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Abstract. Data re-uploading offers a compelling paradigm for near-
term quantum machine learning. In this work, we present the full experi-
mental realization of the originally proposed data re-uploading scheme on
a tunable integrated photonic processor. While the deep circuit require-
ments of multi-layer architectures present severe coherence-time bottle-
necks for alternative quantum hardware, the integrated photonic plat-
form naturally accommodates this depth. Crucially, it demonstrates how
parameterizing linear optical networks can execute non-linear compu-
tations without requiring non-linear optical media. Within the Proba-
bly Approximately Correct (PAC) learning framework, we prove that
our separated scheme maintains a finite Vapnik-Chervonenkis (VC) di-
mension scaling linearly with depth. Conversely, we show that for the
examined worst-case configuration, the compressed variant popular in
other implementations exhibits an infinite VC dimension, breaking for-
mal generalization guarantees. Furthermore, Hessian analysis under these
worst-case conditions reveals that the separated architecture ensures a
vastly flatter optimization landscape, yielding a maximum Hessian eigen-
value (quantifying the lower bound of sharpness) of ≈ 0.23 compared to
≈ 7.23 × 1012 for the compressed model. These results establish our
hardware-validated scheme as a highly trainable subroutine with robust
worst-case guarantees for scalable optical quantum learning, and simulta-
neously offers a blueprint for energy-efficient classical optical non-linear
computation.
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1 Introduction

Fig. 1: Photonic data re-uploading. The task is to
solve the circles dataset, where we want our model to
distinguish between inner points and external ones. The
first step (a)) shows the encoding of the data points and
the effect on the initial state on the Bloch sphere. The
blue (yellow) color represents the correct label of the
points. On the right, we show the decision boundary
of the algorithm if we would stop the algorithm here.
Hereby, are all the points in the yellow (blue) region
are classified as yellow (blue). Then, we add the first
rotation (b)) and we show the action of a second (c))
and third (d)) layer. It is visible from the shape of the
coloured regions in the background how, increasing the
number of layers, the model gets more complex and
nonlinear. In this case, already after 3 layers, the algo-
rithm successfully classifies the circles dataset.

One goal of Quantum Machine
Learning (QML) algorithms is to
minimize the quantum resources
required for classical data pro-
cessing. In this context, the data
re-uploading paradigm [5] stands
out as an exceptionally resource-
efficient framework. By sequen-
tially alternating between data-
encoding and trainable process-
ing operations, this approach al-
lows low-width quantum systems,
even a single qubit system, to con-
struct highly non-linear transfor-
mations [2, 5]. While other im-
plementations often merge encod-
ing and processing into a sin-
gle joint gate to bypass tempo-
ral decoherence bottlenecks, this
parameter-merging shortcut al-
ters the hypothesis space, com-
promising generalization and train-
ability.

In this work, we demonstrate
the original, separate-gate data
re-uploading scheme on a tunable
integrated photonic platform. We
mathematically show that sepa-
rating the encoding and tunable
parameters is essential for optimal
convergence. Experimentally, we
implemented this learning scheme
with single photons, as a build-
ing block for complex quantum
architectures, and with coherent
light, demonstrating how parame-
terized linear optical networks ex-
ecute complex non-linear compu-
tations without requiring lossy non-linear optical media, suggesting an energy-
efficient path towards scalable classical computing models [3].

2 Methods
We utilize the Vapnik-Chervonenkis (VC) dimension [7], within the Probably
Approximately Correct (PAC) learning framework [6] to analyze the model com-
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Fig. 2: Generalizability and Trainability of data re-uploading models. a) Visualizes how the
compressed data re-uploading scheme (indicated with the blue curve) can correctly label arbitrarily
many training data points, while the original one (studied in this work) can only do the same for up
to 3 points (both models with one layer). This implies that the compressed scheme has an infinite
VC dimension, while ours is finite, i.e. V Cdim = 3 (for one layer). This ensures that our model
can generalize to test data points. The marked points indicate the training dataset, while the color
and vertical position indicate the true label. The shaded areas indicate the classification result for
the two learning models. The shape of the marked points indicate if both models where able to
classify all points at that horizontal position correctly (dot) or only the blue sinusoidal classifier
with tunable frequency (cross). b) and c) picture the loss landscape in the two cases (with two
layers), projected to 2 dimensions via a principal component analysis for visualization purposes.
This demonstrates how the trainability of the model is influenced by its VC dimension. In addition,
one possible optimization path using the Adam optimizer is shown on the lower heatmap of the two
loss landscapes.

plexity. In our separate-gate scheme we prove that its capacity scales linearly
with depth, ensuring a tight generalization error bound:

VCdim(Horiginal) = 2l + 1 (1)

where Horiginal describes the set of implementable functions with l layers.
Conversely, the compressed model maps to highly oscillating spaces Hcompressed =

{x 7→ sin(ωx)}. Under a worst-case dataset configuration where data points scale
as Xi = 2i with random labels yi ∈ {0, 1}, any arbitrary labeling can be shat-
tered by setting the frequency ω = 2π

∑N
i=0

yi

2i . Consequently, even a single
compressed layer features an infinite capacity:

VCdim(Hcompressed) = ∞ (2)

This strips the compressed architecture of formal PAC generalizability guar-
antees [4]. Hessian matrix analysis quantitatively confirms how this complexity
explosion damages trainability under worst-case conditions. The optimization
sharpness, evaluated via the largest Hessian eigenvalue (λmax), reveals an ex-
treme divergence from a smooth, stable landscape in our architecture (λmax ≈
0.23) to an untrainable, highly rugged profile in the compressed variant (λmax ≈
7.23× 1012).

Experimental Setup The scheme was realized on a tunable integrated opti-
cal circuit fabricated via femtosecond laser waveguide writing, operating in the
dual-rail qubit convention. Each layer consists of Mach-Zehnder Interferome-
ters (MZIs) mapping a 2D feature vector x = {x1, x2} via internal phase shifts
θ = π

2x2 and external phase shifts ϕ = π
2x1. Stacking n

2 encoding unitaries with
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n
2 trainable unitaries per base block handles higher-dimensional inputs (x ∈ Rn).
Inputs were either single photons from a Spontaneous Parametric Down Con-
version (SPDC) source or coherent light. Measured computational basis prob-
abilities were post-processed using Linear Discriminant Analysis (LDA) [1] to
determine the classification threshold τ .

3 Results and Discussion
The photonic hardware implementation of data re-uploading was evaluated across
four increasingly complex tasks, i.e. circles (d = 2), moons (d = 2), a 9-
dimensional custom Tetromino layout and Overhead MNIST (d = 20, with PCA
preprocessing) classification. The model achieved high classification accuracies
with minimal resources. Our results prove that our hardware-validated imple-
mentation acts as a universal approximator and an effective learner, offering
a highly trainable optimization landscape, high resilience to finite photon shot
noise, and provable generalizability both in a quantum and energy-efficient clas-
sical domain.
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