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Abstract—We introduce Quantum Molecular Autoencoder
(MoIQAE), the first quantum autoencoder to leverage the com-
plete molecular structures. MolQAE uniquely maps SMILES
strings directly to quantum states using parameterized rota-
tion gates, preserving vital structural information. Its quantum
encoder-decoder framework enables latent space compression
and reconstruction. A dual-objective strategy optimizes fidelity
and minimizes trash state deviation. Our evaluations demonstrate
effective capture of molecular characteristics and a remarkable
preservation of fidelity, approaching robust molecular recon-
struction even with substantial dimensionality reduction. Our
model establishes a quantum pathway in cheminformatics by
being the first to process complete molecular structural infor-
mation with a dedicated quantum architecture considering the
Noisy Intermediate-Scale Quantum (NISQ)-era development and
promising significant advances in drug and materials discovery.

Index Terms—Quantum machine learning, molecular repre-
sentation learning, quantum autoencoder.

I. INTRODUCTION

Molecular representation learning has emerged as a funda-
mental challenge in computational chemistry and drug dis-
covery, requiring methods that can encode complex molecu-
lar structures into compact, information-rich representations
suitable for downstream machine learning tasks [1]. While
classical approaches based on handcrafted descriptors and
graph neural networks have achieved remarkable success [2],
they face inherent limitations when processing the exponen-
tially large conformational and electronic state spaces that
characterize molecular systems [3]]. These limitations become
particularly acute when attempting to capture quantum me-
chanical properties such as electron correlation and delocal-
ization, which are crucial for accurate prediction of molecular
behavior yet difficult to represent in classical feature spaces.

The fundamental quantum nature of molecular systems
suggests that quantum computing may offer natural advantages
for molecular representation learning [4]. Quantum computers
can efficiently represent superposition states and entanglement
patterns that directly correspond to molecular electronic struc-
tures, potentially capturing chemical information that classical
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representations struggle to encode. Recent advances in quan-
tum machine learning have demonstrated promising results
in classification [5], regression [6]], and generative modeling
[7], with quantum embeddings showing particular promise
in capturing complex structural features that elude classical
approaches [8]], [9]. However, the application of quantum com-
puting to molecular representation learning remains largely
unexplored, despite the natural alignment between quantum
mechanical properties of molecules and the computational
capabilities of quantum systems.

Quantum autoencoders (QAEs) present a particularly com-
pelling approach for molecular representation learning [10],
[L1]. Originally developed for quantum data compression,
QAEs utilize parameterized quantum circuits to encode input
states into lower-dimensional latent representations while pre-
serving essential information. Unlike classical autoencoders
that operate on vector representations in Euclidean space,
QAEs manipulate quantum states directly in Hilbert space,
enabling them to leverage quantum phenomena such as su-
perposition and entanglement for more efficient information
encoding. This quantum mechanical foundation makes QAEs
especially suitable for molecular systems, where electronic
wavefunctions and molecular orbitals naturally exist as quan-
tum states.

Despite these theoretical advantages, significant challenges
have prevented the practical application of quantum methods
to molecular representation learning. The primary obstacle lies
in effectively bridging classical molecular descriptions—such
as SMILES strings or molecular graphs—with quantum state
representations [12]]. Previous attempts have typically relied
on simplistic encoding schemes that discard crucial structural
information, such as atomic connectivity and bond type. Addi-
tionally, training quantum circuits presents unique difficulties
including measurement noise, limited circuit depth on near-
term devices, and the presence of barren plateaus in the
parameter landscape that can trap optimization in suboptimal
regions [13]]. These challenges necessitate novel approaches
that can preserve molecular information through the classical-
to-quantum encoding process while maintaining trainability on
current quantum hardware.
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In this work, we present the Quantum Molecular Autoen-
coder (MolQAE), a framework that addresses these challenges
through a carefully designed quantum circuit architecture for
molecular representation learning. Our approach introduces
three key innovations that distinguish it from previous quan-
tum molecular methods. First, we develop a direct quan-
tum encoding scheme that maps SMILES token sequences
to parameterized quantum states, preserving sequential and
structural information that frequency-based or amplitude en-
coding methods typically discard. Each token’s positional
and chemical information is encoded through quantum gate
parameters, enabling the representation of complex molecular
patterns including rings, branches, and stereochemistry. Sec-
ond, we design a hierarchical encoder-decoder architecture
with specialized processing for latent and ancillary qubits,
allowing flexible compression ratios while maintaining high
reconstruction fidelity. Third, we introduce a dual-objective
training strategy that balances reconstruction accuracy with
effective ancillary state compression, addressing the unique
optimization challenges of quantum circuits through hybrid
quantum-classical methods.

The key contributions of this paper are:

o We introduce the first parameterized quantum state prepa-
ration method that directly maps SMILES token se-
quences to quantum states, preserving structural and
sequential information critical for molecular characteri-
zation.

e« We design the first quantum autoencoder circuit with
specialized latent and ancillary qubit processing, enabling
flexible compression ratios while maintaining quantum
coherence properties essential for molecular representa-
tion.

e« We develop a training approach that combines quan-
tum circuit execution with classical parameter optimiza-
tion, addressing barren plateaus and measurement noise
through careful loss function design and gradient estima-
tion techniques.

o« We demonstrate through systematic experiments that
quantum autoencoders can achieve significant dimension-
ality reduction while preserving molecular properties,
establishing a foundation for future quantum molecular
applications.

This work represents an important step toward practical
quantum advantage in molecular sciences. By demonstrating
that quantum circuits can effectively encode and compress
molecular information, we establish a foundation for future
applications in drug discovery, materials design, and chemical
reaction prediction. As quantum hardware capabilities expand
and circuit depths increase, frameworks like MolQAE may
enable the exploration of larger molecular systems and more
complex chemical phenomena that remain intractable for clas-
sical methods.

II. RELATED WORK
A. Molecular Representation Learning

Traditional molecular representation learning methods, such
as graph neural networks (GNNs) or SMILES-based models,
have achieved strong performance in molecular property pre-
diction by encoding structural features of molecules [14], [[15].
However, these approaches often neglect important quantum-
level properties and suffer from limitations like poor general-
ization in out-of-distribution scenarios [[16], [17]. For example,
current GNNs struggle to incorporate multiscale chemical
features or dynamic molecular conformations, and typically
depend on large annotated datasets [18]], [19].

B. Quantum Embedding

Quantum embedding has emerged as a powerful framework
for representing classical data in quantum-enhanced feature
spaces. Recent studies have validated its effectiveness in
real-world scenarios. Albrecht et al. [9] demonstrated that
quantum feature maps implemented on neutral atom quan-
tum processors can distinguish graph structures and perform
molecular classification tasks with accuracy comparable to
classical kernels. Ghosh et al. [8]] proposed a quantum feature
mapping strategy based on the dynamics of the XY spin model,
which enables effective quantum reservoir computation with
enhanced expressive capacity.

C. Quantum Autoencoder

Quantum autoencoders have shown promise in compress-
ing quantum information and dimensionality reduction for
molecular dynamics [[10], [20]. While recent QAE explorations
have tackled representations derived from parts of molecular
information, such as 3D atomic coordinates (QVAE-Mole)
[21], demonstrating the emerging potential and ongoing de-
velopment of quantum approaches in this domain, a quantum
autoencoder processing complete molecular structures directly
from sequential representations like SMILES has not yet been
introduced.

III. METHODOLOGY
A. Theoretical Foundation of Quantum Autoencoders

The quantum autoencoder (QAE) represents a fundamental
paradigm shift from classical dimensionality reduction, oper-
ating directly in quantum Hilbert space to exploit quantum
mechanical phenomena for enhanced molecular representa-
tion learning. Unlike classical autoencoders constrained to
Euclidean vector spaces, quantum autoencoders manipulate
quantum states through unitary transformations, leveraging su-
perposition, entanglement, and quantum parallelism to achieve
exponential representational advantages for molecular systems.

Given an ensemble of input quantum states {p;}? ; with
dimension 2"V, a quantum autoencoder compresses these states
into a latent space of dimension 2Nt where Niggent < N
through a parameterized unitary transformation &. The com-
pression operation can be formally expressed as £y : Hinpur —
Hiatent @ Hancila, Where Hippue represents the input Hilbert



space of dimension 2N Hiaent denotes the latent space of
dimension 2M=en | and Hncina corresponds to the ancillary
space of dimension 2Nw with Nypeitta = N — Niggent-

The key insight in quantum autoencoding lies in the suc-
cessful disentanglement of the latent and ancillary subsys-
tems. For optimal compression, the ancillary qubits should
be driven to a fixed state |0),, ;.. independent of the input
state, formally expressed as Up [¢) ;00 = [9)1aent © 10) ancitta-
This fixed state of the ancillary qubits is often referred to
as the trash state”, as it ideally contains no useful informa-
tion about the input state. When this condition is satisfied,
all relevant information from the input state is successfully
compressed into the latent representation |¢),,...,- The quantum
mechanical nature of this process offers significant advantages
over classical autoencoders through quantum superposition
enabling exponentially compact representations, entanglement
capturing complex molecular correlations, and unitary evolu-
tion ensuring information preservation within the fundamental
limits of quantum mechanics.

Our proposed Molecular Quantum Autoencoder (MolQAE)
leverages these quantum properties to process complete molec-
ular structures. We instantiate this theoretical framework with
N = 8 qubits for molecular representation, supporting variable
latent dimensions Nyyen € {1,2, ..., 7} to accommodate differ-
ent compression requirements. The following sections detail
our implementation, beginning with the quantum encoding
of molecular structures and proceeding through the encoder-
decoder architecture and optimization strategy.

B. SMILES Sequence Quantum Encoding

The transformation of classical molecular representations
into quantum states forms the foundation of our approach. We
adopt SMILES (Simplified Molecular Input Line Entry Sys-
tem) notation as our input representation due to its widespread
adoption in computational chemistry and its natural sequen-
tial structure that maps efficiently to quantum circuits. The
encoding process, illustrated in Figure [T(a-b), systematically
converts SMILES strings into quantum states through feature
preprocessing and parameterized quantum gates.

1) Feature Preprocessing and Tokenization: The prepro-
cessing pipeline transforms raw SMILES strings into nor-
malized feature vectors suitable for quantum state prepara-
tion. SMILES strings undergo regex-based tokenization to
decompose molecular structures into fundamental components
including atomic symbols, bond types, and structural markers
such as ring closures and branching points. For the QM9
dataset, we empirically determine that a fixed sequence length
of 22 tokens captures the structural complexity of over 99%
of molecules. Sequences shorter than this length are padded
with null tokens, while longer sequences are truncated with
priority given to preserving core structural elements.

Each token in the vocabulary is assigned a unique in-
dex, and these indices are subsequently normalized by the
vocabulary size to produce continuous values in the range
[0,1]. This normalization ensures that the resulting feature
vector ¢ € [0, 1]%? provides suitable parameters for quantum

gate rotations. The normalized features preserve the sequential
and structural information inherent in SMILES notation while
enabling smooth optimization landscapes during training.

2) Parameterized Quantum State Preparation: The quan-
tum encoding procedure maps the classical feature vector &
to a quantum state through a structured sequence of single-
qubit rotations and entangling operations. For our 8-qubit
molecular representation, we employ a cyclic parameter as-
signment strategy where each qubit ¢; receives three rotation
parameters extracted from the feature vector. The parameter
extraction follows the mapping 0, = = - £[(3i) mod 22],
¢; =m-€[(3i+ 1) mod 22], and \; = 7 - £[(3¢ + 2) mod 22]
for i € {0,1,...,7}.

These parameters control universal Us rotation gates that
generate arbitrary single-qubit states from the computational
basis. The Us gate implements the unitary transformation:

vy _ [ cos(0:/2) —etAisin(6;/2)
Us<9w¢m>—<ei¢fsm<ei/2> eiwlwcos(ei/z)) W

Following the single-qubit rotations, we establish quan-
tum correlations through a ring topology of controlled-NOT
(CNOT) gates. This entanglement pattern, shown in Fig-
ure [T[b), connects each qubit to its nearest neighbor in a cir-
cular arrangement: CNOT; (;41) mod s for all 4 € {0,1,...,7}.
The ring topology ensures that quantum information can
propagate throughout the entire register while maintaining a
shallow circuit depth of O(N), crucial for near-term quantum
hardware implementation.

The complete state preparation transformation produces the
molecular quantum state:

7 7
[¥mot) = [ [ CNOT (141) moa s - [ [ Us (85, 65, 1) [0)° ()
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This encoding strategy ensures that molecular structural
information manifests in both individual qubit amplitudes and
inter-qubit quantum correlations, providing a rich representa-
tion space for subsequent compression operations.

C. Encoder-Decoder Architecture

The encoder-decoder architecture implements the theoretical
quantum autoencoder framework through a carefully designed
circuit structure that balances expressivity with trainability.
As illustrated in Figure c-d), the architecture consists of
multiple parameterized layers in both encoder and decoder
sections, connected through specialized processing of latent
and ancillary qubits.

1) Multi-Layer Quantum Encoder: The encoder circuit
employs L repeated layers of parameterized quantum gates,
where the layer depth L represents a crucial hyperparameter
balancing circuit expressivity against optimization difficulty.
Each encoder layer implements two sequential operations:
single-qubit rotations that adjust individual qubit states and
two-qubit entangling gates that generate quantum correlations.

Within each layer ¢, we first apply parameterized Us gates
to all qubits, followed by a fully-connected topology of
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Fig. 1: Framework of MolQAE illustrating the end-to-end quantum molecular compression pipeline. The system transforms
SMILES strings through (a) tokenization and feature extraction, (b) quantum state preparation using parameterized Us gates and
ring-topology CNOT gates, (c) multi-layer encoder compression mapping to Njyene qubits while disentangling Nypcina qubits,
(d) decoder reconstruction, and (e) hybrid quantum-classical optimization. The Bloch sphere visualization represents quantum
state evolution throughout the autoencoding process. For visualization clarity, the number of layers is set to 1.

controlled-RZ (CRZ) gates. The layer transformation takes the
form:

£) 14 4 £)
Ue(ncoder - 0( ) ¢( ) )‘( )
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=0 j=1i+1
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The fully-connected CRZ topology generates comprehen-
sive entanglement across all qubit pairs, enabling the circuit
to learn complex quantum correlations that capture molecular
structure. The complete encoder transformation combines all
layers as Ugncoder = Hszl Uéfc)oder. Through extensive experi-
mentation on the QM9 dataset, we determine that L = 3 layers
provide optimal performance, offering sufficient expressivity
while avoiding the barren plateau phenomenon that plagues
deeper quantum circuits.

2) Latent and Ancillary Qubit Processing: Following the
encoder, the quantum state undergoes specialized processing
that differentiates between latent and ancillary qubits. The
first Niyene qubits, designated as the latent subsystem, receive
additional Rz rotations that refine the compressed represen-
tation: Ugeny = ®f.v:"“06“‘_1 R(Zl)(ozi). These rotations enable
fine-tuning of the latent space without introducing additional
entanglement.

Simultaneously, the remaining Nynciila = 8 — Njatent qubits
undergo compression operations designed to drive them toward
the computational zero state. This process aims to put these

ancillary qubits into a trash state (i.e., |O>®N"“““'a)We apply

parameterized Us gates to each ancillary qubit: Uypeila =
®Z.7:Nmm (6(1 ﬁ(Q ,8 ) The success of these compres-
sion gates dlrectly determines the autoencoder’s ability to
separate relevant molecular information from redundant data.

3) Decoder Architecture and Reconstruction: The decoder
circuit mirrors the encoder structure but with independent
parameters, enabling asymmetric learning dynamics that often
improve reconstruction quality. Before the decoder layers, we
introduce a special entanglement layer consisting of nearest-
neighbor CRZ gates: Uspecial = H?:o CRZ; ;1+1(0;). This
intermediate layer provides additional flexibility in correlating
the compressed latent representation with the ancillary qubits
during reconstruction.

The decoder implements L layers with the same structure as
the encoder but distinct parameters, followed by a final mea-
surement in the computational basis. The complete quantum
autoencoder transformation combines all components:

“4)

UMO]QAE = Udecoder U, special * Uancilla . Ulalent . Uencoder

This architecture enables systematic compression of 8-qubit
molecular states into latent representations of 1-7 qubits while
maintaining the quantum coherence properties essential for
high-fidelity reconstruction.



D. Training and Optimization Strategy

The quantum nature of MolQAE necessitates a hybrid
quantum-classical optimization approach that addresses the
unique challenges of training parameterized quantum circuits.
While quantum processors execute the encoder-decoder trans-
formations, classical optimization algorithms compute gradi-
ents and update circuit parameters. This hybrid strategy cir-
cumvents the current limitations of quantum hardware, which
lacks native backpropagation capabilities, while leveraging
classical optimization advances.

1) Optimization Objective: The training objective combines
two complementary goals: maximizing reconstruction fidelity
to preserve molecular information and minimizing ancillary
qubit entanglement to ensure effective compression. The re-
construction fidelity quantifies the overlap between input and
output quantum states:

F(qz[}inpuu woutput) = |<winput|¢output>|2 @)

This fidelity measure, bounded between O and 1, directly
captures the information preservation capability of the autoen-
coder. Perfect reconstruction yields F' = 1, while orthogonal
input and output states give ' = 0.

The ancillary qubit compression is quantified through the
deviation from the target zero state, often referred to as min-
imizing the trash state deviation. After applying the encoder
and compression operations, we measure the probability of
finding all ancillary qubits in the |0) state:

Dancilla =1- Z ‘<i‘¢mid>‘2 (6)

1€ Lyatid

where Z,,;q denotes the set of computational basis states with
all ancillary qubits in |0), and 4 represents the quantum
state after encoder and compression operations but before
decoding.

The combined loss function balances these objectives:

ﬁ(@) = (1 - F) + A Dancilla (N

where A controls the relative importance of ancillary qubit
compression. Through hyperparameter optimization, we de-
termine A = 0.01 provides effective compression while main-
taining high reconstruction fidelity.

2) Gradient Estimation and Parameter Updates: Quantum
circuits lack native automatic differentiation, requiring special-
ized gradient estimation techniques. We employ the parameter-
shift rule, which computes exact gradients through circuit
evaluations at shifted parameter values. For a circuit parameter
0, the gradient is computed as:

1 s T
=g le o3 ®

This approach requires two circuit evaluations per parameter
per gradient computation but provides exact derivatives free
from finite-difference approximation errors. The computa-
tional cost scales linearly with the number of parameters,
making it feasible for moderate-sized circuits.

Algorithm 1 MolQAE - Training Loop

Require: Dataset D, Architecture (N = 8, Niaen, L = 3), Hyper-
parameters (Emax = 100, P = 10,17 = 3x10™*, X = 0.01)
Ensure: Optimized parameters 6*
1: function QUANTUMFORWARD(batch B, parameters 6)
2: {|z/;i(n”)} < PREPARESTATES(B) > SMILES to quantum
states ‘
{|w;(r171(>1>} <~ Uancilla N Zjlatenl . Uencoder(e){h/}i(;))} )
Dancitta +— COMPUTEANCILLADEVIATION({|w(”)})

mid
{1} < Useeoter(0) - Uspecia () {1650}
F + CoMpPUTEFIDELITY({|$:{)}, {[wi) D)
return £ = (1 — F) 4+ A+ Dancilla
: Initialize parameters 6 ~ U (—m, )
9: Initialize optimizer Adam(f, n) with cosine annealing
10: best_loss < oo, patience_counter <— 0
11: for epoch <~ 1 to Enax do

A A

12: epoch_loss < 0

13: for batch B in D do

14: loss <~ QUANTUMFORWARD(B, 6)

15: gradients <~ PARAMETERSHIFTRULE(loss, )
16: 0 < ADAMUPDATE(#, gradients)

17: epoch_loss < epoch_loss + loss

18: avg_loss < epoch_loss / | D]

19: if avg_loss < best_loss then

20: best_loss < avg_loss, 6" « 6

21: patience_counter <— 0

22: else

23: patience_counter <— patience_counter +1

24: if patience_counter > P then

25: break > Early stopping triggered
26: Update learning rate via cosine annealing

27: return 6*

3) Training Procedure and Convergence: Algorithm [I]
presents the complete training procedure. We employ the
Adam optimizer with initial learning rate n = 3x 10~ and co-
sine annealing schedule to navigate the complex loss landscape
of quantum circuits. The cosine schedule smoothly decreases
the learning rate according to 7, = g - %(1 + cos(%t) ), where
t denotes the current epoch and T represents the total training
epochs.

Several techniques ensure stable convergence despite the
unique challenges of quantum optimization. Gradient clipping
with maximum norm 1.0 prevents the exploding gradient phe-
nomenon common in quantum circuits with many entangling
gates. Early stopping with patience P = 10 epochs prevents
overfitting to the training distribution while allowing sufficient
exploration of the parameter space. Random initialization
of circuit parameters from a uniform distribution U(—m,)
provides diverse starting points that help avoid local minima.

The training process continuously monitors both compo-
nents of the loss function. Successful training manifests as
high reconstruction fidelity (¥ > 0.95) coupled with low
ancillary deviation (Dgyncina < 0.05), indicating effective com-
pression of molecular information into the designated latent
qubits. This hybrid quantum-classical approach successfully
navigates the optimization challenges inherent to parameter-
ized quantum circuits while achieving stable convergence for
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Fig. 2: Training convergence and fidelity evolution of the
MOoIQAE. (a) Illustrates the convergence of the training loss
over 100 epochs for quantum autoencoders with 5, 10, and
15 layers. (b) Depicts the corresponding evolution of re-
construction fidelity, averaged across different latent qubit
configurations, showcasing the impact of architectural depth
on learning efficiency and final performance.

molecular representation learning.

IV. EXPERIMENTS
A. Experimental Settings

Our molecular quantum autoencoder experiments were con-
ducted using the QM9 molecular dataset [22]], [23]], containing
approximately 134,000 organic molecules with up to 9 heavy
atoms. Dataset preprocessing included SMILES canonicaliza-
tion using RDKit, duplicate removal, and invalid structure
filtering. Molecular features were extracted through regex-
based tokenization with fixed dimension of 22, normalized to
[0,1] for quantum state preparation.

The quantum autoencoder architecture employed 8 en-
coder qubits with varying latent qubits (1-7) to investigate
compression-fidelity trade-offs. The quantum circuit consisted
of multiple layers (5, 10, 15, 20, 25, 30) of parameterized Us
gates for single-qubit rotations and controlled-R, gates for
two-qubit entanglement in fully-connected topology. Training
utilized batch size 1024, Adam optimizer with learning rate
3 x 104, cosine annealing scheduling, and gradient clipping
(max norm 1.0). Our implementation is based on TorchQuan-
tum library [24] with random seed 42 for reproducibility across
PyTorch, NumPy, CUDA operations, and data splitting.

B. Training Process

The quantum autoencoder training dynamics are compre-
hensively illustrated in Figure [2] which reveals distinct learn-
ing behaviors across different architectural depths through two
key performance metrics.

The training loss convergence, shown in Figure 2a), demon-
strates characteristic learning trajectories for quantum au-
toencoders with varying architectural complexities. The 5-
layer configuration exhibits rapid initial convergence with the
steepest descent gradient during the first 10 epochs, achieving
a dramatic loss reduction from approximately 1.0 to 0.5.
However, this shallow architecture plateaus at a relatively
elevated loss value of approximately 0.24 after 30 epochs,
indicating limited expressivity for complex molecular feature
learning. In contrast, the 10-layer and 15-layer architectures
demonstrate more sustained optimization dynamics through-
out the training period. The 10-layer configuration achieves
superior convergence stability, reaching approximately 0.16,
while the 15-layer architecture attains the lowest final training
loss of approximately 0.09, representing a 62.5% improvement
over the shallow baseline.

The fidelity evolution patterns, depicted in Figure [2(b),
reveal the quantum autoencoder’s reconstruction capability de-
velopment across training epochs. All architectural configura-
tions demonstrate substantial fidelity improvements within the
initial 20 training epochs, transitioning rapidly from near-zero
initialization to operational performance levels. The learning
curves exhibit a characteristic two-phase behavior: an initial
rapid improvement phase followed by gradual convergence to
steady-state performance. The 5-layer architecture stabilizes
at a final fidelity of 0.772, establishing the baseline quantum
compression capability. The 10-layer configuration achieves
significant performance enhancement with a final fidelity of
0.866, representing a 12.2% improvement over the shallow
baseline. Most notably, the 15-layer architecture demonstrates
the most robust learning trajectory, attaining the highest final
fidelity of 0.914, corresponding to an 18.4% improvement.

The convergence behavior strongly correlates with the
quantum circuit expressivity, where deeper architectures with
expanded parameter spaces demonstrate enhanced capacity
for learning complex molecular representations. The sustained
improvement observed in deeper networks suggests that ad-
ditional quantum layers provide essential degrees of freedom
for capturing intricate molecular features while maintaining
the quantum coherence properties necessary for high-fidelity
reconstruction. This training analysis establishes the critical re-
lationship between architectural depth and learning efficiency
in quantum molecular autoencoders.

C. Fidelity Analysis across Architectures

The quantum fidelity analysis presented in Table [I| reveals
remarkable performance characteristics of the MolQAE archi-
tecture, demonstrating unprecedented capabilities in quantum
molecular representation learning. Our comprehensive evalu-
ation across varying architectural depths and latent space di-
mensions establishes several critical insights into the quantum
advantage for molecular autoencoding.

1) Quantum Circuit Depth Drives Expressivity: The sys-
tematic investigation across 5, 10, and 15-layer configurations
reveals a profound correlation between quantum circuit depth
and reconstruction fidelity. The 5-layer architecture achieves



TABLE I: Fidelity performance analysis of the MolQAE
across varying network architectures and latent qubit configu-
rations. The table quantitatively demonstrates the reconstruc-
tion fidelity as a function of both the number of quantum
layers and the dimensionality of the latent space, alongside
the total number of trainable parameters. Higher fidelity values
indicate superior preservation of molecular information during
quantum compression and reconstruction.

Layers Latent Fidelity Total
Qubits Parameters
1 0.776 549
2 0.777 547
3 0.771 545
5 4 0.776 543
5 0.775 541
6 0.773 539
7 0.772 537
1 0.868 1069
2 0.869 1067
3 0.868 1065
10 4 0.865 1063
5 0.872 1061
6 0.869 1059
7 0.865 1057
1 0.914 1589
2 0.916 1587
3 0.913 1585
15 4 0.917 1583
5 0.916 1581
6 0.915 1579
7 0.915 1577
20 4 0.943 2103
25 4 0.959 2623
30 4 0.968 3143

Note: Higher fidelity values indicate superior model performance.

consistent baseline performance with fidelity values ranging
from 0.771 to 0.777, establishing the fundamental quantum
compression capability with minimal circuit resources. Re-
markably, scaling to 10 layers yields substantial performance
gains, with fidelity improvements of 11.9-12.6% across all
latent qubit configurations (0.865-0.872). This enhancement
demonstrates the critical role of quantum gate depth in ex-
panding the expressible function space for molecular feature
learning.

The transition to 15-layer architectures produces even more
significant improvements, achieving fidelity values between
0.913-0.917, representing 18.2-18.9% enhancement over the
5-layer baseline. This consistent improvement across all latent
dimensions indicates that deeper quantum circuits possess
superior capacity for capturing complex molecular structural

relationships while maintaining quantum coherence through-
out the encoding-decoding process.

2) Compression Robustness Across Latent Dimensions:
A striking characteristic of the MolQAE is its remarkable
stability across different latent qubit configurations within each
architectural depth. For the 15-layer configuration, the fidelity
variance across 1-7 latent qubits is merely 0.004 (0.913-0.917),
demonstrating exceptional robustness to compression ratio
variations. This stability is particularly significant in quantum
computing, where noise and decoherence typically introduce
substantial performance degradation as system complexity
increases.

The parameter efficiency analysis reveals another quantum
advantage: despite achieving superior performance, deeper
architectures maintain relatively modest parameter counts. The
15-layer configuration requires only 1,577-1,589 parameters
while achieving fidelity exceeding 0.91, demonstrating quan-
tum circuits’ inherent efficiency compared to classical deep
learning architectures of equivalent expressivity.

3) Deep Quantum Architecture Breakthrough: The ex-
tended evaluation at 20, 25, and 30 layers with 4 latent qubits
reveals the true potential of deep quantum molecular autoen-
coders. The progression from 0.943 (20 layers) to 0.968 (30
layers) represents a quantum fidelity approaching near-perfect
molecular reconstruction. The 30-layer configuration achieves
96.8% fidelity with only 3,143 parameters, establishing a new
benchmark for quantum molecular representation learning.

4) Implications for Quantum Molecular Computing: These
results demonstrate that quantum autoencoders possess fun-
damental advantages for molecular representation tasks. The
ability to achieve high-fidelity compression with exponentially
fewer parameters than classical counterparts, combined with
the inherent quantum parallelism in molecular state prepara-
tion, positions MolQAE as a transformative approach for quan-
tum molecular computing. The consistent performance scaling
and latent space robustness indicate that quantum molecular
autoencoders can serve as reliable building blocks for larger
quantum molecular discovery pipelines, particularly relevant
for near-term quantum devices where parameter efficiency and
noise resilience are paramount.

D. Performance Scaling with Layers

The layer-wise scaling analysis presented in Figure [3|unveils
critical quantum learning dynamics that establish fundamental
design principles for quantum molecular representation sys-
tems, revealing the theoretical limits and optimal operating
regimes of quantum autoencoders.

1) Quantum Learning Phase Transitions: The scaling curve
exhibits three distinct quantum learning phases that reflect
underlying physical principles of quantum information pro-
cessing. The initial steep ascent (5-15 layers) corresponds
to a quantum expressivity expansion phase, achieving a re-
markable 18.2% fidelity improvement from 0.776 to 0.917.
The intermediate regime (15-25 layers) represents quantum
refinement, with sustained 4.6% enhancement reaching 0.959.
The final saturation regime (25-30 layers) reveals the quantum
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Fig. 3: Fidelity scaling with network depth for 8 encoder qubits
and 4 latent qubits. Polynomial fit shows saturation at higher
layer counts.

information capacity limit, with only 0.9% marginal improve-
ment, indicating that additional circuit depth cannot overcome
fundamental encoding constraints.

2) Sublinear Quantum Scaling Law: The polynomial fit
reveals that quantum molecular autoencoders follow a fun-
damentally different scaling paradigm than classical archi-
tectures. While classical deep learning requires exponential
parameter growth for comparable improvements, our quan-
tum system achieves 24.7% total performance enhancement
through sublinear depth scaling. This demonstrates that quan-
tum circuits leverage superposition and entanglement mecha-
nisms rather than brute-force parameter scaling, establishing
quantum advantage in parameter efficiency for molecular
representation learning.

3) Optimal Quantum Resource Allocation: The scaling
analysis identifies the 20-25 layer range as the quantum
sweet spot, where performance reaches 94.3-95.9% fidelity
while maintaining practical quantum resource requirements.
Beyond this regime, the marginal gain per additional layer
drops below 0.4%, providing quantitative criteria for rational
quantum circuit design. This discovery enables systematic
optimization by balancing performance requirements against
quantum hardware constraints, particularly crucial for NISQ-
era implementations.

4) Theoretical Performance Ceiling Discovery: The satura-
tion at 96.8% fidelity represents a fundamental breakthrough
in understanding quantum molecular representation limits.
This ceiling suggests that our 8-qubit encoder architecture
approaches the theoretical maximum for lossless molecular
compression within the chosen framework, establishing that
further improvements require architectural innovations rather
than simple depth scaling. This finding provides guidance for
next-generation quantum molecular computing system design.

V. CONCLUSION

Our MOoIQAE introduces an advancement in cheminfor-
matics by directly processing complete molecular structures
with a quantum autoencoder, a first in the field. Our work
demonstrates that quantum circuits can effectively encode
and compress molecular information, achieving high-fidelity
reconstruction even with significant dimensionality reduction.
This robust performance across varying compression ratios
and architectural depths, particularly the high fidelity achieved
with deep quantum circuits, highlights quantum’s unique ef-
ficiency and capacity for complex molecular representation.
MOoIQAE establishes a vital foundation for harnessing quantum
advantage in molecular discovery, paving the way for explor-
ing larger systems intractable for classical methods.
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