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Abstract

This work introduces the Schmidt Quantum Compressor, an innovative approach to quantum data compression that leverages
the principles of Schmidt decomposition to encode quantum information efficiently. Unlike traditional variational quantum
autoencoders, which rely on stochastic optimization and are prone to issues like barren plateaus, our deterministic method
significantly reduces the complexity and computational overhead of quantum data compression. The compressor is rigorously
evaluated through numerical experiments, demonstrating its potential to achieve high fidelity in quantum state reconstruction
compared to variational methods. The applications of this technology span quantum simulation, communication, and
distributed quantum computing, highlighting its versatility and the broad implications for future quantum technologies.

1. Introduction

Quantum compression is a technique in quantum computing aimed at reducing the dimensionality of quantum information
while preserving its essential characteristics [I} 2]. This process involves encoding quantum states into a lower-dimensional
space, allowing for more efficient storage and manipulation of quantum data. In this way, quantum compression can
significantly optimize the use of quantum resources, making it a valuable tool in advancing quantum technologies.

Applications of quantum compression [3, 4] span a variety of fields, including quantum simulation [5], quantum communi-
cation [6], and distributed quantum computing |7, [§]. By minimizing the quantum resources required, quantum compression
enhances the feasibility and efficiency of quantum simulations, enables more effective quantum communication protocols by
reducing the quantum data transmitted over networks, and facilitates distributed computation within quantum networks.
Importantly, this technology is not limited to purely quantum data; it can also efficiently transmit classical data through
quantum networks by encoding it as a quantum state [9HI3|, thereby expanding the range of information that can be
compressed and shared. These applications highlight the potential of quantum compression to improve the way both quantum
and classical information is processed and transmitted.

Quantum autoencoders [I4H18] are a popular approach to achieving quantum compression by employing a two-part
mechanism: a compressor and a decompressor. The compressor maps the high-dimensional input quantum states into a
lower-dimensional latent space, effectively compressing the information. This is followed by a decompressor that attempts to
reconstruct the original quantum state from the compressed version. The success of a quantum autoencoder can be measured
by the fidelity between the original and reconstructed states, which indicates how accurately the compression and subsequent
decompression preserve the quantum information. Quantum autoencoders can be trained to maximize compression efficiency
by optimizing the unitary transformations that define the encoding and decoding processes, demonstrating their critical
contribution to the field of quantum data compression.

Built on the framework of variational quantum circuits, quantum autoencoders face various challenges that can impact
their efficiency in compressing quantum data. These variational circuits depend on fine-tuning their parameters through
optimization techniques to enhance performance. However, this fine-tuning process is often hindered by noise, which introduces
errors complicating the process of determining gradient directions, increasing the likelihood of encountering what are known
as barren plateaus [19].

Additionally, identifying the best circuit configuration becomes increasingly challenging [20]. The circuit configuration
consists of two parts: an embedding, which maps classical data into a Hilbert space, and an ansatz, a parametrized circuit
designed to approximate the solution to a problem. The embedding is unnecessary when working with quantum data.

Choosing the right embedding and ansatz for the circuit configuration demands a balance between the circuit’s ability to
represent complex states (expressibility [21]) and the ease with which it can be optimized (trainability [22]). The embedding
must efficiently [23] 24] translate classical data into a quantum context, ensuring information is encoded without loss. On the
ansatz side, the architecture of the variational circuit should be sufficiently sophisticated to represent the dataset’s complexity
without becoming unmanageable. An ansatz that is too simplistic risks failing to model the data adequately, while one that
is too elaborate may induce barren plateaus [19, 25] in the optimization landscape. Moreover, introducing more gates into
the circuit tends to increase error propagation in NISQ-era devices, potentially corrupting the quantum state. Given these
considerations, the careful selection of both embedding and ansatz is critical, as it profoundly impacts the effectiveness of
variational quantum computing methods.

Furthermore, the variational nature of these circuits requires a significant amount of classical computational resources for
optimization, which can be time-consuming. This is particularly challenging when dealing with complex quantum systems or
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attempting to scale up the quantum autoencoder for larger quantum datasets. The trade-off between the adaptability of
variational circuits to different quantum compression tasks and the computational overhead introduced by the optimization
process, combined with the presence of noise, requires robust error mitigation and optimization strategies in the development
of quantum autoencoders.

Adopting a deterministic approach presents a strategic alternative to address the challenges faced by quantum autoencoders
utilizing variational quantum circuits.

2. Schmidt compression protocol
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Figure 1: Schmidt compression protocol and Schmidt quantum state preparation quantum circuit overview. (a) Schmidt Compression Protocol
(SCP). The operators Uy, and V,, are derived from the typical state |1)). They transform the basis of subsystems A and B to align with the
computational basis. A sequence of CNOT gates then disentangles the two subsystems. When p; is identical to |¢), the separation is perfect, and
subsystem A carries the singular values of p;. Consequently, the decompressor CT can faithfully reproduce p; without loss. For p; differing from [1),
the separation is approximate, with the quality of approximation p; being dependent on the proximity between p; and [¢). (b) Schmidt Quantum
State Preparation. The operator ¥ encodes the singular values of the reshaped state vector as the amplitude probabilities of subsystem A (first half
of the quantum register). A sequence of CNOT gates then entangles subsystems A and B. The operators U and V are derived from the input state
vector. They transform the computational basis of subsystems A and B to align with the Schmidt basis.

The goal of the new protocol is to design a quantum data compression scheme based on a classical dataset or a dataset
with samples from a quantum data source. The idea is to use the dataset to extract information about the source (quantum
or classical), and then utilize that information to develop a quantum compression protocol.

The essence of the method is to find a typical state |[¢) that minimizes the distance between the entire sample set {|z;)}
and [¢), thereby maximizing the fidelity of the entire dataset towards 1. The compression strategy is then built around
representing states in the vicinity of |¢) using fewer dimensions. We discovered that, for datasets with real and non-negative
features, the optimal choice for the typical state is the average of the normalized sample vectors |i)) = #
the number of samples.

, where M is

2.1. Protocol principle
Given a bipartite state [¢) in H, ® Hy, its Schmidt decomposition can be written as:

k
[v) = Z Ai |ui) , |vi)y, - (1)

If the typical state |¢) is reshaped into a matrix form My, and then an SVD is performed on this matrix, the result is:
My = UySyV). (2)

where the columns of Uy, (left singular vectors) correspond to the Schmidt basis vectors |u;), for subsystem A, the columns of
Vi (right singular vectors) correspond to the Schmidt basis vectors |v;), for subsystem B, and the diagonal elements of X,
are the singular values, which are equivalent to the Schmidt coefficients A;. It’s crucial to note that the partitioning of the
system into blocks do not need to be continuous or uniform in size, as illustrated in Figure [Ta}

The compression unitary C, depicted in Figure is formulated from Equation and is a derivative of the Schmidt state
preparation circuit [10, [13]. Observing that the first operator in the Schmidt circuit (see Figure is a state preparation
mechanism that encodes the singular values into the amplitudes of subsystem A, it is feasible to reverse this circuit and
eliminate the associated operator ¥ to generate the state |\) (see Figure . With C as the compression unitary, C! functions
as the decompression unitary.

When C acts upon the typical state |¢), it precisely produces |A) in subsystem A and |0) in subsystem B, as shown in
Equation . In this configuration, CT is capable of flawlessly reconstructing |¢) as illustrated in Figure
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Figure 2: The compressor circuit and the operational dynamics of the compressor circuit on various states. (a) The figure showcases a compressor
circuit adapted from the Schmidt Quantum State Preparation. In this adaptation, the original circuit is inverted, and the unitary component X is
omitted. Upon application to a typical state |1), the circuit yields a new state |A), which encodes the singular values formerly attributed to ¥,
within subsystem A. After this transformation, subsystems A and B become fully disentangled, resulting in subsystem B being characterized by the
state |0). (b) Scenario where the input state precisely matches the typical state, resulting in a lossless recovery of the input state. (c¢) Scenario where
the input state is in close proximity to the typical state, resulting in a high-fidelity approximation of the input state, although not an exact recovery.

Now, consider a state |x;) that is close to |¢)). We are interested in how |x;) projects onto the known Schmidt basis vectors
of [¢). The projection will look like o; = (u;], (v;l, |2;), and can be translated in terms of closeness in the following way:

e Exact match. If |z;) = |9}, the coefficients «; will match exactly with the Schmidt coefficients A;.

e Close but not exact. If |z;) is near |¢) (in terms of high state fidelity between them), the coefficients a; will be close
to A;, but with some deviations. The magnitude and pattern of these deviations can offer insights into how |z;) deviates

from [¢)).

e Orthogonal or unrelated. If |z;) is orthogonal or largely unrelated to |¢) in terms of certain Schmidt modes, the
corresponding «; values will be small or even zero.

The entire set {a;} can be seen as a signature or fingerprint of how |z;) projects onto the Schmidt bases of |¢).

3. Experiment and discussion

In this section, we contrast the performance of the Schmidt compressor algorithm with that of the Quantum Autoencoder,
using fidelity as the benchmark. Fidelity measures how closely the recovered state from the complete circuit matches the
initial quantum state.

Label Quantum autoencoder | Schmidt compressor

Avg Std Avg Std
0 0.815 0.080 0.841 0.073
1 0.700 0.168 0.679 0.176
2 0.715 0.115 0.736 0.117
3 0.699 0.117 0.725 0.118
4 0.694 0.093 0.709 0.116
5 0.705 0.091 0.706 0.097
6 0.744 0.082 0.786 0.092
7 0.703 0.098 0.699 0.117
8 0.694 0.088 0.713 0.093
9 0.633 0.147 0.671 0.147

Table 1: Comparative analysis of the Variational Quantum Autoencoder and Schmidt Compression techniques applied to the Optical Recognition of
Handwritten Digits dataset [26] 27] under ideal simulation conditions. The columns labeled Avg display the average fidelity measured across 20
pairs of original and reconstructed states, offering insights into the effectiveness of each method in preserving quantum state information during
compression.

This study employs the Optical Recognition of Handwritten Digits dataset [26] [27]. The dataset was segmented into ten
unique subsets, each representing one digit class in the range from 0 to 9. Every subset comprised 180 samples. For each
digit class, 20 test samples were evaluated to calculate the mean fidelity and standard deviation. The simulation findings are
summarized in Table [1, which compares the performance of the Quantum Autoencoder with that of the Schmidt compressor
in terms of fidelity metrics. The results show that the Schmidt compressor outperforms quantum autoencoder in 8 out of 10
data compression tasks.

The standout benefit of the Schmidt compressor is its independence from optimization, a process that can often be
resource-intensive and time-consuming. Moreover, it circumvents issues commonly associated with optimization, such as
barren plateaus, and eliminates the complex decision-making involved in selecting the optimal embedding and ansatz for
variational circuits.
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