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Abstract

Numerous quantum algorithms operate under the assumption that classical data
has already been converted into quantum states, a process termed Quantum State
Preparation (QSP). However, achieving precise QSP requires a circuit depth that
scales exponentially with the number of qubits, making it a substantial obstacle in
harnessing quantum advantage. Recent research suggests using a Parameterized
Quantum Circuit (PQC) to approximate a target state, offering a more scalable
solution with reduced circuit depth compared to precise QSP. Despite this, the need
for iterative updates of circuit parameters results in a lengthy runtime, limiting its
practical application. To overcome this challenge, we introduce SuperEncoder,
a pre-trained classical neural network model designed to directly estimate the
parameters of a PQC for any given quantum state. By eliminating the need for
iterative parameter tuning, SuperEncoder represents a pioneering step towards
iteration-free approximate QSP.

1 Introduction

Quantum Computing (QC) leverages quantum mechanics principles to address classically intractable
problems [47, 36]. Various quantum algorithms have been developed, encompassing quantum-
enhanced linear algebra [15, 48, 45], Quantum Machine Learning (QML) [26, 19, 1, 33, 50, 3],
quantum-enhanced partial differential equation solvers [31, 13], etc. A notable caveat is that those
algorithms assume that classical data has been efficiently loaded into a specific quantum state, a
process known as Quantum State Preparation (QSP).

However, the realization of QSP presents significant challenges. Ideally, we expect each element of
the classical data to be precisely transformed into an amplitude of the corresponding quantum state.
This precise QSP is also known as Amplitude Encoding (AE). However, a critical yet unresolved
problem of AE is that the required circuit depth grows exponentially with respect to the number of
qubits [34, 41, 29, 46, 49]. Extensive efforts have been made to alleviate this issue, but they fail to
address it fundamentally. For example, while some methods introduce ancillary qubits for shallower
circuit [57, 56, 2], they may encounter an exponential number of ancillary qubits. Other methods aim
at preparing special quantum states with lower circuit depth, being only effective for either sparse
states [12, 32] or states with some special distributions [14, 17]. To summarize, realizing AE for
arbitrary quantum states still remains non-scalable due to its exponential resource requirement with
respect to the number of qubits. Moreover, in the Noisy Intermediate-Scale Quantum (NISQ) era [42],
hardware has limited qubit lifetimes and confronts a high risk of decoherence errors when executing
deep circuits, further exacerbating the problem of AE.

In fact, precise QSP is unrealistic in the present NISQ era due to the inherent errors of quantum
devices. Hence, iteration-based Approximate Amplitude Encoding (AAE) emerges as a promising
technique [59, 35, 52]. Specifically, AAE constructs a quantum circuit with tunable parameters, then
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it iteratively updates the parameters to approximate a target quantum state. Since the updating of
parameters can be guided by states obtained from noisy devices, AAE is robust to noises, becoming
especially suitable for NISQ applications. More importantly, AAE has been shown to have shallow
circuit depth [35, 52], making it more scalable than AE.

Unfortunately, AAE possesses a drawback that signifi-
cantly undermines its potential advantages — the lengthy
runtime stemming from iterative optimizations of param-

—
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eters. For example, when a Quantum Neural Network £ (.75] B Tyae
(QNN) [3] is trained and deployed, the runtime of AAE :
dominates the inference time as we demonstrated in Fig. 1. ;t: 0.501
Since loading classical data into quantum states becomes £
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the bottleneck, the potential advantage of QNN dimin-
ishes no matter how efficient the computations are done
on quantum devices. e 1
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Compared to AAE, AE employs a pre-defined arithmetic )
decomposition procedure to construct a circuit, thereby ~Figure 1: Breakdown of normalized run-
becoming much faster than AAE at runtime. Therefore, time for QNN inference. Original data
it is natural to ask: can we realize both fast and scalable are listed in Table 1.

methods for arbitrary QSP? This is precisely the question

we tackle in this paper. Overall, we present three major

contributions.

e Given a Parameterized Quantum Circuit (PQC) U(0) that approximates a target quantum state,
with @ the parameter vector. We show that there exists a deterministic transformation f that could
map an arbitrary state |d) to its corresponding parameters 6. Consequently, the parameters can be
designated by f without time-intensive iterations.

e We show that the mapping f is learnable by utilizing a classical neural network model, which
we term as SuperEncoder. With SuperEncoder, you can have your cake and eat it too, i.e.,
simultaneously realizing fast and scalable QSP. We develop a prototype model and shed light on
insights into its training methodology.

e We verify the effectiveness of SuperEncoder on both synthetic dataset and representative down-
stream tasks, paving the way toward iteration-free approximate quantum state preparation.

2 Preliminaries

In this section, we commence with some basic concepts about quantum computing [36], and then
proceed to a brief retrospect of existing QSP methods.

2.1 Quantum Computation

We use Dirac notation throughout this paper. A pure quantum state is defined by a vector |-) named

‘ket’, with the unit length. A state can be written as |¢) = Zjvzl al) with 3, [a; |2 = 1, where
|7) denotes a computational basis state and N represents the dimension of the complex vector
space. Density operators describe more general quantum states. Given a mixture of m pure states
{|w:) }i™, with probabilities p; and y ;" p; = 1, the density operator p denotes the mixed state as
p =D pilbi)(1i] with Tr(p) = 1, where (-] refers to the conjugate transpose of |-). Generally,
we use the term fidelity to describe the similarity between an erroneous quantum state and its
corresponding correct state.

The fundamental unit of quantum computation is the quantum bit, or qubit. A qubit’s state can be
expressed as ) = «|0) 4+ B|1). Given n qubits, the state is generalized to |¢)) = Z? |7), where
|7) = |jij2 -+ jn) with jj the state of kth qubit in computational basis, and j = Y ;_, 2" .
Applying quantum operations evolves a system from one state to another. Generally, these operations
can be categorized into quantum gates and measurements. Typical single-qubit gates include the
Pauli gates X = [9§], Y = [9 7], Z = [§ °, ]. These gates have associated rotation operations
Rp(0) = e~ "P/2 where 0 is the rotation angle and P € {X,Y, Z}'. Muti-qubit operations create

'In this paper, R., R, are equivalent to Rz, Ry .
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entanglement between qubits, allowing one qubit to interfere with others. In this work, we focus on
the controlled-NOT (CNOT) gate, with the mathematical form of CNOT = [0)(0|® I + |1)(1]| ® X.
Quantum measurements extract classical information from quantum states, which is described by
a collection { M, } with )" M} M,, = 1. Here, m refers to the measurement outcomes that may
occur in the experiment, with a probability of p(m) = (x| M, M,,|«). The post-measurement state
of the system becomes M., |1} /p(m).

A quantum circuit is the graphical representation of a series of quantum operations, which can be
mathematically represented by a unitary matrix U. In the NISQ era, PQC plays an important role
as it underpins variational quantum algorithms [11, 39]. Typical PQC has the form of U(0) =
1, Ui(0;)V;, where 0 is its parameter vector, U;(0;) = e~"0:Pi/2 with P; denoting a Pauli gate, and
V; denotes a fixed gate such as CNOT. For example, a PQC composed of 17, gates and CNOT gates
is depicted in Fig. 2.
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Figure 2: An example PQC with two blocks, with each block consisting of a rotation layer (filled
blue) plus an entangler layer (filled red).

2.2 Quantum State Preparation

Successful execution of many quantum algorithms requires an initial step of loading classical data
into a quantum state [5, 15], a process known as quantum state preparation. This procedure involves
implementing a quantum circuit to evolve a system to a designated state. Here, we focus on amplitude
encoding and formalize its procedure as follows. Let d be a real-valued N-dimensional classical
vector, AE encodes d into the amplitudes of an n-qubit quantum state |d), where N = 2". More

specifically, the data quantum state is represented by |d) = Z;V:Bl d;|7), where d; denotes the jth

element of the vector d, and |j) refers to a computational basis state. The main objective is to generate
a quantum circuit U that initializes an n-qubit system by U]0)®" = Z;.V;Ol a;|j), whose amplitudes
{a;} are equal to {d; }. It is widely recognized that constructing such a circuit generally necessitates
a circuit depth that scales exponentially with n [34, 41]. This property makes AE impractical in
current NISQ era, as decoherence errors [23] can severely dampen the effectiveness of AE as the
number of qubits increases [52].

In response to the inherent noisy nature of current devices, approximate amplitude encoding has
emerged as a promising technique [59, 35, 52]. Specifically, AAE utilizes a PQC (a.k.a. ansatz) to
approximate the target quantum state by iteratively updating the parameters of circuit, following
a similar procedure of other variational quantum algorithms [39, | 1]. AAE has been shown to be
more advantageous for NISQ devices due to its ability to mitigate coherent errors through flexible
adjustment of circuit parameters, coupled with its lower circuit depth [52]. We denote an ansatz as
U(0), where 0 refers to a vector of tunable parameters for optimizations. A typical ansatz consists
of several blocks of operations with the same structure. For example, a two-block ansatz with 4
qubits is shown in Fig. 2, where the rotation layer is composed of single-qubit rotational gates
R,(6,) = e~%+Y/2 "and the entangler layer comprises CNOT gates. Note that the entangler layer is
configurable and hardware-native, which means that we can apply CNOT gates to physically adjacent
qubits, thereby eliminating the necessity of additional SWAP gates to overcome the topological
constraints [27]. This type of PQC is also known as hardware-efficient ansatz [20], being widely
adopted in previous studies of AAE [59, 35, 52].
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3 SuperEncoder

3.1 Motivation

Although AAE can potentially realize high fidelity QSP with O(poly(n)) circuit depth [35] with n
the number of qubits, it requires repetitive online tuning of parameters to approximate the target
state, which may result in an excessively long runtime that undermines its feasibility. Specifically, we
could consider a simple application scenario in QML. The workflow with AAE is depicted in Fig. 3a.
During the inference stage, we must iteratively update the parameters of the AAE ansatz for each
input classical data vector, which may greatly dampen the performance. To quantify this impact, we
measure the runtime of AAE-based data loading and the total runtime of model inference. As one can
observe from Table 1, AAE dominates the runtime, thereby becoming the performance bottleneck.

N | Taag () | Tioal — Task (8)
4 5.0086 0.0397
6 | 20.1810 0.0573
8 | 59.4193 0.0978

Table 1: Performance overhead of AAE. We break down the averaged inference runtime per sample
from the MNIST dataset. Thag denotes time spent on loading classical data into quantum state using
AAE, and Ty, refers to total runtime.

The necessity of time-intensive iterations is grounded in the following assumption — Given an
arbitrary quantum state |1}, there does not exist a deterministic transformation f : [¢)) — 0, where
0 refers to the vector of parameters enabling a PQC to prepare an approximated state of |¢). This
assumption seems intuitively correct given the randomness of target states. However, we argue that a
universal mapping f exists for any arbitrary data state |+). Taking a little thought of AE, we see that
it implies the following conclusion: given an arbitrary state |¢), there exists an universal arithmetic
decomposition procedure g : |¢p) — U satisfying U|0) = |¢). Inspired by this deterministic
transformation, it is natural to ask: is there an universal transformation ¢’ : |¢)) — U’ satisfying
E(U’)0), |1)) < €? Here E denotes the deviation between the prepared state by a circuit U’ and the
target state, and ¢ refers to certain acceptable error threshold. Since the structure of PQC in AAE
is the same for any target state, U’ is determined by 6. Then, the problem is reduced to exploring
the existence of f : 1)) — 6. Should f exist, the overhead of online iterations could be eliminated,
resulting in a novel QSP method being both fast and scalable.
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(a) Inference process of AAE.
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(b) Inference process of SuperEncoder.

Figure 3: Comparison between AAE and SuperEncoder.
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3.2 Design Methodology

Let |¢)) be the target state, and U(0) be the PQC used in AAE with 6 the optimized parameters.
Our goal is to develop a model, termed SuperEncoder, to approximate the mapping f : [¢)) — 6.
Referring back to the scenario in QML, the workflow with SuperEncoder becomes iteration-free, as
depicted in Fig. 3b.

Since neural networks could be used to approximate any continuous function [6], a natural solution is
to use a neural network to approximate f. Specifically, we adopt a Multi-Layer Perceptron (MLP) as
the backbone model for approximating f. However, training this model is nontrivial. Particularly, we
find it challenging to design a proper loss function. In the remainder of this section, we explore three
different designs and analyze their performance.

(a) Target state. (b) SuperEncoder-L; (c) SuperEncoder-L3

Figure 4: Virtualization of states generated by SuperEncoder trained with different loss functions. Lo
is omitted as it produces very similar results to L3.

The first and most straightforward method is parameter-oriented training — setting the loss function

L, as the MSE between the target parameters 8 from AAE and the output parameters 6 from
SuperEncoder. To evaluate the performance of £;, we train a SuperEncoder using MNIST dataset,
and test if it could load a test digit image into a quantum state with high fidelity. All images are
downsampled and normalized into 4-qubit states for quick evaluation.

Unfortunately, results in Table 2 show that £, achieves poor

performance. The average fidelity of prepared quantum states Y L L
is only 0.6208. As demonstrated in Fig. 4, £, generates a state 0.6208 | 0.9873 | 0.0008
that losses the patterns of the original state. Additionally, utiliz-
ing £, implies that we need to first generate target parameters Table 2: Fidelity comparison be-
using AAE, of which the long runtime hinders pre-training on tween SuperEncoders trained with
larger datasets. Consequently, required is a more effective loss different loss functions.

function design without involving AAE.

To address this challenge, we propose a state-oriented training
methodology, which employs quantum states as targets to guide L00
optimizations. Specifically, we may apply 6 to the circuit and exe- o7
cute it to obtain the prepared state 1& Then it is possible to calculate
the difference between 1& and 1) as the loss to optimize SuperEncoder.
In contrast to parameter-oriented training, this approach applies to
larger datasets as it decouples the training procedure from AAE. We 00 e
utilize two different state-oriented metrics, the first being the MSE Step

bAetween 1& and v, denoted as Lo, and the SPCOHd is the fidelity of Figure 5: Convergence of dif-
1 relative to v, expressed as L3 = 1 — |(1|¢)]|? [25]. Results in  ferent loss functions.

Table 2 show that £, and L3 achieve remarkably higher fidelity than

L. Besides, we observe that L3 prepares a state very similar to the

target one (Fig. 4), verifying that state-oriented training is more effective than parameter-oriented
training.

Landscape Analysis. To understand the efficacy of these loss functions, we further analyze their
landscapes following previous studies [28, 40, 18]. To gain insight from the landscape, we plot Fig. 6
using the same scale and color gradients [18]. Compared to state-oriented losses (L5 and L3), £ has
a largely flat landscape with non-decreasing minima, thus the model struggles to explore a viable
path towards a lower loss value, a similar pattern can also be observed in Fig. 5. In contrast, Lo
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Figure 6: Landscape virtualization of different loss functions.

and L3 have much lower minima and successfully converge to smaller loss values. Furthermore, we
observe from Fig. 6 that £3 has a wider minima than L9, which may indicate a better generalization
capability [40].

Gradient Analysis. Based on the landscape analysis, we adopt L3 as the loss function to train
SuperEncoder. We note that £3 can be written as 1 — (1]1) (¢|)). If p is a pure state, it is equivalent

to [{)) (). Then L3 is given by L3 = 1 — (¥|p[1)).
This re-formalization is important as only the mixed state p could be obtained in noisy environments.

Suppose an n-qubit circuit is parameterized by m parameters 6= [91, ceey ék, ooy Om]. Let W be
the weight matrix of MLP, with k, [ the element indices. We analyze the gradient of L3 w.r.t. W}, ; to
showcase its feasibility in different quantum computing environments.

0Ls ap
Vi Ly = o2 = —(h| oo
k1~3 8Wk,l <¢|8Wk,l |7/}>
Zm Bﬁl,l 80] . Zm aﬁl,N 80]
Jj=1"080; Wy, j=1"08; Wy, D
Zm aﬁ]\]’l 89] . Zm BﬁN,N 69]
j:1 69]' 8Wk,1 j:1 Bej 8Wk,1
The calculation of 8€‘€£J can be easily done on classical devices using backpropagation supported by

automatic differentiation frameworks. Therefore, we only focus on 8”9: . In a simulation environ-

ment, the calculation of / is conducted via noisy quantum circuit simulation, which is essentially a
series of tensor operations on state vectors. Therefore, the calculation of aaﬁTf’kj is compatible with
backpropagation. The situation on real devices becomes more complicated. On real devices, the
mixed state p is reconstructed through quantum tomography [7] based on classical shadow [55, 16].

Here, for notion simplicity, we denote the process of classical shadow as a transformation S, and

~

denote the measurement expectations of the ansatz as U(6). Thus the reconstructed density ma-
0pi,; dU(H)

u oU(6) 86 °

can be efficiently calculated on classical devices using backpropagation, as S operates

trix is given by p = S(U(@)). Then the gradient of j; ; with respect to 0, is 3
0pi,j
aU(0) ~

on expectation values on classical devices. However, U(0) involves state evolution on quantum
devices, where back-propagation is impossible due to the No-Cloning theorem [36]. Fortunately,

Here

it is possible to utilize the parameter shift rule [8, 4, 53] to calculate 839(5). In this way, the
gradients of the circuit function U with respect to 6; are age(:)) = 1 (U(64) — U(0-)), where
Op =[01,....00+5,...,0m],0_=1[01,...,0, — 5,...,0p]. Tosummarize, training SuperEn-

coder with L3 is theoretically feasible on both simulators and real devices.
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4 Numerical Results

4.1 Experiment Setup

Datasets. To train a SuperEncoder for arbitrary quantum states, we need a dataset comprising a wide
range of quantum states with different distributions. To our knowledge, there is no dataset dedicated
for this special purpose. A natural solution is to use readily available datasets from classical machine
learning domains (e.g., ImageNet [9], Places [58], SQuAD [44]) by normalizing them to quantum
states. However, QSP is essential in various application scenarios besides QML. The classical data to
be loaded may not only contain natural images or languages but also contain arbitrary data (e.g., in
HHL algorithm [15]). Therefore, we construct a training dataset adapted from FractalDB-60 [2 1] with
60k samples, a formula-driven dataset originally designed for computer vision without any natural
images. We also construct a separate dataset to test the performance of QSP, which consists of data
sampled from different statistical distributions, including uniform, normal, log-normal, exponential,
and Dirichlet distributions, with 3000 samples per distribution. Hereafter we refer this dataset as the
synthetic dataset.

Platforms. We implement SuperEncoder using PennyLane [34], PyTorch [37] and Qiskit [43].
Simulations are done on a Ubuntu server with 768 GB memory, two 32-core Intel(R) Xeon(R) Silver
4216 CPU with 2.10 GHz, and 2 NVIDIA A-100 GPUs. IBM quantum cloud platform? is adopted to
evaluate the performance on real quantum devices.

Metrics. We evaluate SuperEncoder and compare it to AE and AAE in terms of runtime, scalability,
and fidelity. Runtime refers to how long it takes to prepare a quantum state. Scalability refers to how
the circuit depth grows with the number of qubits. Fidelity evaluates the similarity between prepared
quantum states and target quantum states. Specifically, the fidelity for two mixed states given by

density matrices p and p is defined as F(p, p) = Tr ( \/,Bﬁ\/f))z € [0,1]. A larger F indicates a
better fidelity.

Implementation. We implement SuperEncoder using an MLP consisting of two hidden layers.
The dimensions of input and output layers are respectively set to 2 and m, where n refers to the
number of qubits and m refers to the number of parameters. We adopt L3 as the loss function.
Training data are down-sampled, flattened, and normalized to 2"-dimensional state vectors. We
adopt the hardware efficient ansatz [20] (Fig. 2) as the backbone of quantum circuits and use the
same structure for AAE. Given a target state, a pre-trained SuperEncoder model is invoked to
generate parameters and thus the circuit for QSP. While for AAE, we employ online iterations for
each state. For AE, the arithmetic decomposition method in PennyLane [34, 4] is adopted. We
defer more details about implementation to Appendix A. Our framework is open-source at https:
//anonymous .4open.science/r/SuperEncoder-A733 with detailed instructions to reproduce
our results.

4.2 Evaluation on Synthetic Dataset

For simplicity and without loss of generality, we focus our discussion on the results of 4-qubit QSP
tasks. The outcomes for larger quantum states are detailed in Appendix B.1. The parameters of both
AAE and SuperEncoder are optimized based on ideal quantum circuit simulation.

Runtime. The runtime and fidelity results, evaluated on the synthetic dataset, are presented in Table 3.
We observe that SuperEncoder runs faster than AAE by orders of magnitudes and has a similar
runtime to AE, affirming that SuperEncoder effectively overcomes the main drawback of AAE.

AE AAE SuperEncoder

Fidelity Runtime | Fidelity | Runtime Fidelity | Runtime
Uniform 0.9996 0.9731
Normal 0.9992 0.8201
Log-normal 0.9993 0.9421
Exponential 0.9996 0.9464
Dirichlet 0.9995 0.9737

Average 1.0000 | 0.0162s | 0.9994 | 5.0201s | 0.9310 | 0.0397 s

Table 3: Comparison between AE, AAE and SuperEncoder in terms of runtime and fidelity.

Zhttps://quantum-computing.ibm.com/
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Figure 7: Comparison between AE, AAE, and SuperEncoder in terms of circuit depth and fidelity on
real devices.

Scalability. Although AE runs fast, it exhibits poor scalability since the circuit depth grows exponen-
tially with the number of qubits. The depth of AAE is empirically determined by increasing depth
until the final fidelity does not increase, same depth is adopted for SuperEncoder. We deter the details
of determining the depth of AAE/SuperEncoder to Appendix A. As shown in Fig. 7a, the depth of
AE grows fast and becomes much larger than AAE/SuperEncoder, e.g., the depth of AE for a 8-qubit
state is 984, whereas the depth of AAE/SuperEncoder is only 120.

E B L]

AE AAE | SuperEncoder
97.15% | 98.01% 97.87%

Fidelity. From Table 3, it is evident that SuperEncoder ex-
periences notable fidelity degradation when compared with —
AAE and AE. Specifically, the average fidelity of SuperEn- _
coder is 0.9307, whereas AAE and AE achieve higher av- | EneoderBlock
erage fidelities of 0.9994 and 1.0, respectively. Note that, —
although AE demonstrates the highest fidelity under ideal
simulation, its performance deteriorates significantly in
noisy environments. Fig. 7b presents the performance of
these three QSP methods on quantum states with 4, 6, and Figure 8: Schematic of a QNN (above)
8 qubits on the ibm_osaka machine. While the ﬁdehty and test accuracies of QSP methods on
of AE is higher than AAE/SuperEncoder on the 4-qubit the QML task (below).

and 6-qubit states, its fidelity on the 8-qubit state is only

0.0049, becoming much lower than AAE/SuperEncoder.

This decline is primarily attributed to its large circuit depth as shown in Fig. 7a.

4.3 Application to Downstream Tasks

Quantum Machine Learning. We first apply SuperEncoder to
a QML task. MNIST dataset is adopted for demonstration, we
extract a sub-dataset composed on digits 3 and 6 for evaluation.
The quantum circuit that implements a QNN is depicted in Fig. 8,
which consists of an encoder block and m entangler layers. Here
the encoder block is implemented via QSP circuits, either AE, AAE,
or SuperEncoder, of which the parameters are frozen during the
training of QNN. The test results are shown in Fig. 8, we observe
that SuperEncoder achieves similar performance with AAE and AE.
The reason lies in the fact that classification tasks can be robust to
noises. Consequently, approximate QSP (AAE and SuperEncoder)
with a certain degree of fidelity loss is tolerable.

QPE |H |- QPE.inv

ag :

2
o
@
o

Figure 9: Schematic of HHL. HHL Algorithm. Besides QML, quantum-enhanced linear algebra
algorithms are another important set of applications that heavily rely
on QSP. The most famous algorithm is the HHL algorithm [15]. The

problem can be defined as, given a matrix A € CNV*¥ and a vector b € C¥, find x € C¥ satisfying

Ax = b. A typical implementation of HHL utilizes the circuit depicted in Fig. 9. The outline of

HHL is as follows. (i) Apply a QSP circuit to prepare the quantum state |b). (ii) Apply Quantum

Phase Estimation [10] (QPE) to estimate the eigenvalue of A (iii) Apply conditioned rotation gates

on ancillary qubits based on the eigenvalues (R). (iv) Apply an inverse QPE (QPE_inv) and measure

the ancillary qubits to reconstruct the solution vector x. Note that, HHL does not return the solution x

itself, but rather an approximation of the expectation value of some operator M associated with x, e.g.,
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xMx. Here, we adopt an optimized version of HHL proposed by Vazquez et al. [5 1] for evaluation.
To compare the performance between different QSP methods, we construct linear equations with
fixed matrix A and operator M, while we sample different vectors from our synthetic dataset as b.
Results are concluded in Table 4. Unlike QML, HHL expects precise QSP, thus we take the results
from AE as the ground truth values and compare the relative error between AAE/SuperEncoder and
AE. The relative error of SuperEncoder is 2.4094%, while the error of AAE is only 0.3326%.

4.4 Discussion and Future Work

The results of our evaluation can be concluded in two folds.

(i) SuperEncoder effectively eliminates the iteration over- AE AAE | SuperEncoder
head of AAE, thereby becoming both fast and scalable. by | 07391 [ 0.7404 0.7355
However, it has a notable degradation in fidelity. (ii) The E; g';jgg 8'3123 8'5‘3‘3
impact of fidelity degradation varies across different down- by | 07164 | 07099 0.7223
stream applications. For QML, the fidelity degradation is by | 07092 | 0.7076 0.7155
affordable as long as the prepared states are distinguish- ~ _AY&erT 0.3326% | 2.4094%

able across different classes. However, algorithms like Taple 4: Performance of different QSP
HHL rely on precise QSP to produce the best result. In  ethods in HHL algorithm. ‘Avg err’ de-
these algorithms, SuperEncoder suffers from higher error potes the average relative errors between
ratio than AAE. AAE/SuperEncoder and AE.

Note that, the current evaluation results may not reflect the

actual performance of SuperEncoder on real NISQ devices.

Recent work has shown that AAE achieves significantly better fidelity than AE does [52]. This is due
to the intrinsic noise awareness of AAE, as it could obtain states from noisy devices to guide updating
parameters with better robustness. In essence, the proposed SuperEncoder possesses the same nature
as AAE. Unfortunately, although the noise-robustness of AAE can be evaluated on a small set of test
samples, it is difficult to perform noise-aware training for SuperEncoder as it requires a large dataset
for pre-training. Consequently, SuperEncoder relies on huge amounts of interactions with noisy
devices, thereby becoming extremely time-consuming. As a result, the effectiveness of SuperEncoder
in noisy environments remains largely unexplored, which we leave for future exploration. More
discussion about this perspective is in Appendix C.

5 Related Work

Besides QSP, there are other methods for loading classical data into quantum states. These methods
can be roughly regarded as quantum feature embedding primarily used in QML, which maps classical
data to a completely different distribution encoded in quantum states. A widely used embedding
method is known as angle embedding. Li et al. have proven that this method has a concentration issue,
which means that the encoded states may become indistinguishable as the circuit depth increases [26].
Lei et al. proposed an automatic design framework for efficient quantum feature embedding, resolving
the issue of concentration [24]. The central idea of this framework is to search for the most efficient
circuit architecture for a given classical input, which is also known as Quantum Architecture Search
(QAS) [38, 30, 54]. While the application scenario of quantum feature embedding is largely limited
to QML, QSP has broader usage in general quantum applications, distinguishing SuperEncoder from
all aforementioned work.

6 Conclusion

In this work, we propose SuperEncoder, a neural network-based QSP framework. Instead of iteratively
tuning the circuit parameters to approximate each quantum state, as is done in AAE, we adopt a
different approach by directly learning the relationship between target quantum states and the required
circuit parameters. SuperEncoder combines the scalable circuit architecture of AAE with the fast
runtime of AE, as verified by a comprehensive evaluation on both synthetic dataset and downstream
applications.
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The structure of our Appendix is as follows. Appendix A provides more details of implementing
SuperEncoder. Appendix B provides additional numerical results to illustrate the impact of state
sizes, model architectures, and training datasets. Appendix C analyzes the estimated runtime of
training SuperEncoder on real devices.

A Implementation Details

In this section, we elaborate the missing details of SuperEncoder in the main text.

The overarching workflow of SuperEncoder is illustrated in Fig. 10. The target quantum states are
input to the MLP model. Then, the MLP model generates predicted parameters based on the target
states. Afterwards, the parameters are applied to the PQC to obtain the prepared quantum states.
Finally, we calculate the loss based on the prepared states and target states and optimize the weights

of MLP through backpropagation.

Prepared State

Figure 10: Detailed workflow of SuperEncoder.

The settings of MLP and PQC are as follows.

MLP. As listed in Table 5, we implement a two-layer MLP. Each layer consists of 512 neurons. We
employ Tanh as the activation functions since @ represents the angles of rotation gates, ranging from
—mtom.

Linear Input (batch_size, 2™)
Output (batch_size, 512)
Input batch_size, 512
Tanh Output Ebatch_size, 512;
Linear Input (batch_size, 512)
Output (batch_size, dim(80))
Tanh Input (batch_size, dim(0))
Output (batch_size, dim(0))
Table 5: MLP based SuperEncoder. n refers to the number of qubits. € denotes the parameter vector.

PQC. The circuit structure is the same with the one depicted in Fig. 2, except that the number of
blocks is determined dynamically through empirical examinations. Specifically, we utilize AAE to
approximate a target state while increasing the number of blocks. The number of blocks is designated
when the resulting state fidelity no longer increases. For example, Fig. 11 demonstrates how fidelity
changes while increasing the number of blocks. As one can observe, the fidelity converges when the
number of layers is larger than 8. Hence, the number of layers is set to be 8 for 4-qubit quantum
states. We follow the same procedure to set the number of blocks for other state sizes. Each block
has the same structure, consisting of a rotation layer and an entangler layer. Given an n-qubit system,
a rotation layer comprises n I2, gates, each operating on a distinct qubit. The entangler layer is
composed of two CNOT layers. The first CNOT layer applies CNOT gates to {(g0, q1), (42, ¢3), - - - }
and the second CNOT layer applies CNOT gates to {(¢1,¢2), (¢3,¢4), - - - }. Hence, the depth of
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a block is 3. Let [ be the number of blocks; then the dimension of the parameter vector is given
by dim(€) = n x I, and the depth of AAE/SuperEncoder is 3 x I. We conclude the settings of
AAE/SuperEncoder used throughout this study in Table 6.

1.0

Fidelity
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D 0]

=
'S

o

1 23 45 6 7 8 91011121314 151617 18 19 20
Number of Blocks

Figure 11: Fidelity vs. # blocks for 4-qubit states using AAE.

Number of Qubits 4 6 8
Number of Blocks 8 20 40
Depth 24 60 120

Table 6: Number of blocks and corresponding depth of AAE/SuperEncoder.

The hyperparameters for training SuperEncoder and optimizing AAE are as follows.

Training Hyperparameters for SuperEncoder. Throughout our experiments, the number of epochs
are consistently set to be 10. For 4-qubit states, we set bath_size to 32, while we set it 64 for
6-qubit and 8-qubit states. We adopt Adam optimizer [22] with a learning rate of 3e-3 and a weight
decay of le-5.

Hyperparameters for AAE. To optimize the parameters of AAE, we also use the Adam optimizer,
with a learning rate of le-2 and zero weight decay. For all quantum states, we train the AAE for 100
steps.

B More Numerical Results

B.1 Results on Larger Quantum States

In line with the main text, we train the SuperEncoder for 6-qubit and 8-qubit quantum states using
FractalDB-60 as the training dataset. Then we evaluate the performance of SuperEncoder on the
synthetic test datasets. As shown in Table 7, the average fidelity on 6-qubit and 8-qubit states are
0.8655 and 0.7624 respectively. In Appendix B.2, B.3, we discuss potential optimizations to alleviate
this performance degradation.

Dataset n=4 n==~6 n=3~8
Uniform 0.9731 0.9254 0.8648
Normal 0.8201 0.7457 0.6075

Log-normal 0.9421 0.8575 0.7122
Exponential 0.9464 0.8757 0.7613

Dirichlet 09737 | 09232 | 0.8663
Avg 09310 | 0.8655 | 0.7624
[ AVZAAE | 09994 | 09964 | 0.9910

Table 7: Performance evaluation on larger quantum states (6-qubit and 8-qubit). The last separate
row shows the results of AAE for comparison.
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B.2 TImpact of Model Architecture

As a preliminary investigation, the optimal model architecture for SuperEncoder still requires further
exploration. Currently, we have set the size of the hidden units at a constant 512 (Table 5). However,
as the number of qubits, n, increases, a wider network architecture may become necessary. To
showcase the impact of model width, we adjust the size to 4 x 2" for 6-qubit states and 16 x 2" for
8-qubit states, and compare their performance with the original settings, as shown in Table 8. As
evident from the results, this simple adjustment significantly enhances the fidelity of SuperEncoder,
suggesting that there is substantial potential to boost SuperEncoder’s performance by developing a
more tailored network architecture.

n=~06 n=28

Dataset h =512 h=4x2° h =512 h=16x2°
Uniform 0.9254 0.9267 0.8648 0.8821
Normal 0.7457 0.7580 0.6075 0.6401
Log-normal 0.8575 0.8608 0.7122 0.7294
Exponential 0.8757 0.8732 0.7613 0.7781
Dirichlet 0.9232 0.9261 0.8663 0.8805
Avg 0.8655 0.8690 0.7624 0.7820

Table 8: Impact of increasing network width. Here h refers to the size of hidden units.

B.3 Impact of Training Datasets

In addition to refining the model architecture, the development of a specially designed dataset for
pre-training SuperEncoder is essential. Currently, the dataset utilized is FractalDB [21], which is
originally designed for computer vision tasks. However, given the wide range of applications of QSP,
there is a need to accommodate diverse types of classical data from various domains. Therefore, how
to create a comprehensive dataset that could fully unleash the potential of SuperEncoder remains an
open question. While developing a pre-trained model that performs well in all kinds of applications
may be challenging, we advocate for a strategy that combines pre-training with fine-tuning for the
practical deployment of SuperEncoder, similar to the approach used with foundation models in
classical machine learning. To substantiate this approach, we have compiled a separate dataset that
encompasses a variety of statistical distributions not limited to those utilized for evaluation (but with
different settings). As demonstrated in Table 9, after fine-tuning, the performance of SuperEncoder
improves by approximately 0.03.

Dataset Pre-training Pre-training+Finetuning
Uniform 0.9731 0.9909
Normal 0.8201 0.8879
Log-normal 0.9421 0.9717
Exponential 0.9464 0.9729
Dirichlet 0.9737 0.9903
Avg 0.9310 0.9627

Table 9: Fidelity improvements after fine-tuning SuperEncoder using a dataset consisting of different
distributions.

C Runtime Estimation for Training on Real Devices

Although we have theoretically analyzed the feasibility of training SuperEncoder using states from
real devices (Section 3.2), its practical implementation poses significant challenges. Specifically,
state-of-the-art quantum tomography techniques, such as classical shadow [55, 16], require numerous
snapshots, each measuring a distinct observable.

To train SuperEncoder, each sample in the training dataset necessitates one classical shadow to obtain
the prepared state. For instance, with the FractalDB-60 dataset, one training epoch requires 60,000
classical shadows. Our experiments on the IBM cloud platform reveal an average runtime of 3.02
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seconds per circuit job excluding queuing time. Suppose the number of snapshots is 1000, then the
total runtime to train SuperEncoder for 10 epochs is about 1,812,000,000 seconds?, roughly 57 years,
making the process prohibitively expensive and time-consuming.

However, quantum tomography is under active investigation, and we expect more efficient techniques
to emerge for acquiring noisy quantum states from real devices. Additionally, with the advancement
of quantum computing system, future systems may have tightly integrated quantum-classical hetero-
geneous architectures (shorter runtime per job) while being capable of executing numerous quantum
circuits in parallel (jobs within a classical shadow can execute in parallel). Hence, we anticipate the
training of SuperEncoder to be feasible in the future.

310 x 1000 x 60000 x 3.02
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: This work aims at training-free approximate quantum state preparation. As
claimed in the abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: SuperEncoder sacrifices fidelity, as discussed in Section 4.4.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: All these necessary contents for theoretical results are included in Section 3.2.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Our code is open-source with instructions to reproduce our results, as described
in Section 4.1. We also describe the details of experiment settings in Appendix A.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: See Section 4.1.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We illustrate the experimental settings in Section 4.1, and provides additional
details in Appendix A.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Throughout our experiments, we set the random seed to be fixed for all libraries
we used.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We describe the computer resources used in this paper in Section 4.1.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We have read the code of ethics and followed its requirements.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: This work has no societal impact.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: This paper poses no such risks as our released model and datasets are only
able to be used for quantum state preparation.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use an open-source dataset FractalDB, we cite the original paper and
indicates the version we use in Section 4.1.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We submit our assets in zip file and also put them on the anonymous github
repository, we have included a README file with detailed descriptions.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

¢ At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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