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Abstract

Although recent advances in quantum machine learning
(QML) offer significant potential for enhancing generative
models, particularly in molecular design, a large array of clas-
sical approaches still face challenges in achieving high fi-
delity and validity. In particular, the integration of QML with
sequence-based tasks, such as Simplified Molecular Input
Line Entry System (SMILES) string reconstruction, remains
underexplored and usually suffers from fidelity degradation.
In this work, we propose a hybrid quantum-classical archi-
tecture for SMILES reconstruction that integrates quantum
encoding with classical sequence modeling to improve quan-
tum fidelity and classical similarity. Our approach achieves
a quantum fidelity of approximately 84% and a classical
reconstruction similarity of 60%, surpassing existing quan-
tum baselines. Our work lays a promising foundation for fu-
ture QML applications, striking a balance between expres-
sive quantum representations and classical sequence models
and catalyzing broader research on quantum-aware sequence
models for molecular and drug discovery.

Introduction
Molecular representation is a foundational task in compu-
tational chemistry, with broad applications in drug discov-
ery (Atz, Grisoni, and Schneider 2021; Zeng et al. 2022).
Among the various representations, the SMILES strings pro-
vide a compact, interpretable way to encode molecular struc-
tures as sequences (Zeng et al. 2022). However, accurately
reconstructing and generating chemically valid SMILES
strings remains a significant challenge due to their discrete
syntax, structured dependencies, and context-sensitive rules.
These challenges also hinder the application of quantum ma-
chine learning (QML), an emerging paradigm that leverages
the quantum mechanical nature for advanced modeling (Bi-
amonte et al. 2017; Cerezo et al. 2022; Schuld and Killoran
2019; Pan et al. 2025), on molecular representations.

In this work, we propose a quantum-classical hybrid
molecular autoencoder (QCHMAE) to overcome the degra-
dation of classical reconstruction (i.e., the reconstruction of
SMILES strings). Notably, quantum autoencoders manipu-
late quantum states within a Hilbert space, allowing them
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to leverage quantum phenomena for more efficient informa-
tion encoding (Pan et al. 2025). The proposed framework
integrates advancements of quantum circuits with the flex-
ibility of classical decoders. In brief, our architecture em-
ploys a Word2Ket embedding layer (Panahi, Saeedi, and
Arodz 2019), which encodes SMILES tokens into contin-
uous quantum-inspired vectors using tensor-train decompo-
sition (Shi, Ruth, and Townsend 2023; Aksoy et al. 2024).
These embedding results can be processed through a quan-
tum autoencoder, and the results of quantum states are mea-
sured and fed into an attention-enhanced Long Short-Term
Memory (LSTM) decoder (Bahdanau, Cho, and Bengio
2015) for SMILES reconstruction. In particular, our main
contributions are:

• We introduce a novel embeddings architecture, enabling
quantum-inspired representation for SMILES strings
(Shi, Ruth, and Townsend 2023).

• We design an end-to-end pipeline that combines quantum
encoding with an attention-enhanced LSTM decoder, ef-
fectively bridging quantum information processing with
classical sequence generation.

• We provide empirical results that the proposed frame-
work achieves a higher quantum fidelity (84%) and clas-
sical similarity (60%).

• We propose a novel loss function that jointly optimizes
quantum fidelity, trash deviation loss, and sequence-level
similarity.

Related work: Traditional machine learning models for
molecular exploration have largely relied on engineered
descriptors, graph neural networks (GNNs), or SMILES-
based sequence models to capture the chemical and struc-
tural properties of molecules (Gilmer et al. 2017; Li et al.
2022; Wu et al. 2018). However, these models struggle to en-
code quantum mechanical characteristics, generalize to out-
of-distribution molecules, or accommodate conformational
flexibility (Yang et al. 2019; Schwaller et al. 2019; Wang
et al. 2019).

In addition, recent advances in QML have enabled the
development of quantum circuits and hybrid models for
molecular data analytics (Schuld and Killoran 2019; Cerezo
et al. 2021; Albrecht et al. 2023; Pan et al. 2025). Quan-
tum autoencoders have been proposed to explore quantum
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Figure 1: Overview of the proposed hybrid quantum-classical architecture for SMILES reconstruction.

states, showing promise for molecular applications (Bon-
darenko and Feldmann 2020; Pan et al. 2025). For example,
MolQAE (Pan et al. 2025) is a recently proposed quantum-
classical framework designed for the efficient compression
of molecular representations. Furthermore, hybrid quantum-
classical frameworks integrate quantum representation with
classical neural models to leverage the strengths of both
paradigms (Biamonte et al. 2017; Lloyd et al. 2020). Such
architectures have been explored for tasks like molecular
property prediction, quantum chemistry simulations, and
molecular generation (Cao et al. 2019; Farhi, Goldstone, and
Gutmann 2014; Huang et al. 2021; Gircha et al. 2023).

Notably, our proposed approach extends prior work by in-
corporating a quantum autoencoder for latent representation
learning, followed by an embedding layer and an attention-
enhanced LSTM decoder to enhance the reconstruction of
SMILES strings.

Methodology
Our proposed architecture (Figure 1) integrates quantum-
inspired embeddings, quantum autoencoding, and classi-
cal sequence decoding to reconstruct SMILES strings. The
framework comprises three core components: (1) an embed-
ding layer, (2) a quantum autoencoder, and (3) an attention-
enhanced LSTM decoder. As depicted in Figure 1, the in-
put SMILES string is first mapped into a quantum-inspired
Hilbert space using a Word2Ket embedding. The resulting
quantum state is then processed by the quantum autoen-
coder to learn a compressed latent representation. Finally,
the decoded quantum state is passed through an attention-
enhanced LSTM to generate the reconstructed molecular
sequence. The framework is optimized using a hybrid loss
function that jointly balances quantum fidelity and classical
sequence similarity, enabling effective integration of quan-
tum and classical learning paradigms.

Embedding Layer
Initially, to encode input SMILES strings into a suitable
format for quantum processing, we employ the Word2Ket
embedding framework (Panahi, Saeedi, and Arodz 2019).
Each tokenized SMILES sequence x = [x1, x2, . . . , xL]

is mapped into a high-dimensional Hilbert space through
tensor-train decomposition (Shi, Ruth, and Townsend 2023;
Aksoy et al. 2024). Specifically, the embedding of a se-
quence is formulated as follows:

z = Word2Ket(x) =

L∏
i=1

Exi (1)

where Exi
denotes the trainable tensor assigned to token

xi, and the product is a tensor contraction over shared in-
dices. This approach enables the model to capture quantum-
like entanglement patterns between distant tokens with effi-
cient memory scaling, outperforming traditional embedding
methods in expressivity (Panahi, Saeedi, and Arodz 2019).

Quantum Autoencoder
The embedded representation z is then processed by a pa-
rameterized quantum circuit (PQC) serving as a quantum
autoencoder (Pan et al. 2025; Bondarenko and Feldmann
2020). The PQC encodes the input vector into a quantum
state |ψz⟩ using a sequence of single- and multi-qubit gates:

|ψz⟩ = Uθ(z)|0⟩⊗n (2)

where Uθ denotes the unitary evolution parameterized by
θ, conditioned on the input embedding. The quantum au-
toencoder compresses essential information into a lower-
dimensional latent space, while trash qubits are encouraged
to remain in the ground state. The fidelity between the initial
and reconstructed quantum states is computed as:

Lfidelity = 1− |⟨ψin
z |ψout

z ⟩|2 (3)

ensuring quantum information is preserved during encod-
ing and decoding (Romero, Olson, and Aspuru-Guzik 2017;
Bondarenko and Feldmann 2020).

Attention-Enhanced Classical Decoder
The quantum state is measured and projected back into a
classical latent vector ẑ, which is then provided as input to
an attention-enhanced LSTM decoder. This decoder models
the sequential dependencies in the SMILES string, leverag-
ing both the quantum-processed features and a self-attention
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Component Value / Description
Quantum Encoder
Number of encoder qubits 8
Number of latent qubits 5
QAE layers 5
Trash qubits 4
Entanglement topology CRZ gates

Classical Decoder
Hidden dimension 252
Decoder layers 4
Attention heads 8

Training
Batch size 1024
Learning rate 1× 10−6

Optimizer Adam
Epochs 50

Table 1: Experimental Setup for Hybrid Quantum-Classical
SMILES Autoencoder

mechanism:

ht, ct = LSTM([ẑ,y<t],ht−1, ct−1) (4)
at = Attention(ht,Henc) (5)

where y<t denotes the previously generated tokens and
Henc represents the encoded input states. The final output
distribution over SMILES tokens is obtained via a linear pro-
jection:

P (yt | y<t, ẑ) = Softmax(Wo[ht;at] + bo) (6)

where [·; ·] denotes concatenation.
To quantify the accuracy of classical similarity (i.e.,

SMILES string reconstruction), we employ Levenshtein
similarity as one of our primary evaluation metrics (Ja-
nardhana Rao et al. 2024). This similarity yields a value
within the range [0, 1], with higher scores indicating a strong
similarity between the original input and reconstructed se-
quences. The classical similarity is illustrated as follows:

Levenshtein Similarity = 1− d(A,B)

max(|A|, |B|)
(7)

where d(A,B) denotes the Levenshtein distance (Janard-
hana Rao et al. 2024) between the original sequence A and
the reconstructed sequence B, and |A| and |B| are their re-
spective lengths.

Quantum-Classical Hybrid Molecular Autoencoder
The proposed hybrid molecular autoencoder is optimized
end-to-end in an unsupervised manner (Bengio, Courville,
and Vincent 2012) using mini-batch stochastic gradient de-
scent, jointly updating both the quantum encoder and clas-
sical sequence decoder. In each training iteration, input
SMILES strings are tokenized and embedded, then pro-
jected into a quantum feature space via the Word2Ket em-
bedding followed by a classical transformation. The quan-
tum autoencoder encodes these features into latent quantum

states, which are subsequently measured and converted into
classical vectors for downstream decoding. An attention-
enhanced LSTM decoder reconstructs the SMILES se-
quence, effectively bridging quantum representations with
classical sequence generation. The learning objective is de-
fined as a weighted sum of multiple loss components: quan-
tum state fidelity, cross-entropy for sequence reconstruction,
Levenshtein similarity for SMILES string alignment (Ja-
nardhana Rao et al. 2024), and a penalty for trash qubit
deviation (Philips et al. 2022). This composite loss ensures
the preservation of quantum information. To further stabilize
this process, teacher forcing with scheduled sampling (Bol-
boacă and Haller 2023) is employed, guiding the decoder
with ground truth sequences during early stages.

The detailed procedure is summarized in Algorithm 1.

Algorithm 1: Quantum-Classical Hybrid Framework

1: Input: Tokenized SMILES dataset D; embedding func-
tion Embed; quantum encoder Uθ; LSTM decoder
Decoder; loss weights λ1, . . . , λ4; teacher forcing
schedule α(t)

2: for each epoch t = 1 to T do
3: for each mini-batch (x, y) in D do
4: z ← Embed(x) ▷ Word2Ket embedding
5: |ψz⟩ ← Uθ(z) ▷ Quantum encoding
6: ẑ ← Measure(|ψz⟩) ▷ Measurement (classical

projection)
7: ŷ ← Decoder(ẑ, y, α(t)) ▷ LSTM decoding

with scheduled sampling
8: Compute Lfidelity, LCE, LSMILES, Ltrash
9: Ltotal ← λ1Lfidelity + λ2LCE + λ3LSMILES +
λ4Ltrash

10: Update model parameters via backpropagation
11: end for
12: end for

Experiments and Discussion
Dataset and Experimental Setup
In experiments, we employed the QM9 dataset (Blum and
Reymond 2009), which contains roughly 134,000 organic
molecules, each with no more than nine heavy atoms. Prior
to training, the dataset was processed by canonicalizing the
SMILES representations with RDKit (Landrum 2023), elim-
inating duplicates, and excluding invalid molecular entries.
The experimental details are summarized in Table ??.

Training and Results
The results of training the proposed hybrid model are il-
lustrated in Figures 2 and 3. The training focuses on unla-
beled data without testing, such as k-fold validation (Bengio,
Courville, and Vincent 2012). Overall, the results demon-
strate that quantum fidelity increases steeply and stabilizes
above 80%, while SMILES similarity (i.e., classical simi-
larity) improves around 60%. In particular, all loss curves
decrease sharply during the initial training phase and gradu-
ally converge to stable values. These trends demonstrate that
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enhancements in quantum representation directly contribute
to improved downstream molecular sequence reconstruction
within the hybrid architecture.

Figure 2: Quantum Fidelity and SMILES Similarity plotted
against the learning rate across training epochs.

Furthermore, Figure 2 illustrates the relationship between
the learning rate and the performance throughout training.
As the learning rate decays under the CosineAnnealingLR
scheduler, both quantum fidelity and SMILES similarity re-
main consistently high. This trend highlights the effective-
ness of the scheduling strategy, facilitating rapid optimiza-
tion in the early stages of training and enabling fine-grained
tuning in later epochs. Moreover, Figure 3 presents the quan-
tum fidelity, SMILES similarity (i.e., classical similarity),
and 4 loss components within 50 epochs. These results high-
light the model’s capability to quickly learn quantum repre-
sentations and progressively enhance classical reconstruc-
tion accuracy.

QML
Models

Embeddi-
ng type

Quantum
Fi-

delity(%)

Trash
Devia-

tion(%)

Classical
Similar-
ity (%)

MolQAE ASCII 77 90 N/A

QCHMAE Word2ket 84 82 60

Table 2: QML Models performance comparison under clas-
sical decoding

Besides, we compare the SMILES reconstruction us-
ing the only existing quantum model, MolQAE. Table ??
provides a quantitative evaluation between our QCH-
MAE and the prior MolQAE (Pan et al. 2025) without
a classical decoder. In contrast, our hybrid model with a
Word2Ket (Panahi, Saeedi, and Arodz 2019) embedding
substantially outperforms, achieving higher quantum fi-
delity, a lower trash deviation, and a marked improvement
in classical similarity of SMILES strings reconstruction as
well.

Discussion
In terms of model performance, the hybrid architecture
achieves a quantum fidelity of 84%, indicating that the

Figure 3: (a) Quantum Fidelity and SMILES Similarity plot-
ted over training epochs. (b) Breakdown of loss compo-
nents during training. Quantum fidelity loss, cross-entropy
loss, SMILES loss, and trash deviation loss are shown with
smoothed curves.

quantum autoencoder effectively preserves latent state infor-
mation through the encoding and decoding processes. The
average classical similarity (Janardhana Rao et al. 2024) be-
tween original and reconstructed SMILES strings is 60%,
reflecting an accurate reconstruction at the token-level se-
quence. Additionally, a trash deviation score of 82% con-
firms that the non-latent (“trash”) qubits (Philips et al. 2022)
are successfully driven toward the zero state, validating the
effectiveness of the quantum compression mechanism. In
summary, these results underscore the strengths of the pro-
posed hybrid approach.

Conclusion
In this work, we integrated a quantum autoencoder with
classical sequence modeling to significantly improve quan-
tum fidelity and classical similarity. The results showcase
that our framework can improve quantum fidelity to 84%
and achieve the classical similarity as 60%. This surpasses
prior MolQAE, highlighting the value of combining quan-
tum feature processing with classical decoding. Notably, our
proposed framework also faces challenges. The improve-
ment of quantum fidelity does not always lead to an im-
provement in classical similarity. This highlights a funda-
mental challenge in hybrid quantum-classical architectures.
Overall, this work illustrates a viable path forward for in-
tegrating quantum learning modules into molecular genera-
tion pipelines. With improvements in quantum training, such
hybrid models could become increasingly practical and im-
pactful for quantum-enhanced molecular representation and
drug discovery.
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