cross-release evaluation.

Low-sensor robustness stress test. We introduce a reduced
low-sensor g, r,i / no-redshift setting in which spectroscopic red-
shift, the u- and z-bands, and metadata are removed, isolating
performance under limited observational information.
Component-level ablation. We decompose BIQML to quantify
the individual contributions of the VQC, the spiking controller,
and the measurement-feedback loop, distinguishing genuine ar-
chitectural benefit from raw model capacity.

Quantum-noise screening. We assess the stability of BIQML
predictions under representative simulated noise channels (depo-
larizing, amplitude-damping, and readout noise), characterizing
reliability under non-ideal circuit execution.

Together, this structure allows the proposed architecture to be assessed
not only in terms of accuracy, but also in terms of robustness, compo-
nent contribution, and reliability under observational constraints.

The remainder of this paper is organized as follows. Section 2
describes the data and its preparation, Section 3 presents the Brain-
Inspired Quantum Machine Learning architecture, Section 4 reports the
results and discussion, and Section 5 concludes the paper.

2. Data description and preparation

The SDSS is a long-running astronomical survey that has mapped
large regions of the sky using both imaging and spectroscopy with
a dedicated 2.5-m optical telescope at Apache Point Observatory in
New Mexico, USA. SDSS provides high-quality photometric and spec-
troscopic measurements for millions of objects, making it a key resource
for studies of stars, galaxies, and quasars. The datasets used in this
work were obtained from SDSS DR14! (Abolfathi et al., 2018; Rahman,
2018) and SDSS DR17% (Abdurro’uf et al., 2022; Ghosh, 2024). Each
object in both datasets was described by a common set of photometric
and spectroscopic measurements and a class label identifying it as a
star, galaxy, or QSO. From the raw catalog columns, comprising the
five photometric magnitudes (u,g,r,i,z), spectroscopic redshift, and
associated observational metadata, a set of derived colour and summary
features was constructed, yielding the full feature representation used
by the models. The features were constructed by joining the SDSS
photometric and spectroscopic catalogs, ensuring physically reliable
class labels derived from spectroscopy.

SDSS DR17 (Abdurro’uf et al., 2022; Ghosh, 2024) originally con-
tained approximately 100,000 objects whose classes (star, galaxy, or

1 https://www.sdss4.org/dr14/
2 https://www.sdss4.org/dr17/
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Fig. 1. Mollweide projection of the sky distribution of SDSS spectroscopic sources in equatorial coordinates. The horizontal axis shows right ascension (hours)
and the vertical axis shows declination (degrees). The SDSS DR17 training sample (99,872 sources) is displayed using a continuous colour scale representing right
ascension, illustrating the sky coverage of the survey. The SDSS DR14 validation subset (10,000 sources) is overplotted in red. The two samples occupy distinct
regions on the sky with no positional overlap, ensuring spatial independence for cross-release evaluation.

quasar) were determined from their observed spectra, while the SDSS
DR14 (Abolfathi et al., 2018; Rahman, 2018) subset used in this work
contained approximately 10,000 objects. The two datasets were cross-
matched using sky coordinates, specifically right ascension (RA) and
declination (DEC), which identified 128 common sources. These over-
lapping objects were removed from the SDSS DR17 sample to prevent
any potential data leakage. After this filtering, a total of 99,872 SDSS
DR17 sources were retained and used for model training, while the
full SDSS DR14 subset of 10,000 objects was reserved exclusively for
external testing.

SDSS DR17 covered a significantly broader sky area (0° < RA <
360°, —18.8° < DEC < 83.0°) compared to the SDSS DR14 test subset
(8.2° < RA < 260.9°, —5.4° < DEC < 68.5°). This difference pro-
vided an external cross-release evaluation setting for assessing model
generalization across a wider and previously unseen sky footprint. The
spatial distribution of the 99,872 SDSS DR17 training sources is shown
in Fig. 1 using a colour scale based on right ascension, while the 10,000
SDSS DR14 validation sources are overplotted in red. The two samples
occupied distinct regions on the sky, with no positional overlap within
the adopted matching tolerance, confirming that the DR14 subset used
in this work was spatially independent of the DR17 sample.

The primary observational features included the five SDSS pho-
tometric magnitudes (u, g, r,i,z), spanning ultraviolet to near-infrared
wavelengths and encoding essential colour information for classifica-
tion, together with spectroscopic redshift. The class distributions for
both SDSS DR17 (training set) and SDSS DR14 (test set) were shown in
Fig. 2.

In addition to this full-feature setting, we also considered a reduced
low-sensor g, r, i no-redshift setting to evaluate model behaviour when
key observational channels are unavailable. In this setting, spectro-
scopic redshift, the u-band, the z-band, and metadata columns were
removed. Only the g, r, and i photometric bands were retained, to-
gether with derived colour and compact photometric summary features:
g -1 r—1i g =i My, 04, and s,,;, where m,,, o,,, and s,
denote the mean magnitude, magnitude standard deviation, and colour
slope across the retained bands. This reduced-feature setting was de-
signed to emulate incomplete or low-sensor observational conditions,

where spectroscopic redshift or specific photometric channels may be
unavailable, expensive, corrupted, or deliberately excluded.

Redshift was a key astrophysical parameter that encoded distance
and cosmic expansion effects, and it served as a physically meaningful
discriminator among different spectroscopic classes. As shown in Fig. 3,
stars were predominantly nearby objects and therefore populated the
lowest redshift regime. This behaviour was evident in the blue curves,
where the dashed line corresponded to the SDSS DR17 sample and
the solid line to the SDSS DR14 sample, both concentrated at < 1073.
Galaxies, shown in green, occupied intermediate redshift ranges, re-
flecting their extragalactic but relatively local nature. QSOs, depicted in
purple, extended to the highest redshifts, consistent with their origin as
distant, luminous active galactic nuclei. The clear separation in redshift
distributions across classes highlighted the strong physical relevance of
redshift as a discriminative feature in SDSS-based classification.

The DR17 and DR14 samples also differed in class composition,
with DR17 being more galaxy-dominated and DR14 containing a larger
relative fraction of stars. Therefore, overall accuracy alone may not
fully capture cross-release performance. For this reason, the experi-
ments reported balanced accuracy, macro-averaged F1 score, class-wise
precision and recall, and one-vs-rest AUC in addition to overall accu-
racy. This allowed the evaluation to distinguish genuine cross-release
generalization from changes caused by different class priors.

The DR17-DR14 comparison was therefore treated as an explicit
cross-release distribution-shift problem rather than only as an external
test split. The distinct sky coverage in Fig. 1, the class-prior differences
in Fig. 2, and the redshift-distribution differences in Fig. 3 provide
the physical and statistical context for this shift. In the extended
analysis, feature-wise distribution differences were quantified using the
Kolmogorov-Smirnov statistic and Wasserstein distance.

3. Brain-inspired quantum machine learning architecture
3.1. Motivation and design philosophy

Biological neural systems are able to solve complex, high-
dimensional tasks efficiently, even with limited training exposure.
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Fig. 2. Distribution of stars, galaxies, and quasars in the SDSS DR17 training set (Abdurro’uf et al., 2022; Ghosh, 2024) and the SDSS DR14 test set (Abolfathi
et al., 2018; Rahman, 2018). The different class proportions motivate the use of balanced accuracy, macro-averaged metrics, and class-wise performance reporting

in addition to overall accuracy.
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Fig. 3. Redshift distribution of stars, galaxies, and quasars in the SDSS DR17 training set (Abdurro’uf et al., 2022; Ghosh, 2024) and the SDSS DR14 test set
(Abolfathi et al., 2018; Rahman, 2018). Redshift provides a strong discriminative feature in the full-feature setting and motivates the additional low-sensor

no-redshift experiment.

Here, this biological analogy is used only as an architectural motivation
rather than as a claim of direct biological equivalence. This ability is
commonly attributed to three key principles: (i) recurrent, stateful pro-
cessing, which allows information to be accumulated and refined over
time; (ii) sparse, event-driven computation, which focuses learning sig-
nals on a small subset of active neurons; and (iii) closed-loop feedback,
which enables continuous adaptation based on outcomes. Together,
these mechanisms support rapid learning and robust generalization
under uncertain conditions.

In contrast, variational quantum algorithms typically rely on fixed
circuit ansétze, whose optimization is often impeded by highly non-
convex loss landscapes, sensitivity to initialization, and the presence
of barren plateaus. The discrete and combinatorial nature of quantum
circuit design further complicates gradient-based optimization, par-
ticularly when the gate structure itself must be learned. The BIQML
architecture is therefore motivated by the hypothesis that incorporat-
ing brain-inspired decision-making mechanisms into quantum circuit

construction can reduce the effective search complexity and acceler-
ate convergence toward task-relevant quantum representations. In the
present work, this hypothesis is evaluated empirically through full-
feature benchmarking, reduced-feature stress testing, and component-
level ablation rather than being presented as a proof of quantum
advantage.

3.2. Architecture overview and data flow

BIQML is formulated as a closed-loop hybrid system comprising
a brain-inspired feature compressor, a spiking neural controller, and
a variational quantum circuit (VQC) coupled through measurement
feedback, as illustrated in Fig. 4. Rather than optimizing a static
quantum circuit, the model learns to sequentially construct the cir-
cuit through a series of discrete gate-selection decisions informed
by intermediate quantum measurements. In this implementation, the
VQC is executed using a classical state-vector simulator (PennyLane
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Fig. 4. Schematic of the BIQML architecture. Input features x; are first mapped by a brain-inspired spiking feature compressor C, into a qubit-aligned
representation and encoded into a classically simulated variational quantum circuit (VQC). At each decision step t = 1, ..., T, the spiking LIF controller, conditioned
on the compressed features and previous measurement [z, m,_,], selects one gate a, per qubit from a finite quantum gate pool (“Selected Gate”) and generates
the corresponding rotation parameters 6,, which the time-step VQC builder appends as the next circuit layer (inner loop). The resulting circuit is measured, and
the intermediate Pauli-Z expectation values m, are fed back to the controller to inform subsequent decisions (outer loop). The controller additionally produces
a value “baseline” used for variance reduction during training. After the final step, the terminal measurement vector is passed to a classical readout layer for

star—galaxy—QSO classification.

lightning.qubit); the quantum component is therefore treated as
a quantum-inspired feature transformation and measurement-feedback
mechanism rather than as evidence of hardware-level quantum ad-
vantage. This closed-loop interaction enables the controller to adap-
tively refine the circuit structure based on the evolving quantum
measurement state.

Let x € RP denote a classical input sample. A brain-inspired
compressor C,, (Section 3.3) maps x into a qubit-aligned angle vector
z € [—nx,x]", where n, is the number of qubits. In this work, n, = 6
qubits are used. The initial quantum state is then prepared according
to

[wo(x)) = E(2)0)®"4, €))

where € denotes a parameterized data-encoding operator, implemented
as a single-rotation R, angle embedding, £(z) = :‘;1 Ry (z,). Eq. (1)
defines the starting point of the sequential circuit-construction process
depicted in Fig. 4. The controller then unrolls the VQC over T = 5
decision steps, selecting one gate per qubit at each step from a finite
gate pool of size K = 8.

3.3. Brain-inspired feature compressor

Before any quantum operation, the classical input x € R” is mapped
to the qubit-aligned angle vector z € [-z,x]" by a brain-inspired
compressor C, that itself uses spiking dynamics. The input is first
projected to a hidden current and gated,

¢ = (GELULN W,,x) ® 6(LN W,x), @)

where LN denotes layer normalization, ¢ a sigmoid context gate,
and © elementwise multiplication. This current drives a recurrent LIF
layer over .S internal micro-steps with a learnable per-step temporal
bias, producing spike and membrane traces {s"), ”(j)}f=1~ A temporal-
attention weighting §; = softmax j(I/I/av(f)) aggregates the traces into a

Algorithm 1 BIQML: brain-inspired compressor, spiking controller with
probabilistic gate selection, and measurement feedback

1: Input: sample x € RP, qubits n, = 6, horizon T = 5, gate-pool size
K =38

: Gate pool: G = {Ry, Ry, R, PhaseShift, H, S, T, I}

: Output: class logits #(x)

: Compress x to a qubit-aligned angle vector z = C,,(x) € [~x, x]"

: Prepare the encoded state |yy(x)) = £(2)|0)®" using R, embedding

: Initialize feedback m, < 0, membrane state v, < 0, partial circuit
U1

: Initialize empty action list A and angle list ©

: forr=1to T do

(¢}, 6,,b;,m;,v,) < LIFController(z, m;,_y, v,_;)

10: for g=1ton, do

11: Sample gate action a,, ~ Cat(softmax(¢, ,))

12: If the identity action is selected, apply the no-operation gate I

13:  end for

14:  Append g, to A and 6, to ©

15:  Apply selected single-qubit gates, then the entangling block

U(a;,0,)
16:  Update the partial circuit U;., = U,U;.,_;
17:  Evolve the encoded state: |y,) « U;.,|yy(x))

U A WN

© © N

18:  Measure local Pauli-Z expectations m, = ((Zl Vo eers (Z,,q >,)
19:  Feed m, back to the controller for the next step

20: end for

21: £(x)=W,mp +b,

22: return 7(x)

pooled spike code and membrane code, which are concatenated and

passed through a bottleneck head with a tanh output,

z=n tanh(Head[Zj ﬂst); Y ﬂjv(j)]> € [—rx, x]". 3
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During training, C,, is regularized by a spike-rate target term and a
latent-decorrelation term that discourages redundancy among the n,
output channels. The compressor hidden width is 256, with § = 5
internal steps, leak coefficient « = 0.90, and spike-rate target 0.10. The
spiking compressor is retained in all component-level ablation variants;
its independent contribution relative to a non-spiking feed-forward
compressor is not isolated in the present study.

3.4. Spiking controller and gate-selection policy

The core of the BIQML framework is a brain-inspired spiking con-
troller that operates as a recurrent decision-making system. The con-
troller maintains an internal membrane state v, and generates binary
spike events s, according to leaky integrate-and-fire (LIF) dynamics
(Ahmadvand et al., 2025; Sepulchre, 2022):

Uy = av, + Wu, — 9s,, 4
s, =H(, - 9), %)

where v, € R™ is the membrane potential at step ¢ with n;, hidden units,
a € (0, 1) is the leak coefficient, W is a learned input weight matrix, and
9 is the firing threshold. The Heaviside function H(-) produces binary
spikes s, € {0, 1}", and the term —9s, implements a soft reset prevent-
ing unbounded membrane accumulation. During backpropagation, the
non-differentiable Heaviside function is replaced by a sigmoid-based
surrogate gradient, ds,/dv, ~ f o(f(v, — 9))(1 - c(B(v; — 9))) with g = 10.
The controller hidden dimension is n;, = 256.
The controller input is

u; = [z,m;_1, (6)

where z € R" is the compressed input and m,_; € [-1,1]"% is the
measurement vector from the previous step. The initial feedback vector
is my = 0, so each circuit-construction decision is conditioned on the
input representation and the most recent quantum measurement, never
on unavailable future measurements.

Based on the spike activity s,, the controller produces four outputs:
(i) logits 7, € R"*K defining a categorical gate distribution per qubit;
(ii) rotation angles 6, € R"s; (iii) a value estimate b, used as a variance-
reduction baseline; and (iv) a predicted measurement vector 1, used as
an auxiliary predictive-feedback signal. Here n, = 6 and K = 8, with
the gate pool

G = {Ry. Ry, Ry, PhaseShift, H, S, T, I}, @

where S and T are realized as fixed phase shifts of z/2 and =/4,
respectively, and the identity gate I provides an explicit no-operation
pathway. When the controller selects an inactive or spike-suppressed
action for a qubit, the corresponding operation is the identity transfor-
mation rather than a forced rotation; this defines the spike-suppression
edge case in the gate-selection process.
The policy over circuit actions is
q
g(a, | zm,_;) =[] Cat (a,,: softmax(Z, ). (8)
gq=1
where q,, selects the gate type for qubit ¢ at step ¢ and ¢ denotes
the controller parameters. Gate selection is performed independently
per qubit while remaining conditioned on the shared recurrent state
and the previous measurement feedback. Across the T = 5 steps,
the controller generates a temporally ordered action sequence A =
{ai,...,ar} and angle sequence © = {6,,...,0;} specifying the VQC
evaluated by the simulator. A temperature applied to the gate logits
is annealed from 1.1 to 0.85 over training to sharpen the policy as
learning proceeds.
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3.5. Quantum circuit construction and measurement feedback

At each step ¢, the controller samples discrete gate actions a, =
(@15 a,) and continuous rotation parameters 6, = (6,,... +01n,)s
selecting one operation per qubit from the gate pool §. The circuit layer
at step ¢ is

g
U(a,.0,) = £5) <H 8ay, (0,,q>> : ©
q=1

where g, , (6, ,) is the controller-selected single-qubit operation on qubit

q, and 8(2

¢ 18 the entangling block. The adaptive part of the construction
is the controller-driven selection of single-qubit gates and their rotation
angles. The entangling block has a fixed topology with parameterized
couplings: it applies a CNOT ring, an alternating layer of CZ gates
whose pattern depends on the step parity r mod 2, and a ring of weak
controlled-Ry rotations CRY(%H,JI) driven by the controller angles.
Two-qubit gates are therefore not selected as independent discrete ac-
tions; instead, a fixed connectivity pattern is modulated by continuous,
controller-generated coupling strengths.
Each decision step incrementally extends the circuit by appending
a controller-generated layer, so that BIQML constructs the circuit as
a temporally ordered sequence of T = 5 decisions rather than a
single fixed ansatz. The same input sample thus influences the circuit
repeatedly through the interaction between the compressor, the spiking
controller, the selected gate sequence, and the measurement-feedback
signal. After T steps the complete circuit is

Upr =UrpUr_y - Uy, 10)
and the state at step ¢ is

lwi) = Uy lwo(x). 1D

All circuit evaluations use a classical state-vector simulator; the VQC
is therefore a quantum-inspired nonlinear feature transformation and
feedback source, not a demonstration of hardware-level quantum
speed-up.

Measurement feedback is computed from local Pauli-Z expectation
values,

m = (0 (200,

yielding m, € [—-1,1]", a compact state-dependent summary fed back
to the controller at the next step. The controller input at step ¢ + 1
thus depends on both the compressed astronomical features and the
measurement response of the circuit built up to step 7. This closed-loop
construction is the main architectural distinction of BIQML relative to
fixed-ansatz VQC models.

(Zq>t = <Wt|Zq|W7>’ 12)

3.6. Final readout and prediction

After the final step 7, the terminal measurement vector my is
mapped to class logits by a classical readout layer,

(x) = Womp +b,, 13)
followed by a softmax,
$ = softmax(£(x)), 14)

with trainable parameters W,,b,. The VQC is not optimized as an
independent standalone circuit; its sampled gate sequence is generated
by the spiking controller and evaluated through the simulator, while
the compressor, controller, and readout are trained jointly through the
supervised and policy-gradient objective. The complete data flow is
summarized in Fig. 5.
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BIQML hyperparameters. The same configuration is used in both the full-feature and low-sensor settings; the two differ

only in the input feature set.

Group Hyperparameter Value

Quantum circuit Qubits n, 6
Decision horizon T 5
Gate-pool size K 8

Data encoding
Entangling block

Ry angle embedding
CNOT ring + alt. CZ + weak CRY

Simulator PennyLane lightning.qubit
Compressor Type LIF spiking

Hidden width 256

Internal steps .S 5

Leak a 0.90

Spike-rate target 0.10

Decorrelation weight 0.01

Dropout 0.05
Controller Hidden units n, 256

Surrogate slope f 10

Gate temperature (anneal) 1.1 - 0.85
Optimization Optimizer AdamWw

Base learning rate 7 x 107

Weight decay 5 x 107

Scheduler ReduceLROnPlateau (max val. acc., patience 3)

Batch size 128

Epochs 60

Readout/controller/angle/value Ir mult. 2.5/0.8/1.0/0.5
Loss weights Ao (policy) 0.40

A, (value) 0.20

Ape (pred. consistency) 0.08

A, (spike) 2 x 1073

A. (energy) 2 x 107

4. (compressor) 0.02

3.7. Training objective and optimization

Training optimizes supervised classification performance together
with the efficiency and stability of circuit construction. Because the gate
choices g, are discrete, the gate-selection component is optimized with
a policy-gradient objective. The overall loss is

L="Lep+ AL

pg=pg + j’V[:V + ApeLpe + }‘SRspike + A’eRenergy! (15)

pepe
where Lcp is the cross-entropy classification loss, £, the policy-
gradient loss for the discrete gate policy, £, the value-baseline loss,
and L a predictive-consistency loss penalizing disagreement between
the controller-predicted 7, and the simulator-observed m,. The terms
Rpike and Reroy Penalize excessive spiking activity and membrane-
state energy. An additional compressor regularization term (spike-rate
and latent-decorrelation, Section 3.3) is included with weight A_.

The model is trained with the AdamW optimizer using component-
specific learning rates (the readout, controller, angle head, and value
head use multipliers of 2.5, 0.8, 1.0, and 0.5 of the base rate, respec-
tively) and a ReduceLROnPlateau schedule that monitors validation
accuracy. All hyperparameters are identical across the full-feature and
low-sensor settings and are listed in Table 1; the two settings differ
only in the input feature set (18 versus 9 features, with redshift,
u-, and z-bands removed in the low-sensor case). The discrete cir-
cuit structure is learned through the controller policy, while the VQC
measurements provide simulator-based feedback used by the readout
and auxiliary losses, keeping the procedure reproducible and compat-
ible with classical simulation. The complete data flow, from feature
compression through the closed-loop circuit construction to the final
classical readout, is summarized in Fig. 5.

4. Results and discussion
4.1. Experimental protocol and baselines

All models were evaluated under a unified, controlled protocol.
SDSS DR17 (99,872 sources, with the 128 DR14-overlapping objects

removed) was used for training and internal testing, and the full
SDSS DR14 subset (10,000 sources) served as a held-out external
cross-release test set. To obtain stable estimates and enable statistical
comparison, the full pipeline was repeated over ten random train-
ing/validation/test splits (seeds 42, 52, 62, 72, 82, 92, 102, 112,
122, 132); for every split, all models were trained and evaluated on
identical data partitions and identical preprocessing. We report mean +
standard deviation across the ten splits for accuracy, balanced accuracy,
macro-F;, and macro one-vs-rest AUC.

BIQML was benchmarked against six classical baselines spanning
linear models, ensembles, and neural networks: Logistic Regression, a
Linear Support Vector Machine, Random Forest, Extra Trees, HistGradi-
entBoosting, and a Multilayer Perceptron (MLP). Because the DR17 and
DR14 class priors differ (Fig. 2), we report balanced accuracy, macro-
averaged F1, and one-vs-rest (OvR) AUC alongside overall accuracy, so
that performance is not dominated by the majority class. Statistical sig-
nificance of the BIQML-baseline differences was assessed using paired
per-split ¢-tests and Wilcoxon signed-rank tests across the ten seeds.

Three complementary experiments are reported: (i) a full-feature
benchmark using the complete photometric and spectroscopic repre-
sentation; (ii) a low-sensor g,r,i no-redshift stress test that removes
redshift, the u- and z-bands, and metadata; and (iii) a component-
level ablation that isolates the contributions of the VQC, the spiking
controller, and the measurement-feedback loop. A simulated quantum-
noise screening and a quantitative distribution-shift analysis complete
the evaluation.

4.2. Full-feature benchmark

Table 2 reports the full-feature results on the DR17 internal test
set and the DR14 external set, averaged over ten repeated splits and
reported as mean + standard deviation. For BIQML, the internal DR17
test performance was 97.36 +0.05 percent accuracy, 96.90 +0.08 percent
balanced accuracy, 0.9697 + 0.05 macro-F;, and 0.9955 + 0.0003 macro-
OvR AUC. On the external DR14 set, BIQML reached 98.76 + 0.09
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Input features x € RP

Feature compression
x —» z € Ru

‘ Quantum encoding

lo(x) = &) [0y

Spiking controller (LIF)
input: [z, m,_1]
output: gate logits ¢},
angles 6,, baseline b,

Gate selection from pool
G = {Rx, Ry, Rz, PhaseShift, H,S, T, I}
a, ~ Cat(softmax(¢,))

measurement

Construct next VQC layer
Unan6) = Een( T1, 8ay019))

classically simulated VQC

Quantum measurement
me= ()i (Za))

yes

t<T?

no

Final classical readout
logits £(x) = W,my + b,
prediction § = softmax(£(x))

feedback m;,

Fig. 5. Closed-loop data flow of the BIQML architecture. The classical input is compressed into a qubit-aligned representation and encoded into a classically
simulated VQC. At each of the T decision steps, the spiking LIF controller receives the compressed representation together with the previous measurement vector
m,_,, selects one gate per qubit from the finite gate pool, and generates the corresponding rotation parameters; the resulting layer extends the circuit, which is
measured to produce m,. The measurement is fed back to the controller (right-hand loop), and after the final step the terminal measurement vector m; is mapped
to class logits by a classical readout layer. This sequential, measurement-driven construction, rather than a fixed ansatz, is the defining feature of BIQML.

percent accuracy, 98.41 + 0.09 percent balanced accuracy, 0.9839 +0.11
macro-F;, and 0.9980 + 0.0002 macro-OvR AUC. Across both datasets,
BIQML was competitive with the strongest classical ensembles and
clearly outperformed the linear baselines.

The paired significance tests in Table 3 make this comparison
precise. Throughout, 4 denotes the mean accuracy difference, BIQML
minus baseline; therefore, a positive value favours BIQML and a neg-
ative value favours the baseline. On the external DR14 set, BIQML
significantly outperformed Logistic Regression (4 = +4.29 percentage
points, paired-r p = 9.8 x 10~13), Linear SVM (4 = +2.41 percentage
points, p = 8.5 x 107'4), and MLP (4 = +0.47 percentage points,

p = 2.1 x 107%). Its difference from Extra Trees was not significant
(4 = —-0.02 percentage points, p = 0.51). Random Forest and Hist-
GradientBoosting were marginally but significantly ahead of BIQML
on DR14, with 4 = —0.61 percentage points (p = 9.3 x 10~19) and
A = —0.14 percentage points (p = 7.5x1073), respectively. The Wilcoxon
signed-rank tests in Table 3 support the same overall interpretation.
A similar ranking pattern was observed on the DR17 internal test set.
We therefore do not claim that BIQML is the single best classifier in
the full-feature regime. Rather, it is statistically competitive with the
strongest tabular baselines, clearly stronger than the linear models, and
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Full-feature benchmark on SDSS DR17 (internal test) and SDSS DR14 (external cross-release test), reported as mean + standard
deviation over ten random splits. Best mean per column is shown in bold. AUC is one-vs-rest (OVR).

Dataset

Model

Accuracy

Balanced Acc.

AUChacro

F1

macro

DR17 (internal)

Random Forest
HistGradientBoosting
BIQML

Extra Trees

MLP

Logistic Regression
Linear SVM

0.9779 + 0.0009
0.9758 + 0.0011
0.9736 + 0.0005
0.9726 + 0.0010
0.9716 + 0.0012
0.9430 + 0.0017
0.9372 + 0.0014

0.9717 + 0.0012
0.9743 + 0.0013
0.9690 + 0.0008
0.9654 + 0.0012
0.9662 + 0.0013
0.9509 + 0.0016
0.9455 + 0.0015

0.9958 + 0.0002
0.9963 + 0.0003
0.9955 + 0.0003
0.9947 + 0.0003
0.9950 + 0.0004
0.9882 + 0.0005
0.9859 + 0.0006

0.9742 + 0.0010
0.9722 + 0.0013
0.9697 + 0.0005
0.9684 + 0.0011
0.9675 + 0.0013
0.9365 + 0.0019
0.9307 + 0.0015

+

DR14 (external)

Random Forest
HistGradientBoosting
Extra Trees

BIQML

MLP

Linear SVM

Logistic Regression

0.9937 + 0.0003
0.9890 + 0.0006
0.9878 + 0.0003
0.9876 + 0.0009
0.9829 + 0.0014
0.9635 + 0.0006
0.9448 + 0.0009

0.9851 + 0.0007
0.9840 + 0.0006
0.9808 + 0.0007
0.9841 + 0.0009
0.9797 + 0.0014
0.9491 + 0.0004
0.9306 + 0.0006

0.9991 + 0.0001
0.9988 + 0.0001
0.9981 + 0.0001
0.9980 + 0.0002
0.9970 + 0.0003
0.9909 + 0.0001
0.9913 + 0.0001

0.9880 + 0.0005
0.9828 + 0.0008
0.9828 + 0.0004
0.9839 + 0.0011
0.9800 + 0.0015
0.9547 + 0.0005
0.9411 + 0.0006

+
+

Table 3

Paired significance tests of BIQML versus each baseline on the external DR14
set, across the ten splits. A is the mean accuracy difference (BIQML — baseline).
Positive A favours BIQML.

Baseline A (pp) Paired-r p Wilcoxon p
Logistic Regression +4.29 9.8 x 10713 0.002
Linear SVM +2.41 85 x 10714 0.002
MLP +0.47 2.1 x 1073 0.002
Extra Trees —-0.02 0.51 (n.s.) 0.44
HistGradientBoosting -0.14 7.5 x 1073 0.004
Random Forest -0.61 9.3 x 10710 0.002

Table 4
BIQML per-class precision, recall, and F1 (mean over ten splits) in the full-
feature setting.

Dataset Class Precision Recall F1
GALAXY 0.9775 0.9786 0.9781

DR17 (internal) QSO 0.9613 0.9354 0.9482
STAR 0.9730 0.9930 0.9829
GALAXY 0.9912 0.9842 0.9877

DR14 (external) Qso 0.9737 0.9735 0.9736
STAR 0.9862 0.9947 0.9904

is subsequently assessed under cross-release and reduced-information
conditions.

Table 4 reports BIQML’s class-wise performance, averaged over
the ten splits. On DR14, BIQML maintained high and balanced per-
class quality (GALAXY F, = 0.983, STAR F, = 0.990, QSO F, =
0.974), confirming that the strong overall accuracy is not driven by
the majority class. The corresponding confusion matrices for the full-
feature and low-sensor settings are shown in Fig. 6; these are computed
on the held-out test partitions rather than the full samples of Fig. 2, so
their row totals are smaller than the global class counts. The relatively
lower QSO recall on the internal DR17 split (0.935; Fig. 6a) compared
with DR14 (0.974; Fig. 6b) reflects the higher QSO fraction and the
harder galaxy—-QSO boundary in the DR17 sample.

4.3. Low-sensor g,r,i stress test

To probe behaviour when key observational channels are unavail-
able, all models were retrained and evaluated on the reduced nine-
feature representation (the g, r, i magnitudes and the derived colour
and summary features), with redshift, the u- and z-bands, and metadata
removed. This regime is substantially harder: removing redshift elimi-
nates the single most discriminative feature for separating quasars, so
all models lose accuracy. The key question is which model degrades

Table 5

Low-sensor g, r,i no-redshift benchmark (nine features), ranked by balanced
accuracy on the DR17 internal test set, on a single controlled split. BIQML
records the top balanced accuracy, overall accuracy, and macro AUC on this

split.

Rank Model Acc. Bal. Acc. Macro F1 AUC

1 BIQML 0.8558 0.8050 0.8089 0.9430
2 HistGradientBoosting 0.8536 0.7986 0.8052 0.9398
3 MLP 0.8521 0.7949 0.8022 0.9412
4 Random Forest 0.8440 0.7873 0.7929 0.9335
5 Extra Trees 0.8322 0.7730 0.7785 0.9270
6 Logistic Regression 0.7538 0.6637 0.6540 0.8285
7 Linear SVM 0.7391 0.6386 0.6028 0.8245

most gracefully. The training and internal optimization dynamics of
BIQML in this low-sensor setting are shown in Fig. 7. The close agree-
ment between the training and validation curves, together with the
smooth evolution of the individual loss components, indicates stable
convergence without evident overfitting.

Table 5 and Fig. 8 report the ranking. In this information-limited
regime BIQML ranked among the top models on this single controlled
split, reaching a balanced accuracy of 0.8050, marginally ahead of
HistGradientBoosting (0.7986), the MLP (0.7949), and Random Forest
(0.7873), with the linear models trailing far behind (0.64-0.66). On the
same split BIQML also recorded the top overall accuracy (85.58 percent
on DR17) and macro-OvR AUC (0.9430). On the external DR14 set,
BIQML reached 93.44 percent accuracy (86.56 percent balanced accu-
racy). The per-class confusion matrices (Fig. 6¢—d) localize the residual
error: removing redshift leaves galaxy and star recall comparatively
high (DR17 GALAXY 0.941, STAR 0.638; DR14 GALAXY 0.950, STAR
0.968) but reduces QSO recall to 0.836 on DR17 and 0.679 on DR14,
confirming that the galaxy—QSO boundary is the dominant remaining
source of error once redshift is unavailable. The ordering is nonethe-
less the reverse of the full-feature case: the gradient ensembles that
narrowly led when redshift was available now fall behind BIQML once
that feature is removed. This is consistent with the central hypothesis of
this work—that the brain-inspired, measurement-driven representation
remains competitive when discriminative information is scarce. We
emphasize, however, that this low-sensor comparison is reported on a
single controlled split, and we identify placing it on the full ten-split
footing as the primary item of future work.

4.4. Component-level ablation

The full-feature SDSS task is close to saturated when spectroscopic
redshift is available, making small performance differences difficult to
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Fig. 6. Confusion matrices for BIQML star-galaxy—QSO classification. Panels (a) and (b) show the full-feature model on the SDSS DR17 internal test set and the
external SDSS DR14 set; panels (c¢) and (d) show the low-sensor g,r,i no-redshift model on the same two evaluation sets. Removing redshift in the low-sensor
setting increases galaxy—QSO confusion, consistent with the photometric similarity of compact galaxies and quasars at fixed g, r,i colours.
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Fig. 7. Training and internal optimization dynamics of the BIQML architecture in the low-sensor setting. (a) Training and validation accuracy track each other
closely, indicating stable convergence without overfitting. (b) The corresponding loss curves confirm stable optimization under the combined objective. (c) The
individual loss components, comprising the cross-entropy, policy, value, and predictive-consistency terms, evolve smoothly, reflecting balanced multi-objective

learning across the supervised and brain-inspired terms.

attribute reliably to individual architectural components. We therefore
performed the component-level ablation in the more demanding low-
sensor setting, using the same nine g,r,i features as the stress test
above. The experiment was designed as a parameter-matched func-
tional diagnostic rather than a repeated-split superiority study: Full
BIQML and every ablated variant were retrained from scratch under an
identical low-sensor input representation, DR17 train—validation—test
partition, preprocessing, optimization schedule, loss weights, batch
size, and temperature schedule, with each model containing exactly
164,039 trainable parameters. This short-budget component analysis is

10

separate from the main low-sensor benchmark in Table 5: the ablation
re-runs Full BIQML and every variant under a reduced 15-epoch budget
at seed 92, so its Full BIQML balanced accuracy (0.8016) is slightly
below the main-benchmark value (0.8050). The two sets of numbers
are therefore not directly comparable and should be read only within
their respective tables.

The ablation isolates three elements of the sequential circuit-
construction loop while retaining the BIML spiking compressor, the
qubit-aligned representation, the temporal depth, and the readout in all
variants. First, the binary spiking controller is replaced by a continuous
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HistGradientBoosting 1 0.7986
MLP - 0.7949
Random Forest - 0.7873
Extra Trees 1 0.7730
Logistic Regression - 0.6637
Linear SVM - 0.6386
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Fig. 8. Model ranking by balanced accuracy in the low-sensor g, r,i no-redshift setting, on a single controlled split. When spectroscopic redshift and the u- and
z-bands are removed, BIQML records the top balanced accuracy on this split, marginally ahead of the gradient-boosted and tree ensembles that narrowly lead in
the full-feature regime. The linear baselines degrade markedly, indicating that the discriminative signal in this regime is strongly non-linear.

rate-LIF controller with the same membrane update and parameteriza-
tion. Second, the VQC state transition is replaced by a parameter-free
classical state map receiving the same controller-generated gate iden-
tifiers, angles, depth, and nearest-neighbour coupling pattern. Third,
measurement-to-controller feedback is removed by zeroing the in-
coming measurement vector while retaining circuit evaluation and
predictive-state supervision. A final variant removes both binary spik-
ing and the VQC transition; since the BIML compressor remains active
throughout, this is not a fully classical model.

Table 6 and Fig. 9 summarize the results. On the primary low-sensor
DR17 test set, Full BIQML achieves the highest balanced accuracy
(0.8016) and the highest macro one-vs-rest AUC (0.9409). Replacing
binary spiking with a rate-based controller reduces DR17 balanced
accuracy by 0.57 percentage points, removing the VQC transition by
0.23, suppressing measurement feedback by 0.34, and the combined
rate-controller plus classical-state-map baseline by 0.64. Although these
changes are not additive because the components interact, their com-
mon direction on the internal test set indicates that the complete
closed-loop configuration is preferred under limited observational in-
formation, and exact parameter matching shows this cannot be at-
tributed to a larger model. The external DR14 comparison provides a
qualification: Full BIQML attains 0.8630 balanced accuracy, while the
rate-LIF, no-VQC, and combined variants are lower (0.8495, 0.8589,
0.8595), but the no-feedback variant reaches 0.8716, exceeding the
full configuration by 0.87 points on this single external split. The
diagnostic thus consistently supports the contribution of binary spiking
and the VQC transition across both releases, whereas the contribution
of measurement feedback is positive on DR17 but not uniformly so
on external balanced accuracy. This mixed result is reported directly;
repeating the parameter-matched ablation over multiple pre-specified
seeds will be required before drawing a statistical component-level
conclusion. The VQC contribution is evaluated through classical state-
vector simulation and therefore carries substantial computational cost,
with no hardware-level quantum advantage implied.

4.5. Computational cost

Table 7 reports wall-clock training time, inference time, and
trainable-parameter counts for all models, measured on identical hard-
ware over the ten splits. BIQML is, as expected, the most expensive
model: training takes on the order of 1.8 x 10* s per split, versus
seconds to a few minutes for the classical baselines, because every
forward pass evaluates a multi-step quantum circuit on the simulator.
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We emphasize, however, that this comparison is not like-for-like and
should not be read as a measure of intrinsic algorithmic efficiency. The
classical baselines are executed through highly optimized, low-level
numerical libraries (e.g. the compiled scikit—learn ensemble and
linear solvers), whereas the dominant cost of BIQML is the classical
state-vector simulation of its quantum circuits, which scales exponen-
tially in qubit count and is incurred entirely by emulating quantum
execution on a classical processor. This simulation overhead would not
be present on native quantum hardware, where the circuit would be
evaluated directly rather than emulated; the reported training time
therefore reflects the cost of classical emulation, not a fundamental
bottleneck of the architecture itself. Its 168,647 trainable parameters
(full-feature configuration) exceed the tree ensembles and the linear
models but are comparable to the MLP, confirming that the runtime gap
is driven by quantum-circuit simulation rather than by model size. The
same architecture and hidden dimensions are used in the low-sensor
regime, but the absolute parameter count differs because the input
dimensionality differs: the full-feature configuration accepts 18 inputs
and contains 168,647 trainable parameters, whereas the nine-feature
low-sensor g,r,i configuration contains 164,039. The 4, 608-parameter
reduction arises exclusively from the two input-facing BIML compres-
sor projections; within each regime, all ablation variants are exactly
parameter matched. These costs are an honest limitation of classically
simulated quantum-inspired models and are reported transparently;
they also motivate the deliberately shallow circuit (T' = 5, n, = 6) used
throughout. For survey-scale deployment, the trained model’s inference
cost (of order 10% s for ~ 2x 10* objects) is the more relevant figure and
is dominated by the simulator rather than by the classical components.

4.6. Quantum-noise screening

To assess the sensitivity of BIQML to representative quantum-noise
channels, we performed a simulator-based noise screening using depo-
larizing, amplitude-damping, and readout bit-flip channels applied to
the final circuit at strengths of 0.5 percent, 1.0 percent, and 2.0 percent.
Each of the ten trained BIQML models was re-evaluated under all nine
noisy conditions and the ideal noiseless baseline, on both the internal
DR17 test set and the external DR14 set, using analytic (infinite-shot)
expectation values. Across all conditions, the model showed no mea-
surable change in accuracy, balanced accuracy, or macro-F1 relative to
the ideal simulator. We note that, under analytic expectation values,
a global depolarizing channel contracts each Pauli-Z expectation by a
common multiplicative factor, to which the linear readout followed by
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Table 6
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Parameter-matched component-level ablation in the low-sensor g, r, i setting. All variants use identical low-sensor
inputs, data partition, optimization protocol, and 164,039 trainable parameters. A is computed as Full BIQML
minus the corresponding variant in percentage points; a positive value favours Full BIQML. Results are from one
controlled diagnostic run and are not averages across repeated seeds.

Variant SDSS DR17 internal test SDSS DR14 external test
BAcc. Apri7 (PP) AUC, 01 BAcc. Apris (PP)

Full BIQML 0.8016 — 0.9409 0.8630 -

Rate-LIF controller (no binary spikes) 0.7959 +0.57 0.9406 0.8495 +1.34

Fixed classical state map (no VQC) 0.7993 +0.23 0.9404 0.8589 +0.41

No measurement-to-controller feedback 0.7982 +0.34 0.9413 0.8716 -0.87

Rate-LIF + fixed state map 0.7952 +0.64 0.9403 0.8595 +0.35

Component-level ablation
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Fig. 9. Component-level ablation in the low-sensor (g,r,i) setting. Balanced accuracy is shown for the SDSS DR17 internal test and SDSS DR14 external test for
Full BIQML and each parameter-matched component-removal variant. All variants use the same low-sensor representation, data partition, optimization protocol,
and number of trainable parameters. The figure presents a controlled one-run diagnostic and does not display uncertainty intervals or imply statistical significance

across random seeds.

Table 7
Computational cost per split (representative seed). Training and inference are
wall-clock seconds; parameters are trainable counts.

Model Train (s) Infer DR14 (s) Params
BIQML ~18,513 57.1 168,647
MLP 111.3 0.06 46,211
Random Forest 31.9 0.30 -

Extra Trees 5.0 0.34 -
HistGradientBoosting 3.7 0.73 -
Logistic Regression 8.0 0.004 57
Linear SVM 0.8 0.004 57

an arg max decision is largely invariant; the observed stability is there-
fore partly a property of this evaluation regime rather than evidence
of hardware-level fault tolerance. Two architectural factors reinforce
this stability: the VQC is intentionally shallow (a horizon of T = 5
decision steps), limiting the number of operations exposed to accu-
mulated gate errors, and the spiking controller aggregates information
across multiple decision steps rather than relying on a single isolated
circuit output. We therefore interpret these results as indicating that
BIQML predictions are stable under small, representative analytic noise
channels, while a full finite-shot and hardware-noise characterization is
left to future work.

4.7. Quantitative cross-release distribution shift

To verify that the DR17—-DR14 evaluation constitutes a genuine
distribution shift rather than only a class-prior change, we quantified
per-feature differences between the two releases using the Kolmogorov—
Smirnov (KS) statistic and the Wasserstein distance on the standardized
feature space. The shift is substantial and statistically significant for
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the photometric features: the magnitude features exhibit KS statistics
in the range 0.69-0.72 with p < 10~ and Wasserstein distances above
1.6 standard units, confirming a marked covariate shift between the
two releases (Fig. 10). This establishes that BIQML’s stable external
performance reflects genuine cross-release generalization under mea-
surable covariate shift, and that the reported metrics are not an artefact
of class composition alone, which is separately controlled through the
balanced-accuracy and macro-averaged reporting.

4.8. Discussion

Taken together, the three experiments support a nuanced and de-
fensible conclusion. In the full-feature regime, where spectroscopic
redshift nearly separates the three classes, BIQML is statistically on
par with the best classical tabular models (Extra Trees, HistGradient-
Boosting, Random Forest) and clearly superior to linear baselines, but
it does not establish a decisive accuracy advantage, and we do not
claim one. The distinctive behaviour of BIQML emerges under stress:
in the low-sensor g, r, i regime it records the top balanced accuracy on
the reported single split (Fig. 8), and across the DR17—DR14 covariate
shift it maintains high external accuracy. The component ablation (Fig.
9) is consistent with this being a property of the full architecture rather
than of any single part or of raw capacity, since a larger fully classical
recurrent model does not surpass it, though we read the low-sensor
advantage as indicative pending repeated-split confirmation.

The class-wise results provide astrophysical context for where the
models succeed and fail. Redshift cleanly isolates quasars, which oc-
cupy the high-redshift regime, while stars and galaxies overlap at low
redshift (Fig. 3). When redshift is available, QSO recognition is strong
for all models; when it is removed in the low-sensor setting, the galaxy—
QSO boundary becomes the dominant source of error (Fig. 6¢-d): QSO
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Fig. 10. Quantitative cross-release distribution shift between SDSS DR17 and DR14. For the most-shifted standardized features, the Kolmogorov-Smirnov statistic
and Wasserstein distance confirm a substantial and statistically significant covariate shift, establishing that the DR17—DR14 evaluation tests genuine cross-release
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generalization rather than only a change in class priors.

Table 8

Inference-time finite-shot device-inspired noise robustness benchmark for BIQML at 256 shots. The same
previously trained BIQML checkpoint was re-evaluated under the ideal finite-shot reference and four noisy
device-inspired presets; no retraining, noise-aware fine-tuning, or parameter adaptation was performed.
Top: balanced accuracy on balanced 1500-sample subsets of the internal DR17 test set and external DR14
test set. Bottom: balanced-accuracy drop relative to the shot-matched ideal reference. At the displayed
precision, the trained model retains balanced accuracies of 0.9667 on DR17 and 0.9787 on DR14 across all
tested noise presets, corresponding to a reported balanced-accuracy drop of 0.000. These results indicate
decision-level stability of the closed-loop BIQML inference procedure under the tested finite-shot noise

conditions.
Preset 1Q error 2Q error Readout error T, T, Gate duration Shots
(%) (%) (%) (ps) (ps) (1Q/2Q, ns)
Ideal finite-shot 0.0 0.0 0.0 - - - 256
IBM-light 0.1 1.0 1.0 100 80 50/300 256
IBM-medium 0.3 3.0 2.0 80 60 70/400 256
IBM-heavy 0.6 7.0 5.0 50 40 100/600 256
Readout-heavy 0.1 1.0 8.0 80 60 70/400 256

recall falls to 0.836 on DR17 and 0.679 on DR14, whereas galaxy
and star recall remain high, because at fixed g,r,i colours compact
galaxies and quasars are photometrically similar. BIQML’s behaviour in
this regime is consistent with its measurement-feedback representation
capturing higher-order colour interactions that linear and even tree-
based models do not exploit as effectively. Crucially, BIQML shows no
systematic class-specific weakness on quasars: under the repeated-split
protocol it maintains a QSO F1 of 0.974 on DR14, comparable to its
galaxy and star performance and to the MLP baseline, confirming that
its QSO recognition is robust once results are averaged over splits rather
than read from a single confusion matrix.

5. Conclusion

We introduced BIQML, a brain-inspired quantum machine learn-
ing architecture in which a spiking leaky integrate-and-fire controller
sequentially constructs a classically simulated variational quantum cir-
cuit through measurement feedback, rather than optimizing a fixed
ansatz. Applied to SDSS star—galaxy—-QSO classification, it was evalu-
ated through a repeated ten-split full-feature benchmark with paired
significance testing, a low-sensor g,r,i no-redshift stress test, and a
component-level ablation, supported by analytic and finite-shot device-
inspired noise screenings and an explicit cross-release distribution-shift
analysis.
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The picture is deliberately measured. In the full-feature regime,
where spectroscopic redshift nearly separates the three classes, BIQML
is statistically on par with the strongest classical tabular models and
clearly outperforms the linear baselines, but we claim no decisive ad-
vantage, and the ablation confirms that no single component dominates
near saturation. Its distinctive behaviour appears under stress: in the
low-sensor regime it ranks among the top models on a single controlled
split, degrading no more than the strongest ensembles, and across the
DR17—DR14 covariate shift, quantified by Kolmogorov—Smirnov and
Wasserstein diagnostics, it maintains high external accuracy. A larger
fully classical recurrent baseline does not surpass it, though we treat
this as indicative pending repeated-split confirmation.

BIQML also proved stable under non-ideal circuit execution. Across
analytic screening and a finite-shot, IBM-calibrated benchmark at 256
shots, spanning depolarizing, amplitude-damping, readout, and
thermal-relaxation presets (Table 8), the trained model retained its
balanced accuracy to the reported precision (0.9667 on DR17, 0.9787
on DR14), with a 0.000 drop at every condition (Fig. 11). This decision-
level stability is consistent with the deliberately shallow design (n, =
6, T = 5) and the recurrent aggregation of intermediate measure-
ments, suggesting BIQML may retain comparable accuracy on real NISQ
hardware within similar noise and shot-budget regimes.

Limitations bound these claims. All circuits are evaluated by classi-
cal state-vector simulation, so no hardware-level quantum advantage is
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Fig. 11. Finite-shot device-style noise benchmark for BIQML at 256 shots.
Top: balanced accuracy on the internal DR17 test set and external DR14 set
across four IBM-calibrated noise presets and the finite-shot ideal reference;
both curves are flat, at 0.9667 (DR17) and 0.9787 (DR14). Bottom: the
corresponding balanced-accuracy drop relative to the finite-shot ideal, which
is 0.000 at every noise level for both releases (the DR14 line lies exactly under
DR17).

claimed and the training cost reflects that simulation rather than an in-
trinsic bottleneck. The analytic screening uses infinite-shot expectation
values and does not by itself establish hardware fault tolerance, though
the finite-shot benchmark adds complementary evidence under shot
noise. The low-sensor stress test used a single controlled split, and the
ablation compares a ten-seed full model against single-seed variants;
we therefore frame BIQML’s low-sensor standing as competitive parity
with the strongest ensembles rather than a definitive ranking.

The cost of the approach is also reported transparently. BIQML is
by far the most expensive model to train (of order 1.8 x 10* s per split
against seconds to minutes for the classical baselines), but this gap
is dominated by the classical state-vector simulation of its quantum
circuits rather than by model size: at 168,647 trainable parameters it is
comparable to the MLP, and the simulation overhead would not arise
on native quantum hardware. For survey-scale deployment the trained
model’s inference cost (of order 10? s for ~ 2 x 10* objects) is the
more relevant figure, motivating the deliberately shallow circuit used
throughout.

Several directions follow. A hardware-noise characterization on real
NISQ devices is needed to test whether the finite-shot stability persists
under device-specific error channels; extending the repeated-split pro-
tocol and ablation to the low-sensor regime would place that result
on the same footing as the full-feature benchmark; scaling the qubit
count and horizon with feature-importance analysis (e.g. SHAP) would
clarify which photometric interactions BIQML exploits when redshift
is absent; and evaluation across additional surveys, next-generation
pipelines (e.g. LSST-era data), and the reverse DR14—DR17 direction
would test broader survey-to-survey transfer.
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