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Abstract—The de novo design of drug molecules is recognized
as a time-consuming and costly process, and computational
approaches have been applied in each stage of the drug discovery
pipeline. Variational autoencoder is one of the computer-aided
design methods which explores the chemical space based on
an existing molecular dataset. Quantum machine learning has
emerged as an atypical learning method that may speed up some
classical learning tasks because of its strong expressive power.
However, near-term quantum computers suffer from limited num-
ber of qubits which hinders the representation learning in high
dimensional spaces. We present a scalable quantum generative
autoencoder (SQ-VAE) for simultaneously reconstructing and
sampling drug molecules, and a corresponding vanilla variant
(SQ-AE) for better reconstruction. The architectural strategies in
hybrid quantum classical networks such as, adjustable quantum
layer depth, heterogeneous learning rates, and patched quantum
circuits are proposed to learn high dimensional dataset such
as, ligand-targeted drugs. Extensive experimental results are
reported for different dimensions including 8x8 and 32x32 after
choosing suitable architectural strategies. The performance of
quantum generative autoencoder is compared with the corre-
sponding classical counterpart throughout all experiments. The
results show that quantum computing advantages can be achieved
for normalized low-dimension molecules, and that high-dimension
molecules generated from quantum generative autoencoders have
better drug properties within the same learning period.

Index Terms—Quantum Machine Learning, Variational Autoen-
coder, Drug Discovery

I. INTRODUCTION

Traditional drug discovery and development pipeline, from
concept and market, takes 10-18 years and costs billions
of dollars [1]. As the productivity for small-molecule drugs
declines, the drug discovery trend shifts toward biologic drugs
which predominantly target disease-selective cellular ligands
(i.e., molecules that bind to certain atoms to form biological
complexes) [2]. Ligand-targeted drugs exhibiting little affinity
for health cells but high affinity for pathologic cells can achieve
required therapeutic potency with minimal toxicity [3]. Ligands
would interact with protein pockets (associated with a disease)
in the binding sites if they are structurally complementary.
One can find such ligands by searching through all viable
chemical compounds and molecules adhering to a given set
of construction principles and boundary conditions called the
chemical space. Navigating this impractically large chemical
space falls within the field of de novo drug discovery [4].

Computational approaches have been broadly applied to
nearly every drug discovery phases, especially molecule de-
sign with desirable properties [5] which corresponds to the
lead generation phase shown in Fig. 1(a). Generative models

Candidate 
Drug

Lead Generation
& Optimization

Hit 
Screen

Target 
Discovery & 
Validation

(a)

drug ligands protein pocket

Phase

Lock & 
Key model

(b)
docking

Fig. 1. (a) The drug discovery pipeline in 4 general phases (not including
development, clinical trials and launch phases); (b) the lock and key model
showing the binding process between protein pocket and ligand.

such as, variational autoencoders (VAEs) [6] and generative
adversarial networks (GANs) [7] are adopted to generate a
plethora of drug candidates (in string-based and graph-based
[8], [9] representations) for further screening by adopting the
lock and key model as shown in Fig. 1(b). The set-level
adversarial loss of GAN is calculated by comparing with the
set of training samples; while generative VAEs add extra latent
variables from vanilla autoencoders (AEs) and thus support
instance-level reconstruction. Such reconstruction is helpful for
finding a ligand match given a receptor protein [10], [11],
by going through the molecular docking process as illustrated
in Fig. 1(b). AEs support more accurate reconstruction for
the lack of latent variables but do not support sampling new
ligand molecules. Therefore, both AEs and VAEs are adopted
for reconstructing graph-based molecules but only VAEs for
sampling new ligand molecules through learning the latent
space distribution as shown in Fig. 2(a).

Quantum computing has shown unique advantages such
as, strong expressive power across a variety of learning and
optimization applications e.g., detection, classification and dis-
covery [12]–[14]. Quantum variational autoencoders (QVAEs)
had been primarily used for quantum state compression on
adiabatic quantum computers [15], [16] but rarely on gate-
model quantum computers. When being implemented, quantum
VAE/AE is more challenging than the usual quantum neu-
ral network (QNN) since it contains two major components,
namely encoder and decoder. The scaling to high-dimensional
dataset becomes even more challenging given limited number
of qubits and the input-output mapping constraint imposed by
measurements interpreted as the output. The output dimension
is constrained to be less than the qubit count when measure-
ment expectation value is taken as output. We aim to address
these scaling difficulties of quantum autoencoders by exploring
various architectural techniques for drug discovery.
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Fig. 2. (a) The classical VAE architecture for drug molecule discovery includes a decoder and an encoder which outputs Gaussian parameters for approximating
the latent space distribution (the only part that AE does not involve) from which random noises are sampled for generating new molecules through the decoder
network (the generation or sampling process is denoted in red box and arrows); (b) a patched variational quantum circuit (each patch has three qubits) serves as
the quantum encoder/decoder network with corresponding quantum input, hidden and output layers. A hybrid VAE/AE is realized by connecting the final fully
connected (FC) layer with the preceding measurement outcome vector.

The actual QVAE architecture primarily depends on the di-
mension and scale of training dataset. A fully quantum autoen-
coder can achieve quantum learning advantages for normalized
low dimension dataset, whereas a hybrid quantum classical
model is necessary to implement the high-dimensional and
large-scale dataset. Appropriate choices of quantum embedding
methods also impact the quality of uploading classical data into
quantum states in a Hilbert space. Besides, the novel QNN
architecture with patched quantum circuits, as shown in Fig.
2(b), is proposed to alleviate such dilemmas. The strategy of
adopting heterogeneous learning rates for quantum and classical
layers is explored for counteracting the parameter range imbal-
ance between the two layer types. Appropriate quantum layer
depth is explored to improve learning quality as well. A suitable
combination among these architectural factors is identified for
learning different dimensional datasets accordingly.

We propose a new qubit-efficient scalable quantum gener-
ative autoencoder (SQ-VAE) to learn latent molecular distri-
bution with reconstruction and sampling fidelity on par with
classical ones. The architecture of classical and quantum VAEs
are shown in Fig. 2. Extensive experiments on the architectural
techniques are performed using molecular datasets with differ-
ent dimensions including 8x8 QM9 [17] and 32x32 PDBbind
ligand [18]. Additionally, two image datasets, 8x8 Digits and
32x32 grayscale CIFAR-10 [19], are used to better visualize the
learning qualities from classical and quantum autoencoders.

Contributions: We, (i) develop a scalable gate-model quan-
tum generative autoencoder for reconstructing and sampling
real-size drug molecules with better drug properties; (ii)
demonstrate quantum learning advantages in terms of training
speed and representation quality experimentally on the low-
dimensional digit and molecule datasets; (iii) propose several
novel architectural design techniques including the patched
quantum circuit and heterogeneous learning rates to learn high-
dimensional data distributions.

II. PRELIMINARIES

A. Computational Drug Discovery

A variety of classical computational approaches using GANs
and VAEs have been explored for learning molecular distribu-
tion and generating new molecules from the learned chemical

space [8], [9]. In the present study, VAE is primarily selected
because it learns both the inference network and generator
network, the former of which helps with the instance-level
matching between receptor protein and ligand. Quantum gen-
erative models have also been recently studied for leveraging
the strong expressive power and intrinsic probabilistic nature
of quantum circuits [11], [13]. However, only small molecule
discovery was targeted in these studies. One small molecular
graph from QM9 and its matrix representation are shown in Fig.
3. Each diagonal element in the molecule matrix denotes the en-
coded atom type (1-C, 2-N, 3-O), and each off-diagonal element
represents the encoded bond type (0-NONE, 1-SINGLE, 2-
DOUBLE, 4-AROMATIC) in the molecular graph. Only heavy
atoms excluding Hydrogen are displayed in the matrix.

B. Variational Autoencoder

Autoencoder (AE) consists of an encoder network, which
converts an input vector to a code vector, and a decoder network
which reconstructs the original input with high fidelity [20].
Its generative version of VAE additionally learns a variational
model for the latent variables to capture the underlying sample
distribution. Mathematically, VAE is represented by an infer-
ence network (a.k.a. encoder) qφ(z|x) and a generator network
(a.k.a. decoder) pθ(x|z) where z denotes the latent variables
[6]. The inference network outputs parameters for learning the
Gaussian distribution qφ(z|x) = N (μφ(x),Σφ(x)). The in-
tractable true posterior pθ(z|x) is approximated by the encoder
network. The generative model depends on a continuous vari-
able z and the posterior. Assuming a training set S = {xi}Ni=1,
the parameters φ and θ are jointly learned by minimizing the
negative of evidence lower bound (ELBO) as follows:

min
θ,φ

LELBO(θ,φ;x) =

− Ez∼qφ(z|x)[log (pθ(x|z))] +DKL[qφ(z|x)||p(z)]

where p(z) is the prior assumed to be N (0, I). The first
term −Ez∼qφ(z|x)[log (pθ(x|z))] in above equation is known
as reconstruction loss, and the second term DKL(q||p) is the
Kullback-Leibler (KL) divergence between the approximation
density qφ(z|x) and the Gaussian prior. Continuous random
noise is drawn from p(z) for further approximating sampling
new data points from pdata(x).
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Fig. 3. (a) A sample molecular graph where each circled number denotes the
atom sequence; (b) the corresponding molecule matrix with diagonal elements
representing atom types and off-diagonal ones representing bond types.

C. Quantum Neural Networks

Quantum gates are quantum logic operations on a small
number of qubits. A single-qubit operation behaves like a
matrix-vector multiplication, and two-qubit operation are em-
ployed for creating quantum entanglement. Rotation gates are
adopted for variational learning, and each rotation gate contains
three trainable parameters. Moreover, non-parametric CNOT
gate (see Fig. 2(b)) is adopted for creating entanglement, and
Pauli-Z gate for measuring the expectation value for each qubit.

Quantum embedding uploads a given classical data sample
x into its corresponding quantum state |ψx〉 in a Hilbert
space. Embedding is a crucial part of quantum circuit which
affects the computational power. For the vector x ∈ Rd, the
amplitude encoded state is defined as |x〉 = 1

‖x‖2

∑d
j=1 xj |j〉.

Angle embedding maps the feature vector x to the angles
φ(x) = (φ1(x1), φ2(x2), . . . , φd(xd)) with which d qubits
have to be rotated to reflect each feature value xi. Amplitude
embedding has the stringent input-output constraint, whereas
angle embedding is not qubit efficient since it requires one
qubit per feature.

Measurement provides classical information in terms of
expectation, variance, or probabilities from quantum system.
For expectations measured on the state |ψ〉 = a |0〉 + b |1〉,
the average of the observable Z =

(
1 0
0 −1

)
under the state

mathematically refers to the following:

〈Z〉|ψ〉 ≡ 〈ψ| Z |ψ〉 ≡ Tr[|ψ〉 〈ψ| Z] = |a|2 − |b|2 ∈ [−1, 1]

where the expectation bound [−1, 1] is obtained since the
squared norm of amplitude represents a probability. For prob-
abilities measured on the state, an array containing the proba-
bility | 〈i|ψ〉 |2 for each computational basis state i is returned,
satisfying

∑
i | 〈i|ψ〉 |2 = 1.

III. VARIATIONAL QUANTUM AUTOENCODER

A. Architectures

The general QNN architecture consists of quantum embed-
ding, repeatable variational entanglement layers, and measure-
ment for constructing quantum generative and vanilla autoen-
coders. However, the specific choices of quantum embedding
and measurement largely depend on the dimensions and scales
of given dataset. Fully quantum autoencoders only apply to
normalized-scale reconstruction since both expectation and
probabilities have the upper bound of 1. High-dimensional
data reconstruction would require the patched architecture to

avoid the tradeoff between qubit-efficiency and input-to-output
mapping constraint. For simplicity, the repeatable hidden layer
is fixed with rotation gates R(ψ, θ, ω) acting on each qubit,
followed by CNOT gates with a periodic layout, as shown in
Fig. 2(b). We demonstrate two quantum autoencoder archi-
tectures, i.e., baseline quantum VAE/AE (BQ-VAE/AE) and
scalable quantum VAE/AE (SQ-VAE/AE) to learn the low-
dimensional QM9 and high-dimensional PDBbind molecular
datasets, respectively.

B. Baseline Quantum Autoencoders

BQ-VAE/AE adopts amplitude embedding and expectation
output for encoder, and angle embedding and probability output
for decoder. Low resolution 8x8 Digits set is used to compare
BQ-VAE/AE performance relative to the classical counterpart.
To demonstrate fully baseline quantum VAEs (F-BQ-VAEs),
QM9 molecules and image digits are first normalized by
directly dividing each non-negative feature value by their sum.
Latent space dimension (LSD) is log2(64) = 6 by measuring
expectation of each qubit. The LSD vector from the latent space
is reconstructed into 26 = 64 dimension by computing the
probability of basis states. For original-scale (non-normalized)
data points, a final fully connected (FC) classical layer is used
to reconstruct feature values, resulting in the hybrid quantum
variant (H-BQ-VAE/AE). Quantum hidden layers are repeated
for L = 3 times in BQ-VAEs/AEs. Similarly, classical encoder
also takes 3 hidden linear layers followed by ReLU activation
for reducing the dimensions to 32, 16, and 6, respectively, while
classical decoder converts the dimensions in a reversed order.
Table I compares the number of trainable parameters between
classical and baseline quantum autoencoders.

TABLE I
COMPARISON OF NUMBER OF TRAINABLE PARAMETERS.

Parameter Type VAE(AE) F-BQ-VAE(AE) H-BQ-VAE(AE)

Quantum 0 (0) 108 (108) 108 (108)
Classical 5694 (5610) 84 (0) 4286 (4202)

Total 5694 (5610) 192 (108) 4394 (4310)

Large number of classical parameters in H-BQ-VAE is due
to the final linear layer with a [64, 64] transformation. Apart
from using fewer parameters, BQ-VAE/AE even learns faster
for normalized QM9 molecules in terms of the number of
training epochs as shown in Fig. 4(b). However, Fig. 4(a)
does not show quantum computational advantage for original-
scale dataset due to the probability output constraint. Three
normalized input samples from Digits dataset, their respective
BQ-VAE reconstructions, and three randomly sampled digits
from the learned generator network are shown in Fig. 4(c). Note
that, normalized-scale digit images have the same quality as
original-scale ones when being visualized. However, molecule
reconstructions from original and normalized inputs differ so
much that the latter hardly shares characteristics with the input
molecule, as shown in Fig. 4(d). This indicates that normal-
ization is not the feasible quantum autoencoder approach for
learning QM9 molecular representation and high-dimensional
PDBbind molecules.
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Fig. 4. (a) Comparison of train MSE losses between VAE and BQ-VAE on original Digits QM9 molecules; (b) comparison of train MSE losses on normalized
Digits and QM9 molecules by dividing the respective L1 norm for all data points; (c) three sample digits, their respective BQ-VAE reconstructions, and three
random samples from the learned generator network; (d) one sample QM9 molecule and its BQ-VAE reconstructions from input (original) and L1 normalized
molecule, respectively.

C. Scalable Quantum Autoencoders

Scalable quantum autoencoders including SQ-VAEs and SQ-
AEs are developed for near-term quantum computers to learn
high-dimensional dataset such as, PDBbind ligands filtered with
up to 32 heavy molecules. As illustrated in Fig. 5, direct
application of baseline quantum autoencoders to the 1024-
dimensional (32x32) data points do not work well due to the
stringent input-to-output mapping, i.e., latent space being too
compact (10 = log2 1024 dimensional) to faithfully represent
PDBbind ligands. The fully quantum variant, F-BQ-AE, hardly
learns because probability values cannot be matched to the
original-scale ligand matrices. The extra classical layer in the
hybrid quantum model (H-BQ-AE) functions as the transfor-
mation to original scales. Fig. 5 (b) shows lower test losses
for classical AEs with larger latent space dimensions whereas
VAEs almost remain unchanged. Scalable quantum autoencoder
relies on the patched quantum circuits for scaling to high-
dimensional dataset given small size quantum computers. Angle
embedding is used to encode the latent variable z into the
corresponding quantum state and measurement expectation
value is returned as the output since the probabilities from 1024
basis states are too miniscule to be reconstructed.

Patched quantum circuit (see Fig. 2(b) is derived from the
patch quantum GAN [21] which takes all features into each
of the multiple circuits to obtain richer representation of fake
digits. However, we partition the entire feature vector into
multiple equal-sized sub-vectors, and each sub-vector is fed into
a quantum sub-circuit. Therefore, our revised method occupies
fewer qubits in each sub-circuit by embedding only a portion of
the feature vector. Moreover, patched quantum circuit increases
the output dimension by taking more expectation values as
output. This alleviates the issue of having too compact latent
space from directly using baseline quantum autoencoder. It is
worth mentioning that the architecture advantage in terms of
model complexity of SQ-VAE/AE over its classical counterpart
becomes more pronounced, relative to the comparison afore-
mentioned in Table I, because of the higher dimensional input.
The advantage here is not re-tabulated for brevity.

Aside from the patched circuit, we also present three follow-
ing architecture-related factors that could affect SQ-VAE/AE
performance. Firstly, the number of quantum hidden layers L
determines the number of trainable weights which relate to the

Fig. 5. (a) Two BQ-AEs and the classical AE with three hidden layers applied
to high-dimensional PDBbind ligands; (b) AEs with increasingly large latent
space show lower test losses while VAEs remain almost unchanged.

trainability and expressiveness of variational quantum circuits.
A suitable circuit depth is selected after a series of sensitivity
studies. Secondly, similar to Fig. 5(b), the learning quality of
SQ-VAE/AE also depends on latent space dimension which
in turn affects the number of patches in the circuit. Thirdly,
quantum parameters fall in the range [−π, π], whereas classical
parameter space is much more vast given equal number of
parameters. The small-scale of quantum parameters may re-
quire a different quantum learning rate schedule from classical
one. This assumption is validated by adopting heterogeneous
learning rates for quantum and classical layers.

IV. EXPERIMENTS

This section discusses the experiment results of SQ-VAE/AE
for learning high-dimensional molecules since the learning
result of baseline quantum autoencoders has already been
demonstrated on QM9 molecules in Section III-B.

A. Dataset and Metrics

The refined PDBbind 2019 dataset [18] contains 4852
protein-ligand complexes, whereas only ligand molecules are
used to demonstrate the SQ-VAE/AE. We filter out molecules
with more than 32 heavy atoms since 32x32 (a power of
2) dimension can directly leverage quantum information pro-
cessing. Similar to QM9 dataset (see the 9x9 example in
Fig. 3), PDBbind ligands are also represented by molecule
matrices where diagonal elements indicate the encoded atom
types (1-C, 2-N, 3-O, 4-F, 5-S) and off-diagonal elements
indicate the encoded bond types. Each molecule matrix is
symmetric, therefore, half of the off-diagonal elements could be
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Fig. 6. Training and test reconstruction MSE loss comparison among SQ-VAEs
with 1 to 9 strongly entangling layer(s).

removed. Ligands consisting of other atom types are removed.
Therefore, only 2492 ligands are finally taken for learning SQ-
VAE/AE. The dataset is split into 85% and 15% for train and
test sets, respectively. SQ-VAE/AE performance on PDBbind
ligands is evaluated using the metric of MSE loss together
with three molecule property metrics of quantitative estimate
of druglikeness (QED), log octanol-water partition coefficient
(logP) and synthetic accessibility (SA) retrieved using RDKit
[22]. Additionally, 32x32 resolution gray-scaled CIFAR-10 [19]
images are adopted for visualizing SQ-AE reconstruction.

B. Implementation Details

Patched quantum circuit is included to scale the SQ-VAE/AE
network to high-dimensional ligands. Other architecture-related
factors i.e., adjustable quantum layer depth and heterogeneous
learning rates are finalized through sensitivity studies. Both
quantum encoder and decoder are connected to a classical layer
to map the measurement to original ligand features.

All scalable quantum autoencoder variants are trained with
a mini-batch of 32 molecules using the Adam optimizer with
default β1 = 0.9 and β2 = 0.999 on a single RTX 2080 Ti
GPU and the PennyLane simulation platform for the quantum
stage. The learning rate is set to 0.001 throughout 20 training
epochs for tuning quantum layer depth. A set of data points
is randomly selected from the test set to evaluate SQ-VAE/AE
reconstructions. Sampling results from SQ-VAEs are examined
by sampling Gaussian noise from learned latent spaces.

C. Ablation Study

The number of spurious local minima depends exponentially
on the number of quantum parameters [23]. Therefore, the
suitable quantum layer depth needs to be identified for better
performance. Adopting heterogeneous learning rates for quan-
tum and classical layers can speed up the overall learning.

The suitable quantum layer depth is identified by sweeping
the SQ-AE layers from 1 to 9. SQ-VAE has the same architec-
ture as SQ-AE except the extra latent variables. The losses after
5 and 10 epochs are shown in Fig. 6 where the configuration
with 5 entangling layers produce the lowest test losses. The
result indicates that SQ-AE with too few quantum layers hurts
its expressive power, whereas too many layers possibly create
unwanted number of spurious local minima. Thus the following
SQ-VAE/AE experiments are all configured with 5 layers.

A single loss term is used to iteratively update the parameters
in both quantum and classical layers. However, the quantum

Fig. 7. Training loss comparison among SQ-VAEs configured with different
combinations of quantum and classical learning rates.

rotation angle parameter space is quite different from the
classical parameter space. Therefore, studies of heterogenous
learning rates are conducted for SQ-AEs, due to architecture
similarity with SQ-VAEs, to potentially balance the learning
qualities in the hybrid algorithms. Five learning rates i.e.,
[0.001, 0.003, 0.01, 0.03, 0.1] are examined for both quantum
and classical layers. Fig. 7 shows the sensitivity results of total
25 combinations. Classical learning rate of 0.01 and quantum
learning rate of 0.03 produce the most favorable training loss.
All the following experiments are configured with this setting.

D. Evaluation Results

As shown in Fig. 5(a), baseline quantum autoencoders could
not learn the high-dimensional PDBbind ligands well. Larger
intermediate dimensions up to 64 improves the learning result
for classical AEs (Fig. 5(b)). However, input dimension and
amplitude embedding determine the latent space dimension for
quantum circuits. To increase LSD, patched quantum circuit
in the scalable quantum autoencoder splits the holistic circuit
into multiple patches. The performances of SQ-AEs with 4
different patches are evaluated. The variant with p patches has
p log2(1024/p) dimensions for latent space. Therefore, the LSD
increases from 10 in baseline quantum autoencoders to 18,
32, 56 and 96 in scalable quantum autoencoders with 2, 4, 8
and 16 patches, respectively. Classical AEs with corresponding
LSDs are created as well for comparison. To evaluate the
sampling results using drug property metrics, SQ-VAE variants
with corresponding patches are also conducted even though the
negative MSE results are observed for SQ-VAEs with larger
LSDs as shown in Fig. 5(b).

Table II compares the drug properties of 1000 new molecules
generated from SQ-VAEs and VAEs with different LSDs after
20-epoch learning on PDBbind ligands. SQ-VAE with 18 LSD
generates molecules with better logP and SA scores. The best
QED score is achieved at SQ-VAE with 56 LSD using 8 circuit
patches in the hybrid algorithm. VAEs with larger LSDs show
slightly worse MSE losses as shown in Fig. 8(a), however, logP
and SA scores increase considerably with increasing LSDs. SQ-
VAE drug properties do not vary much with LSD.

Sampling results can only be evaluated using generative
autoencoders, while reconstruction can be evaluated using both
generative and vanilla autoencoders. Reconstruction results
from SQ-VAE/AE are approximately reflected by loss bars dis-
played in Fig. 8(a). Besides, reconstructions from autoencoders
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Fig. 8. (a) Comparison of train losses between VAE and SQ-VAE/AE with different LSDs on PDBbind ligands; (b) comparison of train losses between VAE/AE
and SQ-VAE/AE on grayscale CIFAR-10 images; (c) three sample CIFAR-10 images and their respective reconstructions from AE and SQ-AE.

TABLE II
AVERAGE DRUG PROPERTIES OVER 1000 NEW LIGANDS FROM SQ-VAES

AND VAES WITH DIFFERENT LSDS. HIGHER VALUES ARE BETTER.

Metrics LSD-18 LSD-32 LSD-56 LSD-96

VAE-QED 0.138 0.179 0.139 0.142
SQ-VAE-QED 0.153 0.177 0.204 0.167

VAE-logP 0.357 0.472 0.496 0.761
SQ-VAE-logP 0.780 0.616 0.709 0.740

VAE-SA 0.192 0.292 0.307 0.599
SQ-VAE-SA 0.626 0.479 0.534 0.547

with 18 LSD are also evaluated using CIFAR images as shown
in panels (b-c). SQ-VAE/AE shows reconstruction results on
par with classical counterparts. Reconstructed images in panel
(c) only show the sketches of original inputs for both classical
and quantum AEs after learning in 20 epochs. The simulation
inefficiency of quantum circuits precludes a longer learning
period which leads to more accurate reconstruction.

V. CONCLUSION

This paper introduces a baseline quantum autoencoder that
shows computational advantages for only low-dimensional
molecules. The scalable quantum variants leverage the patched
circuits and heterogeneous learning rates for scaling to high-
dimensional ligands and show better sampling results in terms
of drug properties and reconstruction results comparable to
classical counterparts. The proposed scalable quantum autoen-
coder also applies to other tasks such as image generation.

ACKNOWLEDGMENT

The work was supported in part by National Science Foun-
dation (OIA-204066 and DGE-2113839) and seed grants from
Penn State Institute for Computational and Data Sciences and
Penn State Huck Institute of the Life Sciences.

REFERENCES

[1] S. Myers and A. Baker, “Drug discovery—an operating model for a new
era,” Nature biotechnology, vol. 19, no. 8, pp. 727–730, 2001.

[2] W. Li, I.-H. Pang, M. T. F. Pacheco, and H. Tian, “Ligandomics: a
paradigm shift in biological drug discovery,” Drug discovery today,
vol. 23, no. 3, pp. 636–643, 2018.

[3] M. Srinivasarao and P. S. Low, “Ligand-targeted drug delivery,” Chemical
reviews, vol. 117, no. 19, pp. 12 133–12 164, 2017.

[4] J.-L. Reymond and M. Awale, “Exploring chemical space for drug discov-
ery using the chemical universe database,” ACS chemical neuroscience,
vol. 3, no. 9, pp. 649–657, 2012.

[5] S. Ekins, A. C. Puhl, K. M. Zorn, T. R. Lane, D. P. Russo, J. J. Klein,
A. J. Hickey, and A. M. Clark, “Exploiting machine learning for end-to-
end drug discovery and development,” Nature materials, vol. 18, no. 5,
p. 435, 2019.

[6] D. P. Kingma and M. Welling, “Auto-encoding variational bayes.” in
Proceedings of the International Conference on Learning Representations
(ICLR), 2014.

[7] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley,
S. Ozair, A. Courville, and Y. Bengio, “Generative adversarial nets,” in
Advances in neural information processing systems, 2014.

[8] M. J. Kusner, B. Paige, and J. M. Hernández-Lobato, “Grammar varia-
tional autoencoder,” in International Conference on Machine Learning.
PMLR, 2017, pp. 1945–1954.

[9] N. De Cao and T. Kipf, “Molgan: An implicit generative model for small
molecular graphs,” arXiv preprint arXiv:1805.11973, 2018.

[10] G. Parmar, D. Li, K. Lee, and Z. Tu, “Dual contradistinctive generative
autoencoder,” in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2021, pp. 823–832.

[11] J. Li, M. Alam, C. M. Sha, J. Wang, N. V. Dokholyan, and S. Ghosh,
“Drug discovery approaches using quantum machine learning,” arXiv
preprint arXiv:2104.00746, 2021.

[12] Y. Du, M.-H. Hsieh, T. Liu, D. Tao, and N. Liu, “Quantum noise pro-
tects quantum classifiers against adversaries,” Physical Review Research,
vol. 3, no. 2, p. 023153, 2021.

[13] J. Li, R. Topaloglu, and S. Ghosh, “Quantum generative models for small
molecule drug discovery,” arXiv preprint arXiv:2101.03438, 2021.

[14] A. Abbas, D. Sutter, C. Zoufal, A. Lucchi, A. Figalli, and S. Woerner,
“The power of quantum neural networks,” Nature Computational Science,
vol. 1, no. 6, pp. 403–409, 2021.

[15] J. Romero, J. P. Olson, and A. Aspuru-Guzik, “Quantum autoencoders
for efficient compression of quantum data,” Quantum Science and Tech-
nology, vol. 2, no. 4, p. 045001, 2017.

[16] A. Khoshaman, W. Vinci, B. Denis, E. Andriyash, H. Sadeghi, and
M. H. Amin, “Quantum variational autoencoder,” Quantum Science and
Technology, vol. 4, no. 1, p. 014001, 2018.

[17] R. Ramakrishnan, P. O. Dral, M. Rupp, and O. A. von Lilienfeld,
“Quantum chemistry structures and properties of 134 kilo molecules,”
Scientific Data, vol. 1, 2014.

[18] Z. Liu, Y. Li, L. Han, J. Li, J. Liu, Z. Zhao, W. Nie, Y. Liu, and
R. Wang, “Pdb-wide collection of binding data: current status of the
pdbbind database,” Bioinformatics, vol. 31, no. 3, pp. 405–412, 2015.

[19] A. Krizhevsky, G. Hinton et al., “Learning multiple layers of features
from tiny images,” 2009.

[20] G. E. Hinton and R. S. Zemel, “Autoencoders, minimum description
length, and helmholtz free energy,” Advances in neural information
processing systems, vol. 6, pp. 3–10, 1994.

[21] H.-L. Huang, Y. Du, M. Gong, Y. Zhao, Y. Wu, C. Wang, S. Li, F. Liang,
J. Lin, Y. Xu et al., “Experimental quantum generative adversarial
networks for image generation,” arXiv preprint arXiv:2010.06201, 2020.

[22] “Rdkit: Open-source cheminformatics software,” https://www.rdkit.org/.
[23] X. You and X. Wu, “Exponentially many local minima in quantum

neural networks,” in Proceedings of the 38th International Conference
on Machine Learning, 2021.

Design, Automation and Test in Europe Conference (DATE 2022) 347



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


