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Integrating quantum computation into deep neural networks remains a central challenge in quantum machine learning,
because quantum measurements are probabilistic and do not naturally fit the gradient-based optimization pipelines
used in classical deep learning. This work investigates trainable quantum layers as modular representation-learning
components that can be inserted into pre-trained classical neural networks without requiring end-to-end quantum
backpropagation. We introduce two architectures. The first is a circuit-based quantum layer in which a parameterized
quantum circuit acts as a latent-space transformer. Its architecture is optimized automatically using Progressive Widening
Monte Carlo Tree Search, guided by task-specific cost functions. The second is a trainable Open Quantum System
(0OQS) layer, where learning arises from a compact system—environment interaction rather than from a deep variational
quantum circuit. In this model, fixed Pauli-basis dynamics are replaced by trainable interaction operators to increase
expressivity. Both layers are evaluated in AutoEncoder-based anomaly detection pipelines, where the quantum layer
is inserted at or after the bottleneck and the transformed latent representations are assessed using an Isolation Forest
or OQS-based classifier. Results on benchmark datasets show that quantum transformations can improve latent-space
separability and anomaly detection performance compared with classical baselines. The circuit-based layer achieves the
strongest improvement when the search is guided by a triplet-loss objective, while the OQS layer provides a compact
alternative with lower architectural complexity and improved performance when additional trainable rotations are
introduced. These findings suggest that carefully designed quantum transformations can enrich classical representations
and provide a practical route toward scalable hybrid quantum—classical deep learning.
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1 Trainable Quantum Layers for AutoEncoder-Based Anomaly Detection

Motivation and contributions. Quantum Machine Learning explores how quantum computation can enhance
machine learning in terms of learning, representation, or generalization [1, 2]. In the current noisy intermediate-scale
quantum (NISQ) era [3], this typically motivates hybrid architectures that couple quantum components with classical
neural networks. A key challenge is integrating quantum layers into deep learning pipelines. While classical networks
rely on backpropagation, quantum measurements yield probabilistic classical outcomes, making direct gradient
propagation through measured quantum components non-trivial. Parameter-shift rules can train variational quantum
circuits, but they introduce additional computational costs and may become difficult to scale with increasing circuit
depth. Hybrid classical-quantum neural networks have been studied by replacing neurons, layers, or convolutional
components with variational quantum circuits [4, 5]. Although promising, these approaches often depend on manually
designed circuits, additional trainable quantum gates, parameter-shift optimization, and deeper architectures.

This work studies two trainable quantum-layer architectures inserted into AutoEncoder-based anomaly detection (AD)
pipelines. The first is a circuit-based layer whose parameterized quantum circuit is optimized automatically through
Progressive Widening Monte Carlo Tree Search (PWMCTS) [8], using reconstruction loss, inter-class mean separation,
and triplet loss as task-specific objectives. The second is an Open Quantum System (OQS)-based layer, where latent
features are encoded into the amplitudes of an environment state [13] and mapped to a quantum system through a
unitary interaction with trainable rotation parameters. The main contributions are: (i) two trainable quantum-layer
architectures for deep neural networks; (ii) a gradient-free quantum architecture search pipeline for PQC layers
tailored to latent-space structuring; (iii) an AutoEncoder-based anomaly-detection framework for evaluating quantum
transformations of latent representations; and (iv) empirical evidence, under classical simulation, that quantum layers
can improve latent-space separability and anomaly-detection performance.

Architecture-searched circuit layer. The first approach uses a parameterized quantum circuit (PQC) as a trainable
layer acting on the latent representation of a classical AutoEncoder (AE). This idea was first explored by Sakhnenko
et al. [7], who showed that the performance of a hybrid classical-quantum AutoEncoder depends strongly on the
chosen PQC architecture. Their analysis related circuit descriptors, such as the number of entangling layers, the
Meyer—Wallach measure, and Sim expressivity, to performance metrics such as precision, recall, and F1-score.
Although this provides useful design intuition, it still requires substantial manual circuit engineering. To reduce this



manual design step, we use Progressive Widening Monte Carlo Tree Search (PWMCTS) [8] to search for suitable
PQC architectures. PWMCTS is a gradient-free Quantum Architecture Search method in which each node of the
search tree represents a candidate circuit ansatz, and each edge corresponds to a circuit-modification action. These
actions include adding, removing, replacing, or modifying gates. The search is applied to the variational block of
the circuit, while the data-encoding and measurement layers are kept fixed. Candidate circuits are evaluated through
task-specific latent-space objectives: reconstruction loss, inter-class mean separation, and triplet loss. The complete
pipeline is shown in Fig. 1a. The transformed latent vectors are used as input to the anomaly-detection stage. In this
work, the downstream detector is an Isolation Forest, which evaluates whether the quantum-transformed latent space
improves the separation between normal and anomalous samples. In this way, PWMCTS is not used only to search for
expressive circuits, but to identify circuit architectures that improve the structure of the AutoEncoder latent space for
the target anomaly-detection task. After convergence, or after the iteration budget is reached, the best ansatz found by
PWMCTS is combined with the fixed encoding and measurement layers to form the final circuit-based quantum layer.
The resulting PQC defines a learned transformation of the AutoEncoder bottleneck, and its usefulness is evaluated by
the anomaly-detection performance obtained from the transformed latent representations.
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Figure 1: Pipelines: (a) PWMCTS-based circuit layer: a pre-trained AutoEncoder maps each sample to a latent vector, which is encoded into
a quantum state and processed by a PQC whose ansatz is selected through PWMCTS. Optional data re-uploading alternates encoding and
variational blocks, and final Z-basis measurements yield the quantum-transformed latent representation. (b) OQS-based layer: the latent vector
is encoded as an environment state and processed through a trainable system—environment interaction, producing an anomaly score from the
reduced system state.

Open Quantum System-based layer. The second approach uses an Open Quantum System (OQS)-inspired quantum
layer. In contrast to closed quantum systems, open systems evolve through interaction with an environment. Such
interactions are usually associated with decoherence and dissipation, but they can also be interpreted as structured
information exchange between a system and its surroundings. In this work, we use an Open Quantum System
(OQS)-inspired layer in which the AutoEncoder latent vector is encoded as an environment state and processed
through a trainable system—environment interaction. After pre-training the AutoEncoder, each input x; is mapped to a
latent vector z; = E(x;), The normalized latent vector is then encoded into an environment state pg(z;). A single
system qubit, initialized in a fixed superposition state, interacts with this environment through

UO,W) =explics(0) ® og(W)],

where W contains feature-dependent interaction weights and © = (6, ¢, \) parameterizes a trainable rotated system
operator. The reduced system state is then obtained as

pout(zi) = Trg |U(O, W) (ps @ pe(z)UT(O, W),



and the diagonal element p;(z;) = (1|pout(2:)|1) is used as the anomaly probability. The complete pipeline is shown
in Fig. 1b. This formulation concentrates learning in a compact interaction operator rather than in a deep variational
circuit, providing a parameter-efficient alternative to the PWMCTS-based layer.

2 Experimental protocol and results

The layers are evaluated on AD. After autoencoder pre-training, the encoder is frozen and the bottleneck features
are transformed by either the PWMCTS circuit layer or the OQS interaction layer. The circuit-transformed features
are passed to an Isolation Forest detector [14], while the OQS layer produces a binary decision from the measured
system state. Performance is measured using precision, recall, and F1-score against the classical autoencoder baseline.
The circuit experiments use the Statlog satellite dataset converted into a binary anomaly-detection task by grouping
minority classes as anomalies [15, 16]. The OQS experiments use both Statlog and Arrhythmia [17].

Table 1: AD performance after inserting a quantum layer at the autoencoder bottleneck. HAE denotes the hybrid autoencoder explained in
Section 1 with a PWMCTS-designed circuit layer; OQS denotes the IQC-AIL layer with column-wise normalization.

Dataset Model / reward Precision Recall Fl-score
Statlog Classical AE baseline 0.54 0.58 0.56
Statlog HAE, reconstruction reward 0.56 0.61 0.59
Statlog HAE, mean-separation reward .58 0.65 0.61
Statlog HAE, triplet-loss reward 0.63 0.69 0.66
Statlog OQS /1QC-AIL 0.601  0.668  0.628
Arrhythmia Classical AE baseline 0.63 0.72 0.68
Arrhythmia OQS /1QC-AIL 0.603 0468 0.521

Table 1 shows that all PWMCTS objectives improve over the classical autoencoder baseline on Statlog. Reconstruction-
based search gives the smallest gain, whereas mean separation and triplet loss produce stronger improvements. The
triplet-loss reward achieves the best result, increasing the F1-score from 0.56 to 0.66. This indicates that the search
objective should be aligned with the geometry required by the downstream anomaly detector rather than with
reconstruction fidelity alone. The OQS layer achieves competitive performance on Statlog, with an Fl-score of
0.628, but lower performance on Arrhythmia, suggesting that the current interaction model remains limited on more
diffuse or higher-dimensional latent distributions. Taken together, the results identify two routes toward trainable
quantum layers: PWMCTS addresses task-adapted ansatz design, while the OQS formulation addresses trainability
and parameter compactness. It should be said however that the experiments are of such a small scale, that a quantum
computer will make no positive difference. Scaling the circuit size up will make the circuits untrainable very fast due
to known issues for PQCs, given the current state of quantum hardware. This introduces a fundamental mismatch
between the compact representation learning of autoencoders, and the need for large problems when searching for a
possible quantum speedup. Additional challenges might be discovered when deploying quantum layers at larger scale.

3 Conclusion

The results show that trainable quantum layers can reshape autoencoder latent spaces to improve AD. For circuit-based
layers, performance depends strongly on the architecture-search objective: latent-geometry rewards, especially triplet
loss, outperform reconstruction-based rewards. This suggests that quantum-layer design should be driven by the
downstream task rather than reconstruction fidelity alone. The OQS layer offers a complementary perspective.
Although more dataset-dependent, it shows that useful trainable quantum transformations need not rely on deep
variational circuits. By concentrating learning in compact system—environment interactions, OQS layers offer a route
toward lower optimization complexity and parameter-efficient quantum representations. Overall, we presented a
controlled framework for studying quantum transformations as modular representation-learning components. While
circuit-based layers can increase expressive power in some regimes, their integration into neural networks quickly
faces scalability limits. Future work should therefore focus on hybrid solvers for scalability, and on richer encodings,
more expressive interaction operators, larger benchmarks, and hardware-aware implementations for fundamental
QML research.
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